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Abstract 

Due to the increasing presence of internet-based applications in our private and professional environments, 
internet addiction (IA) has emerged as a universal issue today’s society. Clinical diagnosis of IA is still in its 
beginnings, resulting in delays or failures in psychological interventions. Predictive healthcare analytics can 
increase the speed and robustness of diagnosis, resulting in faster preventive interventions. By unfolding 
the conventional frequency bandwidths into a fine-graded equidistant 88-point spectrum, we present a 
method for detecting premature IA. We identified the most predictive frequency sub-bands that differenti-
ate healthy persons from people suffering from preliminary stages of IA (10.5-11 Hz, 21.5-22 Hz, 22.5-23 
Hz). With a balanced accuracy of 94.17%, our results set a new benchmark in detecting IA using resting-
state electroencephalography recordings. We provide evidence that IA can lead to structural changes in the 
brain and thus indicates the need for it to be considered alongside other generally recognized disorders. 
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Introduction 

Based on the world population level in 2014, around 420 million people have been affected by internet 
addiction (IA), resulting in a global average prevalence rate for IA of 6.0%. Due to the presence of the 
disease, studies assume that the number of people affected is significantly higher today, and IA has emerged 
as a universal issue (Cheng and Li 2014). Through globally ongoing and future trends in the field of digital 
infrastructure, internet-based applications are gaining more and more attention and finding their way into 
our private and professional environments. Between 1996 and 2017, a total of 1,572 papers broached the 
issue of internet addiction, with dramatically rising numbers each year (Montag et al. 2017). The frequency 
and amount of current internet use among people have made IA a severe problem in recent years around 
the world. Consequences such as academic failure, reduced work performance, marital discord, and 
separation indicate that excessive use of the internet has a lasting effect on the processes of our brain (Young 
1998). Due to pending research and, therefore, unclear etiology, high costs for treatment require a 
preliminary diagnostic (Beard 2005; Cheng and Li 2014; Young 1998). Furthermore, a justified research 
opportunity regarding clinical intelligence is to use predictive healthcare analytics to reduce failures and 
delays in preventive interventions. Our work makes a significant contribution to Information Systems (IS) 
research in healthcare and can transform the delivery of healthcare and therefore improve patient care 
(Kohli and Tan 2016; Romanow et al. 2012). Between 2009 and 2017, a total of 87 magnetic resonance 
imaging (MRI) studies that investigated the relationship between IA and the effects on the human brain 

Preprint of Gross, J.; Baumgartl, H.; Buettner, R.: A Novel Machine Learning Approach for High-Performance Diagnosis of Premature Internet Addiction Using  
the Unfolded EEG Spectra. In AMCIS 2020 Proceeding In AMCIS 2020 Proceedings: 25th Americas Conference on Information Systems, August 12-16, 2020, in Press. 

Copyright by AIS



 High-Performance Diagnosis of Premature Internet Addiction 
  

 Americas Conference on Information Systems 2 

have already shown that excessive use of the internet leads to structural changes in the brain that have 
similarities to disorders such as the internet gaming disorder (IGD) (Montag et al. 2017).  

The issue with MRI is that the technique is very costly, more complex to perform than, e.g., self-assessments 
and, therefore, not suitable for large-scale applications. At this juncture, using self-reported personality 
measures represents the only approach to identify IA (Di et al. 2019). However, to make a valid and 
objective statement about IA, a method is required that provides functionality based on objective 
parameters. A well-known and widely used method for measuring an individual's brain activity is 
electroencephalography (EEG). By performing aperiodic time series data, the technique identifies the 
electrical activities of the human brain, which can then be used to analyze the effects of a disease on the 
human brain (Mueller-Putz et al. 2015). In this study, we investigated the following research question: Can 
a machine learning (ML)-based IA diagnosis algorithm accurately differentiate internet addicts from 
healthy persons by automatically analyzing resting-state EEG recordings? As a result of this investigation, 
our ML approach made it possible to distinguish between the two intervention groups with an accuracy of 
94.17%. Our most important contributions are: 

1. We built a highly effective IA diagnosis algorithm by achieving an excellent balanced accuracy 
of 94.17% – using resting-state EEG recordings – that sets a new benchmark. 

2. By identifying the three most predictive resting-state EEG sub-bands that differentiate healthy 
people from people who suffer from a preliminary stage of IA, we extended the work by Choi et 
al. (2013) and established connections to generally accepted disorders that can further support 
the investigation of excessive internet use. 

3. Our ML model is accurate, fast, robust, and allows a cost-efficient diagnosis of IA, which 
contributes to IS research in healthcare (Kohli and Tan 2016; Romanow et al. 2012). 

Research Background 

Concept of Internet Addiction 

IA, also known as pathological internet use, is defined as an excessive urge related to internet use and 
demand that leads to physical or mental suffering. Various anecdotal reports have shown that online users 
are addicted to the internet in the same way others are addicted to drugs or alcohol (Young 1998). Besides, 
studies highlight that IA shares indicators and characteristics of various disorders, e.g., depression, social 
isolation, attention deficit hyperactivity disorder (ADHD), and addiction disorders in general, such as 
pathological gambling. According to state-of-the-art research, diagnosing and curing IA is difficult due to 
the time lag between the occurrence and diagnosis of the disease and its as yet unknown etiology (Beard 
2005; Young 1998). While related addictions such as the IGD are already gaining attention in terms of 
official listings (Diagnostic and Statistical Manual of Mental Disorders 5) and intensified research, IA has 
so far not been considered as a fully accepted disorder (American Psychiatric Association 2013; Buettner et 
al. 2020). So far, the diagnosis of IA is bound to subjective self-assessment, such as the Internet Addiction 
Test (IAT) by Kimberly S. Young (Beard 2005; Young 1998). The test aims to define the degree of 
preoccupation, compulsive use, behavioral problems, emotional changes, and effects on an individual's 
behavior, personality, or general functions – where a higher score defines a more significant problem of 
internet use (Shaw and Black 2012). 

Related Work 

The possibilities for assessing IA are still minimal and restricted to subjective identification methods (Beard 
2005). Concerning the current state of research, we identified the three most relevant studies regarding the 
concept of IA, which represent the most characteristic and recent approaches. By analyzing the considered 
studies, we revealed that they all have either focused on the identification of IA characteristics or aimed to 
prematurely diagnose IA based on just self-reported personality measures (Choi et al. 2013; Di et al. 2019; 
Rahmani et al. 2019). Choi et al. (2013) examined resting-state EEG recordings and identified a reduced 
spectral power density in the gamma and beta bands for IA patients. Furthermore, Rahmani et al. (2019) 
used the Diffusion-MRI methodology on the same dataset (LEMON) as we used for our study and 
established a direct relation between higher IAT scores and reduced connectivity in the white matter fiber 
corpus callosum for people suffering from IA. Both of these studies show that IA can lead to structural 
changes in the human brain. However, the studies of Choi et al. (2013) and Rahmani et al. (2019) are limited 
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to the analysis of IA characteristics and cannot be used intuitively to predict IA. When considering studies 
that focused on predicting IA, Di et al. (2019) represent one of the most relevant papers by achieving a high 
level of accuracy in terms of predicting IA based upon self-reported personality measures using support 
vector machines. Their outcome shows that IA can be related to other personality measures. Besides, we 
determined that the use of EEG spectra has already shown great success to classify various diseases, 
addictions, and traits (Buettner et al. 2019; Rieg et al. 2019; Shoeb and Guttag 2010). However, so far, no 
ML model allows an objective and reliable prediction of IA by using the spectra of EEG recordings. With 
our novel ML approach, we are the first to propose a fast, accurate, and cost-efficient way to predict IA at a 
preliminary stage by using resting-state EEG recordings.  

Methodology 

The methodology employed here follows the Design Science Research Approach by Hevner et al. (2004). 
The main contribution of our work is an algorithm based on a fine-graded 88-point EEG spectrum 
(Buettner et al. 2019a). 

Novel Machine Learning Approach 

To achieve the best possible prediction performance for IA, we have built our IA diagnosis algorithm based 
on a novel ML approach, which has already been applied with great success to other diseases, such as 
epilepsy (Buettner at al. 2019a). The new ML approach is based on the unfolded EEG spectra using a specific 
combination of the Fast Fourier Transform (FFT) and a Random Forest (RF) ML model. Both methods 
(FFT and RF) are described as part of the Data Preprocessing. The novel ML approach is based on the 
hypothesis that the division of a frequency range from 0.5-50 Hz into a fine-graded equidistant 99-point 
spectrum provides a higher level of information content and quality (Buettner et al. 2019a). For our model, 
we adapted the novel ML approach to a range of 1-45 Hz and used a 2-model procedure to identify the most 
predictive features for the diagnosis of IA. Figure 1 provides an overview of our methodology. We used the 
first model (M1) to identify the characteristic frequency range for IA and used these findings to develop the 
second Model (M2), using a methodologically improved RF classifier. 

 
Figure 1. Methodology based on the 2-model (M1/M2) Novel Machine Learning Approach 

Dataset, Acquisition and Evaluation Premises 

We used the LEMON dataset and a function connectome phenotyping dataset containing a wide range of 
self-reported personality measures from the Max Planck Institute Leipzig Mind-Brain-Body database 
(MPILMBB) to investigate the relation for mind-body-emotion interactions. Both datasets are part of the 
MPILMBB database, which consists of data from a partially overlapping cohort of participants. (Babayan 
et al. 2019; Mendes at al. 2019). The LEMON dataset includes participants that have been acquired cross-
sectional in Leipzig, Germany, between 2013 and 2015. In addition to the EEG recordings - which we use 
for our study - the LEMON dataset also provides MRI data and other cardiovascular measures (blood 
pressure, heart rate, pulse, respiration). Due to the exclusion of data, the valid resting-state EEG (rs-EEG) 
data of 203 participants have been provided. The entire EEG session per participant of 16-min consists of 
separate blocks, each lasting 60s: 8 blocks with eyes-closed (EC) and 8 blocks with eyes-opened (EO) 
(Babayan et al. 2019). The data were recorded with a sampling rate of 2,500 Hz – which we downsampled 
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to 250 Hz for further processing – using a 62-channel (61 scalp electrodes plus 1 VEOG electrode – all 
referenced to FCz) EEG according to the international standard 10-10 extended localization system 
(Babayan et al. 2019). The functional connectome phenotyping dataset of the MPILMBB database includes 
a wide range of cognitive state and self-reported personality measures that have been acquired using a set 
of questionnaires, including the IAT. The MPILMBB database provides a total of 214 valid IAT results based 
on an adapted version of the original English test translated into German. Based on a Cronbach's Alpha 
coefficient (α) of 0.91, the adapted version of the questionnaire shows a high level of reliability. Since the 
adapted version does manifest a different scale compared to the original questionnaire, item three of the 
test (i.e., "Do you prefer the excitement of the Internet to intimacy with your partner?") was excluded and 
did not contribute to the scoring of the IAT scale. It resulted in a total of 19 items for the IAT that the 
participants could score on a six-point Likert scale (Mendes at al. 2019). 

By comparing the 203 available EEG recordings with the 214 IAT results, we identified an intersecting 
group of 107 subjects who performed an EEG and submitted a valid IAT. We evaluated the IAT results based 
on an adjusted IAT scaling due to the exclusion of item 3. The IAT has been defined as valid if it showed a 
total score of at least 19 points. Because of the imbalance of the dataset and possible miss-classifications 
due to the inaccuracy of self-assessments, we used the 24 subjects with the highest (37-59 points) and the 
25 with the lowest score (19-23 points). Through this approach, we ensured that the differences in the brain 
activities between the subjects were as high as possible based on the IAT score. In this paper, we divided 
the probands into the two following groups: non-internet-addicted (label 0) and internet-addicted (label 1). 
According to the adapted IAT scale, the internet-addicted subjects (1) represent a group of people who suffer 
from a preliminary stage of IA. This group is labeled and considered to be internet-addicted in this paper. 
The final dataset that we used for this paper, therefore, consists of a total of 49 subjects (25 average online 
users that we labeled as '0' and 24 online users with frequent problems with label '1'). Based on the 75%:25% 
split of our RF classifier, we used 37 subjects for the training split and the remaining 12 probands for the 
final classification (test split).  

Data Preprocessing and Machine Learning Model 

Based on the dataset, we split the EEG recordings into two parts (EC/EO) to eliminate the potential effects 
of visual activity. Due to consistently better results in predicting IA, we used EEG data with status EC for 
the final evaluation, which this paper refers to as general EEG data for further processing. Furthermore, we 
removed 10s of recorded data at the beginning and end of each recording to eliminate potential interference 
caused by the EEG cap handling. Based on the findings of the first model, we fixed the IA relevant frequency 
range to 1 Hz-45 Hz. We implemented a bandpass filter using the digital finite-impulse-response filtering, 
keeping a low frequency of 1 Hz (high-pass) and a high frequency of 45 Hz (low-pass) (Mueller-Putz et al. 
2015). To remove potential artifacts (i.e., eye blinks and movements, muscle activities, or electrode noises) 
from the EEG data, we used the independent component analysis by implementing the Information-
Maximization approach to transform the EEG signals into statistically independent components (Bell and 
Sejnowski 1995). By using the FASTER artifact rejection method for EEG, we identified and removed a total 
of 23 bad channels from the EEG recordings (Nolan et al. 2010). Through visual inspection of the 
topographic representations and time courses of the independent components, we removed harmful 
components (artifacts) from the EEG recordings. Afterward, we implemented Welch's FFT approach to 
perform a spectral analysis of the EEG signals. The FFT calculates the power spectrum, which allows an 
interpretation of the EEG signals (Welch 1967). To receive the highest information content, we set the 
bandwidth to 0.5 Hz, which resulted in the desired fine-graded 88-point spectrum (Buettner et al. 2019a). 
We then evaluated the power spectra data by training our RF classification model. RF is a ML classifier that 
operates by constructing a variety of independent decision trees and allows efficient analysis of large data 
sets (Breiman 2001). To train the ML model, we used 75% of the subjects as part of the training split, while 
the RF model performed a prediction (classification) based on the remaining 25% of the subjects. By 
removing specific variables (frequency sub-bands) that harm the model’s performance, based on the RF 
variable importance, we improved the information content and accuracy of the model. 

Validation Procedure 

To increase the reliability of the model, we performed k-fold cross-validation (k-cv) together with a hold-
out validation. That way, we ensured that the dataset was split randomly in every iteration to get different 
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classifiers and outcomes. As a result, our classification model provides a robust result based on different 
seed values. The k-cv divides the dataset into k folds and learns a classifier with (k-1) folds. Then an error 
value is calculated by testing the classifier with the remaining fold. As a result, the confusion matrix of the 
model shows which subjects the classifier either classified as true or false (Kim 2009). In this paper, we 
have used 10-fold cross-validation with 10 hold-out validation cycles. Through the combination of cross- 
and hold-out validation, we ensured the robustness of the model to provide a valid statement about the 
classifier performance. 

Results 

Overall Performance of the Classifier 

Our final RF classifier, trained with the three most predictive EEG sub-bands (10.5-11 Hz, 21.5-22 Hz, and 
22.5-23 Hz), achieves a reliable, balanced accuracy of 94.17%. To optimize the classifier performance, we 
set the number of trees for the RF to grow to 1,000 (ntree), which achieves the best possible result. Table 1 
shows all other statistical performance indicators that the IA diagnosis algorithm achieves based on unseen 
testing data (12 probands). The results represent the average values over all 10 k-cv hold-out validation 
cycles.  

Performance Indicator Mean STD 

Balanced Accuracy 94.17% 6.86% 

Sensitivity (true positive rate) 95.00% 11.25% 

Specificity (true negative rate) 95.00% 11.25% 

Positive Predictive Value 94.05% 7.71% 

Negative Predictive Value 95.83% 9.00% 

Kappa 88.33% 13.72% 

Table 1. Performance Indicators: Mean values of all cycles based on unseen testing Data 

The final model does assign an average of 46.7% healthy EEG recordings correctly out of the 6 subjects that 
we referenced as non-internet-addicted, which results in a specificity of 95.00% (true negative rate). Based 
on the positive group, the model correctly classifies, on average, 47.5% recordings out of the 6 references as 
internet-addicted and achieves a sensitivity of 95.00% (true positive rate). The confusion matrix shown in 
Table 2 summarizes the results of the model predictions based on the unseen testing data. We highlight 
that the probands that we labeled as internet-addicted in this paper represent a group that only suffers from 
a premature stage of IA, according to the IAT. Nonetheless, the classifier detects structural differences and 
assigns the two intervention groups with excellent accuracy. 

  Reference Values 

  non-internet-addicted internet-addicted 

Predicted Values 
non-internet-addicted 46.7% 2.5% 

internet-addicted 3.3% 47.5% 

Table 2. Confusion Matrix: Mean values of all model cycles based on unseen testing Data 

Identified Feature Subset 

With our novel ML approach, we unfolded the outdated EEG standard bandwidths (Delta 1-4 Hz, Theta 4-
8 Hz, Alpha 8-13 Hz, Beta 13-25 Hz, and Gamma 25-200 Hz) into a fine-graded equidistant 88-point 
spectrum (Mueller-Putz et al. 2015). Through our 2-model approach, we identified the ten most relevant 
electrodes (C6, CPz, F1, F3, F6, FC3, O2, PO4, PO7, PO8), which we averaged over each frequency sub-
band. Based on this processing, we achieved our subset of 88 features for the final classification model (88 
frequency sub-bands with each 0.5 Hz, within the frequency range from 1-45 Hz).  
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Using the variable importance of the RF classification model, we identified the most predictive frequency 
bands in the mid-alpha and high-beta range: 10.5-11Hz, 21.5-22 Hz, and 22.5-23 Hz.  

The final classifier, which we then trained with the three features, achieves a balanced accuracy of 94.17%. 
To compare the significance of all model variables, we set the value of the most predictive frequency sub-
band (21.5-22 Hz) to 100 as a reference feature, which we then used to relatively upscale the variable 
importance for the remaining features. Based on this approach, the sub-band from 22.5-23 Hz has a value 
of 62.73, and the band from 10.5-11 Hz an importance value of 45.18. These three features provide the best 
possible classifier performance. 

Discussion 

Our IA diagnosis algorithm achieves, as shown in Tables 1 & 2, an excellent classification performance. To 
analyze the differences in the three selected frequency sub-bands between the internet addicts (subjects 
that suffer from a preliminary stage of IA) and the healthy subjects (subjects that did not exceed the limit 
for preliminary IA), we performed a one-sided t-test. Based on the alternative hypothesis, that probands 
with IA show a reduced spectral power in the considered frequencies compared to the healthy subjects, we 
used Cohen’s d and the p-value to interpret the effect size and the statistical significance (Choi et al. 2013; 
Sullivan and Feinn 2012). Table 3 provides an overview of the significant and not significant (n.s.) indicators 
between the two intervention groups.  

Characteristic 10.5-11 Hz 21.5-22 Hz 22.5-23 Hz 

Mean healthy 41.736 11.904 10.666 

Mean internet-addicted 37.599 8.879 7.821 

SD healthy 34.334 4.078 3.115 

SD internet-addicted 14.982 3.558 3.133 

Cohen’s d n.s. 0.791 0.911 

P-value n.s. <0.01 <0.01 

Table 3. Spectral power and statistical characteristics of the 3 frequency sub-bands, 
Healthy vs. Internet-Addicted 

Based on the differences in the mean values between the two intervention groups, the internet addicts show 
a reduced spectral power in all of the three considered frequency sub-bands. By comparing the significance 
indicators between internet addicts vs. healthy subjects for the two most relevant features 21.5-22 Hz 
(mean: 8.879 vs. 11.904, Cohen’s d: 0.791, p < 0.01) and 22.5-23Hz (mean: 7.821 vs. 10.666, Cohen’s d: 
0.911, p < 0.01), we identified a reduced spectral power in the high-beta sub-bands that is characterized by 
a large effect size and high significance.  

Although the alpha band 10.5-11 Hz shows a reduced significance and effect size, our IA diagnosis algorithm 
achieves the best possible accuracy with all of the three features included. This finding implies that our 
novel ML approach successfully determines and implements a non-linear relation between internet addicts 
and healthy subjects. As part of this approach, we averaged the most relevant electrodes over each frequency 
band, which results in the best classifier performance. Therefore, concerning the preliminary diagnosis of 
IA using EEG data, the effects on the fine-graded EEG spectrum, in particular, are of high relevance 
(Buettner at al. 2019a). Our results correspond to and extend the findings of Choi et al. (2013) that internet 
addicts show a reduced absolute spectral power in the (high) beta bands. These characteristics of the 
spectral power are related to a high degree of impulsivity and inattention, that patients with ADHD exhibit 
in particular. This finding supports the statement that IA shares several indicators from various diseases 
and disorders (Synder and Hall 2006). Reduced spectral power of the frequency sub-bands in the mid-
alpha and high-beta range appears to be an indicator for a preliminary stage of IA but also for other diseases. 
Based on the statement that IA can be related to various other disorders, we examined the relationship 
between IA and other diseases to develop further indicators and characteristics. Tsai et al. (2009) examined 
the risk factors of excessive internet use and concluded that IA could be related to various neurotic 
personality characteristics and systemic diseases, such as epilepsy. (Chuang 2006; Tsai et al. 2009).  
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Conclusion 

With our model, we built a highly effective IA diagnosis algorithm, which achieves an excellent classification 
performance based on a fine-graded equidistant 88-point spectrum. Our work is the first to propose a 
method that can accurately differentiate internet addicts from healthy persons by using (resting-state) EEG 
data. The novel ML approach we implemented to develop our model can establish a connection between 
subjective self-assessments (IAT) and objective measurements of brain activity (EEG) with an overall 
accuracy of 94.17%. Our algorithm is accurate, fast, and cost-efficient compared to other testing methods 
(e.g., MRI), substantially contributing to IS research in healthcare (Kohli and Tan 2016; Romanow et al. 
2012). We showed that IA, as a substance-independent addiction, can also have significant effects on the 
human brain. We revealed that IA, even at a preliminary stage, can already have severe impacts on an 
individual's health. Although the DSM-V has not yet listed IA as a disorder, we revealed that IA, even at a 
preliminary stage, can already have measurable impacts on an individual's brain. Besides that, our analysis 
has shown that IA shares several indicators of various diseases. Reduced spectral power in the mid-alpha 
and high-beta bands can be associated with recognized disorders such as ADHD or epilepsy. The knowledge 
related to the interfaces between IA and generally recognized disorders can advance the implementation of 
various research approaches and findings to support the investigation of IA further. 

Limitations and Future Work 

The main limitation of our work is based on external validation and the MPILMBB dataset, which we used 
to develop our IA diagnosis algorithm. By comparing the EEG data with the present IAT results, we could 
only use a specific part of the intersection due to the presence of the addiction in the available dataset. 
Furthermore, the dataset only provides the resting-state activities of the subjects. Especially considering 
our findings that IA can be associated with ADHD or epilepsy, the analysis of EEG data, which involves 
cognitive activities during the recording, seems to be useful for the investigation of IA. 

To further advance our IA diagnosis algorithm, in terms of performance and validity, one of the main 
objectives of our future work is to re-evaluate the algorithm using a larger dataset that contains a higher 
number of probands who also suffer from a more significant state of IA. While we successfully evaluated 
our novel ML approach on detecting several diseases (Buettner et al. 2019), other addictions (Rieg et al. 
2019) and traits (Buettner 2017), in future work we will evaluate the robustness of the approach by assessing 
the influence of individual states and mental concepts such as cognitive workload (Buettner 2014, 2015c; 
Buettner et al. 2018b), concentration (Buettner et al. 2018), and mindfulness (Sauer et al. 2015, 2018) in 
multi-agent-settings (Buettner 2006, 2009; Buettner and Kirn 2008; Landes and Buettner 2012). 
Furthermore, we will triangulate psychophysiological and physiological data (i.e., electroencephalographic 
data (Buettner et al. 2019a, 2019b, 2019c, 2020a, 2020b) and spectra (Buettner et al. 2019, 2019a; Rieg et 
al. 2019), electrocardiographic data (Buettner et al. 2018a; Buettner and Schunter 2019), electrodermal 
activity (Eckhardt et al. 2012), eye fixation (Buettner 2013; Eckhardt et al. 2013), eye pupil diameter 
(Buettner 2013a; Buettner et al. 2013, 2015), facial data (Buettner 2018) to increase reliability. In addition, 
we will evaluate technology acceptance (Buettner 2015, 2015a, 2016, 2017a; Buettner et al. 2013a) and trust 
(Meixner and Buettner 2012; Buettner 2020) in multi-agent-simulations (Buettner 2006a, 2007, 2007a, 
2015b; Buettner and Landes 2012; Landes and Buettner 2011; Rodermund et al. 2020). Furthermore, we 
will apply the identified EEG resting-state sub-bands that differentiate healthy from internet-addicted 
people (10.5-11 Hz, 21.5-22 Hz, and 22.5-23 Hz) in an adapted deep learning approach using convolutional 
neural networks (Baumgartl and Buettner 2020; Baumgartl et al. 2020; Buettner and Baumgartl 2019; 
LeCun et al. 2015). With these approaches, we can improve our classifier performance and further 
investigate the concept of IA. 
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