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Abstract 
Purpose: The tendency to overuse the Internet is increasing with the advancement of digital 
technology. On the other hand, due to the availability of pornographic sites and their low protection 
against immature entry, children are more prone to porn addiction. Generally, diagnosing a child's 
addictive behavior, like pornography addiction, is made by a questionnaire, the accuracy of which is 
discussed by the scientific community. Consequently, the development of an automated system with 
electroencephalogram (EEG) signal analysis has been considered recently by researchers. We 
envisioned evaluating either signal dynamics and performing some executive functions on diagnosis 
rates. Methods: Some geometrical indices of EEG phase space were extracted for healthy and addicted 
children under different conditions, including closed eyes, memorizing, executive tasks, and recalling. 
Different machine learning algorithms were applied to evaluate their performances in a porn-
addiction recognition problem. The proposed scheme was assessed using available Mendeley Data of 
14 participants (seven porn-addicted and seven healthy) at ages 13 to 15. Results: The results revealed 
a noticeable increase in the features in most brain areas of porn addicts during recall. It also 
highlighted the role of task dependency, classification parameter settings, and k adjustment for K-
fold cross-validation on porn detection rates. Totally, performing tasks, especially memorizing and 
recalling, compared to resting conditions could better highlight the difference in brain dynamics 
between the healthy and addicted groups. Conclusions: The EEG dynamical features were classified 
with the highest accuracy of 100%, which designated the scheme as a promising computer-aided 
diagnosis tool for porn addiction. 
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Introduction 

The term "addiction" is used to describe the problematic excessive use of a substance such as 
opioids, psychedelics, alcohol, and cocaine [1]. However, this attitude has changed. Behaviors that 
frequently fortify reward, motivation, and the memory circuitry are now considered part of addiction 
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[2-4]. Examples of such behaviors include gaming, shopping, plastic surgery, sex, kleptomania, binge 
eating, uncontrolled gambling, Internet use, and the like [5]. 

With the growth of technology, the use of the Internet in everyday life has become irreplaceable. 
Online banking, shopping, educating, working, and gaming are just a few examples of our daily 
routines. On the other hand, thanks to the development of personal mobile phones, digital 
technologies, and social networks, there is a growing tendency for Internet communication. In the 
meantime, some people report signs of disorganization/dependence on excessive Internet use and 
complain about the consequences in their lifetime [6]. Pathological [7], problematic [8], and addictive 
[9,10] Internet use are terms used by scientists to describe this situation. 

One specific Internet addiction is pornography addiction which may ground online erotic 
compulsiveness. Pornography usage increases with age and gender-dependent, mostly in men, 
beginning stages of development. In children aged 10–11 years, the prevalence rate is about 0.01 [11]. 
In contrast, its rate increases to about 0.08 in girls and 0.4 in boys aged 16–17 years [11]. However, 
the pornography consumption rate in children and adolescents has increased six-fold recently [12]. 

Early-onset pornography addiction in childhood can affect his/her behavior at an older age in 
diverse ways. Impulsiveness, self-control problems, shifting attention, learning disability, sleep 
deficiency, deprived decision-making, forgetting responsibilities, and emotion regulation deficiency 
are some cases in point of porn addiction consequences [13-16]. 

Psychologists or parents generally identify porn addictive children through observations of 
psychological manifestations of addiction [17,18], while the child's personal experience is disregarded. 
Kang et al. [19] showed that EEG signals have the potential to identify pornography addiction among 
children.  

Previously, some studies have been conducted to evaluate the effect of Internet addiction using 
brain signals [20,21]. Their findings emphasized ample Internet usage influences cerebral data coding 
and amalgamation [20]. Additionally, changes in the EEG frequency powers can be counted as 
Internet addiction biomarkers [21]. Neuroscientific literature confirmed that underlying neural 
processes of Internet addiction are comparable to substance addiction [22]. In contrast, the EEG 
experiment specifically focused on pornography is in its infancy.  

Voon et al. [23] evaluated persons with and without compulsive sexual behaviors to study their 
neural associates with sexual cue reactivity. The functional magnetic resonance imaging of 19 
problematic and 19 healthy volunteers was considered while watching sexually explicit/nonsexual 
exciting videos. Sexual clips caused more engagement of limbic circuits of the corticostriatal in 
addicts, which was characterized by the activation of some brain regions like the amygdala, ventral 
striatum, and the dorsal anterior cingulate.  

Prause et al. [24] assessed evoked potentials of hypersexual behavior (excessive viewing of visual 
sexual stimuli) of addictive persons. Explicit sexual images were shown for 122 participants (36 
women and 86 men) who reported or denied addictive visual sexual stimuli use. Simultaneously, the 
evoked response potentials were recorded. The results revealed that modulation of the badly hyper-
sexual behaved group and the desired level for sex with a partner predicted late positive potentials 
amplitude. Those who reported problems regulating visual sexual stimuli use and higher libido had 
lower late positive potentials responses to visual sexual stimuli.  

Kamaruddin et al. [25] assessed the EEG of the frontal region during eye-open and eye-close 
resting states of addicted and non-addicted participants. Analyzing EEG frequency bands revealed 
lower-alpha wave activity in the frontal brain region of addicted compared to non-addicted 
participants. Kamaruddin et al. [26] extracted in 2019 the Mel Frequency Cepstral Coefficient 
(MFCC) of EEG bands and fed the indices to some classifiers, including Random Forest (RF), Naive 
Bayesian (NB), and Multi-Layer Perceptron (MLP). The experimental results revealed that the MLP 
classifier outperformed the other classifiers, resulting in a maximum accuracy of 89%. 

 Xiaoxi et al. [27] studied the frontal EEG, including F3, F4, F7, F8, Fp1, Fp2, and Fz electrodes 
of 7 porn addicts and 7 healthy participants in the age range of 13 to 15 years. Utilizing wavelet 
analysis and support vector machine (SVM), a maximum accuracy of 81.71% was reported for porn 
addiction recognition. 

The shortcomings of previous literature in assessing brain dynamics in porn-addicted people 
prompted us to address this issue. The current study evaluated EEG signals of teenagers with and 
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without porn addiction using phase space-based measures during the performance of different tasks. 
Several classifiers were applied to appraise the scheme efficiency in a porn-addicted EEG 
classification problem. 

Material and Method 

Figure 1 shows the flowchart of the proposed algorithm. Its components are described in the 
following sub-sections. 

 

Figure 1. The proposed algorithm 

Electroencephalogram Data 

Available “Mendeley Data” [28] was studied in the current experiment, while detailed information 
on the dataset is accessible in Xiaoxi et al. [29]. 

The electroencephalogram (EEG) signals of 14 participants were recorded. Five girls and nine 
boys in the age range of 13 to 15 years participated in the study [29]. A psychologist’s clinical 
evaluation confirmed the seven porn-addicted and the seven healthy young people. To this effect, a 
primary screening tool was used which was available online and free of charge. It is for teenagers 
aged 12 to 18 and is called “Youth Pornography Addiction Screening Tool (YPAST)” [30,31]. 

The signals were collected using a 19-channel Brain Maker EEG machine and digitized at the rate 
of 250 Hz. The EEG electrodes were placed according to the international 10-20 system, including 
P4, O2, P8, T8, C4, Cz, Fz, F4, Fp2, F8, Fp1, F7, F3, C3, T7, P7, P3, O1, and Pz. A 10-minute 
protocol was designed. The participants had the following nine different tasks: 

(1) One-second closed-eyes (EC). 
(2) One-minute open-eyes (EO) 
(3) One-minute happy pictorial stimulation (H) 
(4) One-minute calm inducement (C) 
(5) One-minute sad incentive (S) 
(6) One-minute fearful stimulus (F) 
(7) One-minute 15 words memorizing (M) 
(8) Two-minute executive task (ET) 
(9) One-minute 15 words recalling (R).  
For tasks (3) to (6), colored pictures from the International Affective Picture System (IAPS) [32] 

were shown on the screen to elicit a target emotion in the participants. In task M, watching 
individually 15 words presented on the monitor, the contributor was instructed to remember all 
words. In the ET, a series of pornography pictures, validated by a psychologist, was shown. In the R, 
the participants should spell the 15 words given in the M task, watching a white blank screen. In the 
current study, we used EEG signals for EC, ET, M, and R tasks. 

Phase Space Reconstruction 

The conventional phase space was reconstructed by plotting each EEG sample against the 
subsequent one (Xi, Xi+1), where X stands for an EEG signal length of N, and Xi represents every 

EEG sample (for i  1, 2, …, N-1).  
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Feature Extraction 

To quantify the phase space trajectory, 13 features (F) were used, as described in Table 1. The 
used features are as follows: 
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where (XCi , YCi) is the coordinate of the Heron’s circular center. 
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Table 1. Description of the features 

Feature Description 

F1 Suppose each pair of points of the phase space ((Xi, Xi+1), (Xi+1, Xi+2)) as the diameter of a circle. 
The area of each circle is calculated. Then, the F1 is intended by the summation of all circles area 
[33]. Considering Ci as a circles area, an illustration of F1 calculation is shown in Figure 2(a). 

F2 Suppose three corners of a triangle that formed by every triple subsequent point of the phase space 
((Xi, Xi+1), (Xi+1, Xi+2), (Xi+2, Xi+3)). The area of each triangle is calculated. Next, the F2 is achieves 
by the summation of successive triangles area [34]. Considering Ti as a triangle area, an illustration 
of F2 calculation is presented in Figure 2(b). 

F3 Alike to F2, a triangle is formed. Then, a circle within each triangle is drawn with radius ri, known 
as Heron’s circular area (πri). The summation of Heron’s circular areas is the F3 [35]. Figure 2(c) 
illustrates an example of F3 calculation. 

F4 Similar to the F3, a Heron’s circle is formed. Then, the centroid of each Heron’s circle was 
obtained. Finally, the summation of the distance (Di) between every two centroid circles is 
calculated [34]. Figure 2(d) exemplifies the F4 calculation. 

F5 Consider the centers of three consecutive Heron’s circle. The F5 is defined as the summation of 
the angle (θi) between each three centroid circles [34]. Figure 2(e) typifies the F5 calculation. 

F6 It is defined as the summation of successive vector lengths (Li) of each successive pair of points 
[36]. Figure 2(f) represents the F6 calculation. 

F7 Forming the identity line (i.e. y = x), the width of the phase space from this line is measured. The 
F7 is designated as the summation of the shortest distance (Si) from each point in proportion to 
the 45-degree line [34]. Figure 2(g) symbolizes the F7 calculation. 

F8 Forming the line perpendicular to the identity line (i.e. y = -x), the width of the phase space from 
this line is measured. The F8 is designated as the summation of the shortest distance (V i) from 
each point in proportion to the 135-degree line [34]. Figure 2(h) symbolizes the F8 calculation. 

F9 For F9 calculation, the distance of any point on the coordinate plane to the coordinate center (O i) 
is considered. Then, the summation of these distances is computed, as shown in Figure 2(i) [36]. 

F10 To extract F10, the summation of the angles (αi) between three consecutive points is measured 
using the following equation (Figure 2(j)) [33]. 

F11 Assume two consecutive points on the phase space ((Xi, Xi+1), (Xi+1, Xi+2)) and the coordinate 
center (0, 0) as the corners of a triangle. The F11 is described by the summation of the area of the 
triangles (TOi) obtained by these corners [34]. An example of F11 calculation is demonstrated in 
Figure 2(k). 

F12 Consider the vertex of the coordinate plane (0, 0) and a point on the phase space (Xi, Xi+1) as the 
two corners of a rectangle. Additionally, assume the shortest distance from that point to 45 and 
135-degree lines as the two edges of the identical rectangle. The area of the formed rectangle is 
shown by RAi. The F12 is defined as the summation of the concessive rectangular area (Figure 
2(l)) [34]. 

F13 Consider the identity line and the line perpendicular to it. The standard deviation of the phase 

space shape with respect to the former is known as SD2 ( )2(var2 1 ii XXianceSD ), and the 

standard deviation of the phase space shape with respect to the latter is known as SD1  

( )2(var1 1 ii XXianceSD ). F13 quantifies the scattering of data points on the phase space 

(Figure 2(m)) [37]. 

 

Normalization and Classification 

Consider F is the feature, Fmin and Fmax are the minimum and the maximum values of the feature. 
The extracted features were normalized (NF) in the range of -1 to 1 as shown in Eq. (1): 

1)(2
minmax

min 





FF

FF
NF  

(1) 

After normalization, the feature vector was inputted into the following classifiers. 
1- Naïve Bayes (NB) 
2- Support vector machine (SVM), with a radial basis function (RBF) as a kernel. 
3- Decision Tree (DT) 



Atefeh GOSHVARPOUR and Ateke GOSHVARPOUR 
 

92 Appl Med Inform 44(3) September/2022 
 

4- Adaboost 
5- K nearest neighbor (kNN), with a varying value of the k value in the range of 1 to 20, and the 

Minkowski distance. 
Using a k-fold cross-validation (CV) approach (k = 2 to 10), the performance of the classifiers 

was assessed. The k-fold CV is generally performed in the following steps. (1) Randomly break the 
full data into independent k segments of roughly identical size. (2) Keep one segment for the model 
validation and use the others for the model training. (3) Fit a classification model on the training and 
assess it using the validation, and calculate the model performance. (4) Repeat it k times to obtain k 
performance values for each repetition. (5) Calculate the average of the k performances. 

Accuracy (AC), sensitivity (SE), specificity (SP), and F1-score (F1) criteria were calculated for 
evaluating the classifier performances, as follows: 

100(%) 





NegativeFalsePositiveFalseNegativeTruePositiveTrue

NegativeTruePositiveTrue
AC  (2) 

100(%) 



NegativeFalsePositiveTrue

PositiveTrue
SE  (3) 

100(%) 



PositiveFalseNegativeTrue

NegativeTrue
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2
(%)1 






NegativeFalsePositiveFalsePositiveTrue

PositiveTrue
F  (5) 

All simulations were done in MATLAB R2014a. 

Results 

Figure 3 shows the variations of the extracted features in different EEG channels and different 

states for addicted and non-addicted participants. 

a)   b)   c)  
     

d)   e)   f)  

Figure 2. Illustration of the features extracted from the phase space: (a) F1, (b) F2, (c) F3, (d) F4, (e) F5, (f) 
F6 



Diagnosis of Behavioral-Addicted Children using Electroencephalogram Dynamical Measures 

 

[ 

Appl Med Inform 44(3) September/2022 93 
 

     

g)   h)   i)  
     

j)   k)   l)  
     

  m)    

Figure 2. (continuation) Illustration of the features extracted from the phase space: (g) F7, (h) F8, (i) F9, (j) 

F10, (k) F11, (l) F12, (m) F13. 
 
Figure 3 shows differences between the healthy and addicted groups for all extracted features in 

different brain areas, especially for R, M, and ET tasks. In particular, healthy individuals had lower 
brain activity in most brain areas than addicts for R. In contrast, no difference was observed between 
the features of the two groups for EC. 

 

a)   b)   c)   

Figure 3. Variation of features over the 19-channel EEG for the ‘EC’, ‘ET’, ‘M’, and ‘R’ tasks for addicted 
and non-addicted groups: (a) F1, (b) F2, and (c) F3. 

Table 2 abbreviates the detection rates of EC, ET, M, and R. Precisely, it shows the highest 
classification achievements and the corresponding k for the k-fold CV for each class. 
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d)   e)   f)  
     

g)   h)   i)  
 

j)   k)   l)  
 

  m)    

Figure 3. (continuation) Variation of features over the 19-channel EEG for the ‘EC’, ‘ET’, ‘M’, and ‘R’ tasks 
for addicted and non-addicted groups: (d) F4, (e) F5, (f) F6, (g) F7, (h) F8, (i) F9, (j) F10, (k) F11, (l) F12, and 

(m) F13.  
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Table 2a). The highest classification results of different group and the corresponding k value for CV: a) EC 

Classifier 
k for 
CV 

AC SE SP F1  Classifier 
k for 
CV 

AC SE SP F1 

NB 6 88.57 100 81.82 86.67  10NN 8 97.28 100 100 94.44 

Adaboost 8 96.15 100 100 96  13NN 7 100 100 100 100 

3NN 6 94.29 94.29 96.43 94.29  16NN 8,100 100 100 100 100 

6NN 2 98.11 96.3 100 98.11  19NN 3,5,6,8 100 100 100 100 

9NN 5 97.62 95.45 100 97.67  DT 9 95.65 91.67 100 95.65 

12NN 8 100 100 100 100  2NN 5 92.38 90.74 94.12 92.45 

15NN 4 96.15 100 100 96.3  5NN 7 98.11 96.43 100 98.18 

18NN 2,3,6,10 100 100 100 100  8NN 6 100 100 100 100 

SVM 10 100 100 100 100  11NN 5,10 94.29 100 100 94.74 

1NN 6 91.43 91.84 100 92.04  14NN 5,10 100 100 100 100 

4NN 4 91.43 91.43 100 91.43  17NN 3,9 100 100 100 100 

7NN 9 95.24 95.24 100 95.24  20NN 4,10 100 100 100 100 
Note – CV: Cross-validation, AC: Accuracy, SE: Sensitivity, SP: Specificity, F1: F1-score, NB: Naïve Bayes, SVM: 
Support Vector Machine, kNN: k-nearest neighbor, ≠: All except for. 

Table 2b). The highest classification results of different group and the corresponding k value for CV: b) ET 

Classifier 
k for 
CV 

AC SE SP F1  Classifier 
k for 
CV 

AC SE SP F1 

NB 8 84.62 100 90 83.33  10NN 3 94.29 94.44 94.12 94.44 

Adaboost 10 100 100 100 100  13NN 3 90 100 100 90.32 

3NN 10 91.43 89.19 93.94 91.67  16NN 3 100 100 100 100 

6NN 5 94.34 96 92.86 94.12  19NN 6,10 100 100 100 100 

9NN 10 88.57 92.86 100 89.47  DT 6 94.29 89.47 100 94.44 

12NN 6 96.67 100 100 96.55  2NN 3 85.71 83.64 88 85.98 

15NN 4 100 100 100 100  5NN 8 92.31 86.67 100 92.86 

18NN 6 95.65 91.67 100 95.65  8NN 5 92.86 87.5 100 93.33 

SVM 8 96.15 100 100 96.3  11NN 5 91.43 89.47 100 92.31 

1NN 2 88.57 87.27 90 88.89  14NN 9 100 100 100 100 

4NN 6 85.71 82.14 100 87.5  17NN 2 100 100 100 100 

7NN 8 97.62 100 95.45 97.56  20NN 7 100 100 100 100 
Note – CV: Cross-validation, AC: Accuracy, SE: Sensitivity, SP: Specificity, F1: F1-score, NB: Naïve Bayes, SVM: Support 
Vector Machine, kNN: k-nearest neighbor, ≠: All except for. 

Table 2c). The highest classification results of different group and the corresponding k value for CV: c) M 

Classifier k for CV AC SE SP F1  Classifier 
k for 
CV 

AC SE SP F1 

NB 8 96.15 92.86 100 96.3  10NN All 100 100 100 100 

Adaboost All 100 100 100 100  13NN All 100 100 100 100 

3NN 4-10 100 100 100 100  16NN All 100 100 100 100 

6NN ≠5 100 100 100 100  19NN All 100 100 100 100 

9NN 2,3,5,6,9,10 100 100 100 100  DT 6,8-10 100 100 100 100 

12NN All 100 100 100 100  2NN 2 98.1 98 100 98.15 

15NN All 100 100 100 100  5NN 6-10 100 100 100 100 

18NN All 100 100 100 100  8NN All 100 100 100 100 

SVM All 100 100 100 100  11NN All 100 100 100 100 

1NN 2,3,6 100 100 100 100  14NN All 100 100 100 100 

4NN 2,4 100 100 100 100  17NN All 100 100 100 100 

7NN 2,3,8-10 100 100 100 100  20NN All 100 100 100 100 
Note – CV: Cross-validation, AC: Accuracy, SE: Sensitivity, SP: Specificity, F1: F1-score, NB: Naïve Bayes, SVM: 
Support Vector Machine, kNN: k-nearest neighbor, ≠: All except for. 
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Table 2d). The highest classification results of different group and the corresponding k value for CV: D) R 

Classifier k for CV AC SE SP F1  Classifier k for CV AC SE SP F1 

NB 10 81 100 76.9 77.8  10NN All 100 100 100 100 

Adaboost ≠2 100 100 100 100  13NN All 100 100 100 100 

3NN 4-8,10 100 100 100 100  16NN All 100 100 100 100 

6NN ≠9 100 100 100 100  19NN All 100 100 100 100 

9NN ≠3,7 100 100 100 100  DT 9 100 100 100 100 

12NN ≠2 100 100 100 100  2NN 2 97.1 94.6 100 97.3 

15NN All 100 100 100 100  5NN 6-10 100 100 100 100 

18NN All 100 100 100 100  8NN All 100 100 100 100 

SVM ≠2 100 100 100 100  11NN All 100 100 100 100 

1NN 2-5 100 100 100 100  14NN ≠4 100 100 100 100 

4NN 2,3 100 100 100 100  17NN All 100 100 100 100 

7NN 4,8-10 100 100 100 100  20NN All 100 100 100 100 

Note – CV: Cross-validation, AC: Accuracy, SE: Sensitivity, SP: Specificity, F1: F1-score, NB: Naïve Bayes, SVM: 
Support Vector Machine, kNN: k-nearest neighbor, ≠: All except for. 

 

In brief, the results of Table 2 reveals that kNN resulted in a maximum accuracy of 100%. 
However, the classification rates were highly dependent on the task, classifier parameters/structures, 
and the number of k for CV. The highest porn-addiction recognition rates were achieved for task M, 
and the second-best results were devoted to task R. 

Discussions 

Comparing topographic maps of EEG dynamic measures of healthy and addicted children 
revealed the greatest difference in task-R, which showed an increase in the value of features of most 
brain channels for addicts (Figure 3). The executive function generally designates a complex 
interaction between many cognitive domains to expedite targeted behaviors [38]. Studies have 
engaged the frontal lobes as the main circuits involved; however, integrating a difference between the 
individual facets of executive functions [39,40]. Consequently, in several previous EEG studies 
[16,25-29], only the brain signals of addicts in the frontal region were evaluated and other brain 
channels were neglected. In contrast, the results obtained in this study emphasize the importance of 
evaluating all EEG electrodes. 

Additionally, obvious changes were produced for task-M and task-ET. This suggests that 
performing a task such as memorizing, recalling, and evoking emotions can clearly indicate the 
differences between the brain dynamics of the two groups. Although in previous studies, the brain 
signal of addicts usually has been analyzed in both open and closed eyes conditions in resting state 
[16,25,26], our study emphasizes that the brain manifestations of addicts during the tasks 
performances show more drastic changes than when the task was not performed. 

The performance of NB, SVM, DT, Adaboost, and kNN was evaluated in the discrimination of 
healthy and addicted youngsters. Table 2 shows the following: 

 The disability of Naïve Bayes in perfectly discriminating the groups was revealed for 
different tasks. For the ‘M’ task, the maximum accuracy was 96.15%. However, its porn 
detection rate dropped to about 80% for ‘R’.  

 SVM could detect the groups of all tasks with an accuracy of 100%, except for the ‘ET’ 
task, where the highest recognition rate was 96.15%.  

 Using DT, the classification rates fluctuated between 94.29 and 100%. A maximum 
recognition rate was 100% for ‘M’ and ‘R’ tasks.  

 Adaboost could classify the groups successfully with a rate of 100%, except for the ‘EC’ 
task, where the maximum recognition rate was 96.15%.  
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 Depending on the task, classification parameters, and a value of k for CV, kNN produced 
different results. For 8NN, 12NN-14NN, and 16NN-20NN, the highest performance of 
100% was achieved during ‘EC’. For ‘ET’, porn addiction was diagnosed perfectly (with 
a rate of 100%) using 14NN-17NN, 19NN, and 20NN. A recognition rate of 100% was 
realized for ‘M’ and ‘R’ using 1NN, 3NN-20NN. However, the value of k for the CV that 
resulted in the highest performances was variable.  

 Totally, the best porn addiction detection rates were for the ‘M’ task. The second best 
results were assigned to ‘R’.  

The highest detection rate of porn addicts in the Kamaruddin et al. [25] study was 89%, obtained 
by the MFCC coefficients of EEG frequency bands and MLP. Xiaoxi et al. [27,28,29] also reported 
a maximum accuracy of 81.71% using wavelet analysis and a support vector machine. As a result, the 
proposed algorithm has provided significant results in terms of classification performance. 

The current study suffers from some restrictions, which should be inspected in the subsequent 
studies. First, we examined only a limited number of the signal phase space indices to evaluate the 
EEG dynamics. A range of nonlinear indices has been proposed that can be analyzed in future studies 
to more accurately assess differences in brain dynamics between addicted and healthy individuals. 
Second, the number of participants in the present study was limited, and we evaluated signal dynamics 
for some specific tasks. In future studies, more samples and more executive tasks should be appraised. 
Third, we did not include the effect of gender in our study, while it is an influential factor in porn 
addiction. In future studies, brain analyzes should be performed in a gender-dependent form. Forth, 
the database has not provided any information about if the case and control subjects from the 
database were consecutive or a random sample of patients and if the selection of those subjects 
avoided inappropriate exclusions. All these questions indicate a high risk of bias for patient selection 
that must be reported. Additionally, the test cohort's participants should ideally mirror the intended 
clinical population, including the distribution of the relevant clinical outcomes. The following studies 
should collect and analyze a richer database concerning the number of samples and the studied 
population. 

Conclusions 

Performing tasks compared to rest with eyes closed could better demonstrate the difference in 
brain dynamics between the healthy and addicted groups. The uttermost difference was observed for 
recalling, where feature value was increased for porn addicts in most brain areas. Furthermore, task 
dependency, classification parameter settings, and k adjustment for K-fold CV are important 
detection factors. The EEG dynamical features were classified with the highest accuracy of 100%, 
which nominated our scheme as a promising technique for detecting porn-addicted children. 
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