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Abstract: In this project the EEG – electroencephalogram - channel(s) will be characterized to diagnose PTSD – 

Post-traumatic stress disorder – cases. For this aim, we applied boosting methods including a combination of 

K-mean and Support Vector Machine (SVM) models to find the feature weights to detect the PTSD cases. We 

classified 32 channels of 12 subjects including 6 PTSD and 6 healthy controls using a 6-mean classifier. The 

linear SVM found the weights of distinguished channels within each subject for each cluster. It was found that 

the significant SVM weights of F4, F8, and Pz are smaller in PTSD than in healthy subjects. This new method 

can be used as a tool to better understand the interaction of EEG signals and diagnosis. 
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1. Introduction 

Electroencephalography (EEG) records electrical activity produced in the cerebral cortex of the 

brain and contains information about the brain’s neuronal electrical activities [2]. EEG has been used 

for clinical purposes to predict outcomes such as depression [3]. The extraction of time-series features 

from the EEG signal is an important approach to identify signals that can differentiate healthy 

subjects from patients. However, additional improvements are needed to improve sensitivity and 

specificity [1]. 

Diagnostic interviews are commonly used to assess PTSD and determine if an individual meets 

criterion for a PTSD diagnosis. They can provide detailed info of the individual’s symptoms, with 

their overall functioning, medical and psychiatric history, and the presence of other conditions. 

Advantages of diagnostic interviews include their comprehensive nature, ability to evaluate the 

existence and seriousness of symptoms, and the fact that they are well validated and widely used in 

clinical settings. Disadvantages of diagnostic interviews include their time-consuming nature and the 

potential for bias in the interviewer’s assessment. Interviews provide an opportunity for direct 

assessment of symptoms and diagnosis of PTSD based on specific criteria. Many discussions, like the 

Clinician-Administered PTSD Scale (CAPS), have established clinical validity and reliability. 

Interviews can be adapted to different populations and can be modified based on the specific needs 

of the individual being assessed. But Interviews may be subject to bias, such as interviewer bias, recall 

bias, and social desirability bias. They can be time-consuming and may require a trained interviewer. 

Interviews can be costly, especially if a trained interviewer is required. [4,5]. 

Psychological assessments refer to a range of measures that are used to evaluate an individual’s 

mental health and functioning. This can include self-report questionnaires, behavioral assessments, 

and clinical interviews. Advantages of psychological assessments include their ease of 

administration, cost-effectiveness, and the fact that they can be administered in a variety of settings. 

Disadvantages of psychological assessments include the potential for response bias and limitations 

in the interpretation of results. The advantage of Self-report measures is that many psychological 

assessments for PTSD are self-report measures, which can be completed in a relatively short amount 

of time and may be less expensive than diagnostic interviews. Psychological assessments for PTSD 
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often use standardized measures, which can help to ensure consistent and reliable assessments. Many 

psychological assessments for PTSD have established validity and reliability. But they may only 

provide a limited assessment of other factors, such as physical health, that may also impact PTSD 

symptoms [6,7]. 

Neuroimaging studies refer to the use of various imaging techniques. Disadvantages of 

neuroimaging studies include the need for specialized equipment and the potential for exposure to 

ionizing radiation. Neuroimaging studies can provide a direct assessment of brain activity and may 

help to identify specific brain regions associated with PTSD. Neuroimaging studies provide objective 

measures, which can help to reduce bias in assessments. They may have the potential to identify 

biomarkers for PTSD, which can help to diagnose the condition and guide treatment [8]. 

An important biomedical application of EEG signal is investigating PTSD cases, which is 

indicated by sleep disturbances, and several symptoms related to a traumatic event [9]. Previously, 

we employed a time series Hurst analysis of EEG signals to recognize healthy controls and PTSD 

subjects. We found the Hurst exponent in channel F3 to be smaller in PTSD subjects compared to 

healthy controls [1]. In another study, Kim et al. (2002) applied Non-linear interdependence (NI) 

determined from EEG data with 16 channels of 18 healthy controls and 18 PTSD cases. This study 

showed the growth of nonlinear functional connectivity in cortical networks in PTSD in channels of 

F7, F3, T3, C3, T5, and P3 and decreases in F4, C4, P4, and O2 [10]. 

In addition to standard statistical methods and feature extraction, machine learning methods are 

increasingly popular for prediction and modeling in biomedical research. Many machine learning 

algorithms can extract feature importance that indicates the role of variables in prediction models. In 

addition, some methods can compute indirect feature importance from machine learning models. 

Based on Amin Zandvakili (2019) project, Support Vector Machine (SVM) weights show that after 

treatment, the depressive disorder almost got down to the half [11]. 

The study is organized with three main parts. First, we describe the EEG data that is available 

for the study. Next, the new analytical approach of k-mean clustering and linear SVM is explained. 

Finally, we apply this new approach to an EEG study of PTSD and discuss challenges and potential 

applications. 

2. Data Description 

The data was assembled at the Laureate Institute of Brain Research [12]. The ethical code of the 

World Medical Association (Declaration of Helsinki) for human tests was applied to the implements 

on human subjects. 

The data included 12 male subjects: 6 PTSD (P) cases and 6 Heathy (H) controls, with average 

age 27 ± 5 years. For each subject, there is a dataset with 31 EEG channels x 50,000 time points. The 

31 channel names, 1 to 31 respectively, are Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T7, T8, P7, 

P8, Fz, Cz, Pz, Oz, FC1, FC2, CP1, CP2, FC5, FC6, CP5, CP6, TP9, TP10, POz. The signals of the 

channels were collected with electrodes placed at AFz and FCz and taged at a testing space of 5000 

samples/second and resolution 0.1μV. The study used software BrainVision Analyzer2 

(https://brainvision.com/products/analyzer-2/) to do the processing of EEG signals. For advance 

assessment we employed EEGLAB software (http://sccn.ucsd.edu/eeglab) [14]. 

There was millions of data per channel. The first 50000 data was cut off and the second 50000 

data points taken as a sample. 

The study applied the template deduction method to remove MRI gradient artifact and cardio 

ballistic (BCG) artifact for EEG processing [15]. A sample of 250 samples/second (4ms temporal 

resolution) to 40Hz was selected. We removed the artifacts and subject head movement to use in 

independent component analysis (ICA). The scanning spanned 526s. For signals consistent, the initial 

6s were removed. Each channel has 130,000 timepoints. We selected 50,000 reliable data points after 

the subject’s movement. 
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3. Methods 

The overall approach is first to identify clusters of EEG channels from the time series for each 

subject. In other words, each subject will have a separate set of channel clusters. We then apply SVM 

to each subject, where the inputs are the cluster ids of the 31 channels and the class label is PTSD. We 

find the model and the weight of each channel. This dimensionality reduction maps each channel’s 

time series to an SVM weight and results in a derived data matrix with SVM weights as the predictor 

features. Finally, we use the clinical outcome variable to test the ability of the SVM-based features to 

discriminate between PTSD cases and healthy people. 

3.1. K-Means Clustering 

We use k-means to cluster channel time series into six groups within each subject. We computed 

k-means clusters for k=1-31, and based on the size of clusters, we noticed that 6 is the best For lower 

or higher number of clusters, many groups had only 2 or 3 channels and even there were some groups 

with no element. We used the Euclidean distance to find the clusters. We calculated the distance 

between channels and used k-means clustering to classify the channels. This clustering is repeated to 

determine groups of channels for each subject. 

3.2. Linear SVM Classification 

SVM identifies a hyperplane or decision boundary that separates instances (in this case channels) 

with maximum margin of the support vectors to separate instances into classes (in this case clusters) 

[15]. The hyperplane for 12 subjects is specified by weights, are used to construct a new dataset. 

In n-dimensional space, the vector x⃗  presents a combination of data points. Here, x is the vector 

of 31 channel cluster ids. The values of x can be integers 0 to 5, corresponding to six clusters. A 12 * 

31 matrix for 12 subjects and 31 channels will be obtained. The main task of linear SVM is finding the 

linear model [11]: 

f(x⃗ ) = {
1 if w⃗⃗⃗  x⃗ + b ≥ 1

−1 if w⃗⃗⃗  x⃗ + b ≤ −1
 

that is defined by the best hyper-lane: 

w⃗⃗⃗  x⃗ + b = 0. 

w⃗⃗⃗  and b need to be determined. It is equivalent to the objective of maximizing the margin: 

Margin = 
2

||w⃗⃗⃗ ||
 

So, the main factor that affects the classification is vector w⃗⃗⃗  which is the weight in the linear 

model. Assessment of this vector w⃗⃗⃗  can help to show how the data points are classified and how the 

classification is determined. The weights, w⃗⃗⃗ , indicate the importance of each channel for separating 

the channels into 6 groups for a given subject [3]. 

k-mean SVM boosting method was defined by Dr. Chen and his research group in 2013 [16]. 

Then it was applied to predict the cancer by Dr. Kim in 2016 [17]. 

SVM model is applied to each subject based on the k-means cluster labels of the EEG time series. 

Then, the weights (w⃗⃗⃗ ) can be aggregated across subjects to construct a subject by weight dataset to 

test the most important channels for distinguishing between PTSD and healthy control (Figure 1). 
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Figure 1. Methodology Diagram, Frequency of 31 channels classified using 6-mean method. Then the 

model found by support vector machine (SVM) method. 

3.3. K-Mean SVM Method 

For each subject, we cluster the EEG time series into six sets of channels by k-means. Figure 2 

shows the subjects and sets of channels in different colors. 

 

Figure 2. 6 groups of channels for healthy controls H1 to H6 and PTSD cases P1 to P6 using 6-mean 

clustering method. 

We then apply SVM to each subject to classify the six sets of channels and identify hyperplane 

weights for each one. This results in a dataset (12 subjects x 31 channels) where each subject has an 

SVM weight for each channel. 

Finally, we use this derived dataset to perform hypothesis testing (T-tests) to test channel 

weights that may distinguish between PTSD and controls. 

4. Results and Discussion 

There are 6 healthy controls and 6 PTSD cases. In each subject, the data of 31 channels presented 

as a time-series dataset with a size of 31 x 50,000. After applying k-means (k =6) we applied SVM and 

then get 31 values of weight showing respectively the importance of 31 channels in classifying 6 

clusters of 12 subjects. With the same combination of k-means and SVM, we got the fixed matrix of 

weights (size 12 x 31 for 31 channels in 12 data subjects). To compute the importance of each channel 

for differentiating healthy subjects and PTSD subjects, we compare how different the weight of each 

channel over 12 data subjects by 31 line graphs, matching respectively 31 channels. When we compare 

these 31 line graphs, we define a common pattern in 3 channels, F4, F8 and Pz. It is that more than 

90% of weights in healthy controls are higher than in PTSD cases (Figure 3). This may imply the 

significant difference between 2 groups of subjects, healthy and PTSD, which needs to be checked by 

Hypothesis Testing. 

CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP CHANNEL GROUP

2 0 0 0 1 0 2 0 1 0 0 0 12 0 0 0 2 0 2 0 3 0 0 0

3 0 11 0 2 0 6 0 11 0 15 0 28 0 4 0 3 0 6 0 8 0 1 0

5 0 12 0 4 0 7 0 15 0 20 0 30 1 12 0 5 0 8 0 14 0 4 0

6 0 15 0 5 0 8 0 20 0 30 1 7 2 15 0 8 0 14 0 16 0 5 0

11 0 20 0 11 0 13 0 21 0 6 2 10 2 20 0 11 0 16 0 17 0 15 0

14 0 21 0 21 0 14 0 25 0 8 2 13 2 21 0 17 0 18 0 18 0 20 0

17 0 25 0 24 0 16 0 30 1 13 2 16 2 30 1 22 0 19 0 19 0 21 0

22 0 30 1 26 0 17 0 7 2 14 2 19 2 7 2 23 0 23 0 23 0 22 0

26 0 2 2 30 1 18 0 10 2 17 2 23 2 13 2 24 0 26 0 26 0 25 0

30 1 7 2 7 2 19 0 13 2 18 2 29 2 16 2 30 1 30 1 29 0 28 0

0 2 9 2 29 2 23 0 14 2 22 2 1 3 19 2 1 2 0 2 30 1 30 1

4 2 10 2 0 3 30 1 16 2 26 2 2 3 27 2 4 2 12 2 12 2 11 2

12 2 13 2 12 3 4 2 19 2 7 3 3 3 29 2 12 2 15 2 15 2 12 2

15 2 16 2 15 3 5 2 26 2 27 3 5 3 1 3 15 2 20 2 20 2 24 2

20 2 29 2 20 3 15 2 27 2 29 3 6 3 2 3 18 2 21 2 28 2 2 3

21 2 1 3 3 4 20 2 29 2 1 4 8 3 3 3 21 2 28 2 0 3 16 3

24 2 3 3 6 4 21 2 2 3 9 4 11 3 5 3 25 2 1 3 4 3 19 3

25 2 4 3 8 4 25 2 3 3 10 4 14 3 11 3 28 2 3 3 7 4 27 3

1 3 5 3 10 4 28 2 4 3 16 4 17 3 14 3 27 3 4 3 9 4 7 4

9 3 6 3 13 4 29 3 5 3 19 4 18 3 17 3 0 4 5 3 10 4 9 4

10 3 8 3 14 4 9 4 6 3 23 4 22 3 22 3 6 5 11 3 13 4 10 4

16 3 14 3 16 4 10 4 8 3 2 5 9 4 24 3 7 5 17 3 27 4 13 4

19 3 17 3 17 4 27 4 12 3 3 5 27 4 25 3 9 5 22 3 1 5 29 4

23 3 18 3 18 4 0 5 17 3 4 5 0 5 26 3 10 5 24 3 2 5 3 5

27 3 22 3 19 4 1 5 18 3 5 5 4 5 6 4 13 5 25 3 5 5 6 5

28 4 23 3 22 4 3 5 22 3 11 5 15 5 8 4 14 5 7 4 6 5 8 5

7 5 26 3 23 4 11 5 23 3 12 5 20 5 9 4 16 5 9 4 11 5 14 5

8 5 28 4 25 4 12 5 24 3 21 5 21 5 10 4 19 5 13 4 21 5 17 5

13 5 19 5 27 4 22 5 28 3 24 5 24 5 18 4 20 5 27 4 22 5 18 5

18 5 24 5 9 5 24 5 0 4 25 5 25 5 23 4 26 5 29 4 24 5 23 5

29 5 27 5 28 5 26 5 9 5 28 5 26 5 28 5 29 5 10 5 25 5 26 5

P1 P2 P3 P4 P5 P6H1 H2 H3 H4 H5 H6
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Figure 3. The weights of channels per subjects for SVM hyperplane model that splits channels of 

subjects to 6 groups. 

The weights of channel 4 (channel F4), channel 12 (channel F8) and channel 19 (channel Pz) are 

significantly higher in the healthy control group (H) versus PTSD (P) (Figure 4). All channel weights 

are higher in healthy subjects than in PTSD subjects except for three values: subject P1 in channel 4 

(F4), subject P5 in channel 8 (P4), and subject P3 in channel 19 (Pz). 

In channel F4, all weights in healthy subjects are equal to or greater than 0.01297 while all of the 

weights in PTSD subjects are lower than this value (Figure 3). The pattern is similar in channel F8 and 

Pz with the different bordering values of 0.019724 in channel F8 and 0.012953 in channel Pz. 

We test the hypothesis of difference of channel weights between the healthy and PTSD groups 

using the Mann-Whitney U test (Table 1). 

a)  b)  c)  

Figure 4. a) box plot of weights of channel F4 in each group of subjects; b) box plot of weights of 

channel F8 in each group of subjects; c) box plot of weights of channel Pz in each group of subjects. 

The P-values of the Mann-Whitney U test for channels F4, F8, and Pz are statistically significant 

for average weights in healthy subjects ≠ average of weights in PTSD cases (Table 1). These findings 

suggest that channels F4, F8, and Pz may differentiate PTSD and healthy controls based on our 

combination of machine-learning-based weight extraction method. 

These results are consistent with previous reports for channels F4 and Pz as important channels 

to differentiate healthy and PTSD subjects [12,18]. The study by Rutter (2014) found F4 and Pz to be 

channels associated with the disorder [18]. 

The main function of channel F4 is similar to channel F3; namely, motor planning for right arm 

while channel F4 mainly motor planning for left arm [15]. This symmetry explains the similarity in 

channel F4 and channel F3 in discrimination of healthy and PTSD controls. Previous studies have 

reported association of these channels with PTST in Refs. and [12]. Our previous Hurst exponent 

analysis found an association of channel F3 with PTSD [1]. The current study suggests that channels 

F4, F8 and Pz are important factors in discrimination of healthy and PTSD subjects. These results may 

Channel 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

P1 0.0562129 -0.00582 0.044754 0.099815 0.030581 -0.04021 0.037831 -0.00782 -0.00369 0.029642 -0.07101 0.014731 0.0361212 -0.0236 0.020907 -0.05678

P2 0.00447012 -0.01483 0.026014 -0.01064 0.011522 -0.01497 -0.00063 0.014239 0.014157 -0.00414 0.000699 -0.00573 0.00652108 0.011607 0.036432 2.39E-05

P3 -0.0171094 -0.01909 -0.01569 0.003815 -0.04389 0.027046 0.028159 -0.00185 0.027167 0.017328 -0.00378 -0.00784 -0.0092904 -0.03068 0.004158 8.71E-03

P4 0.030903 -0.01087 -0.00885 -0.003 0.089193 0.088028 0.011763 -0.02399 -0.02332 0.033942 -0.00862 0.004773 -0.0151508 0.021951 0.010981 -1.91E-02

P5 0.0069133 0.021852 0.016643 0.012346 -0.01151 -0.00667 0.02763 0.013015 0.010851 -0.01107 0.029907 0.00204 -0.0158066 -0.05671 -0.00969 1.24E-02

P6 0.0236088 0.01241 0.005081 -0.0053 0.008911 -0.0047 0.010152 -0.00771 -0.00247 -0.00265 -0.0401 -0.02184 -0.0228226 -0.0056 -0.00594 6.30E-03

H1 0.010746 -0.01342 0.06169 -0.05349 -0.02453 -0.11774 -0.13714 0.00216 -0.00482 0.023797 -0.03564 0.104525 -0.0306305 -0.07199 0.052416 0.00434

H2 0.0476002 -0.01493 -0.02333 0.01297 0.043619 0.035619 -0.02091 0.046451 0.009409 -0.04204 0.002067 -0.03609 -0.00223711 -0.01589 -0.03092 -0.00067

H3 0.0605655 0.009852 -0.01214 -0.12658 0.090356 -0.02205 0.07493 0.006937 -0.0084 -0.10191 -0.01957 0.131408 0.0126705 -0.00141 0.075103 -0.04433

H4 0.0273113 0.05055 0.020101 0.027337 -0.05008 0.046226 -0.03271 -0.0921 0.071073 -0.01324 0.015878 0.023227 0.0112062 0.011839 0.033623 0.035227

H5 -0.0091801 0.007626 -0.01793 0.026372 -0.02557 -0.01238 -0.01361 0.036937 -0.0486 -0.0267 -0.04868 0.019725 0.036749 0.030104 -0.01113 0.006753

H6 -0.0602939 -0.03768 -0.0259 0.129306 -0.03521 0.077683 0.051215 0.00961 0.012589 0.079889 0.068534 -0.08571 -0.0799074 -0.02656 -0.02808 0.055594

Channel 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

P1 0.0189507 -0.00069 -0.00374 -0.0073 -0.03306 0.057291 -0.00093 -0.0567 0.064591 -0.06011 -0.0681 0.039494 -0.0219517 -0.05623 3.59449

P2 0.00619162 -0.01791 0.000915 0.011726 0.016422 0.00867 -0.00205 -0.01733 0.008917 0.00163 -0.00589 0.029932 0.0104515 -0.02497 3.78289

P3 0.0126538 0.001031 0.020655 0.003526 0.013525 0.013864 -0.01149 -0.00692 -0.0084 -0.01999 -0.01605 0.035783 0.0323488 -0.0115 3.39435

P4 0.0472199 0.032451 -0.00494 -0.01539 -0.0044 -0.01217 -0.01881 0.018287 0.010461 -0.03981 -0.03149 0.003069 0.0442095 0.071984 -4.65218

P5 0.0065157 0.019659 0.012728 -0.00234 -0.00305 -0.00085 0.024136 0.006579 -0.02026 0.012141 -0.00953 -0.01584 -0.0203329 -0.01313 3.92876

P6 -1.68E-05 0.003284 -0.00357 -0.00242 -0.00082 0.00306 0.009406 -0.0018 -0.04968 -0.00476 0.00709 -0.00017 -0.00069151 -0.00277 -3.20939

H1 -0.101934 0.023081 -0.0141 -0.02734 0.159234 -0.00937 0.094733 -0.02513 -0.0515 0.043482 0.017286 0.005333 0.000909561 0.120143 2.61983

H2 0.0448616 -0.00081 0.03001 -0.06305 0.03415 0.001212 -0.01087 0.006458 -0.01211 0.010428 -0.02709 -0.01671 0.005546 -0.07589 -3.09436

H3 -0.281439 0.057305 -0.04141 0.231311 -0.04737 0.046177 0.037705 0.013109 -0.12666 0.034166 -0.07741 0.007942 -0.0136315 0.033179 3.12854

H4 -0.0054704 0.02097 0.061476 0.005459 0.062472 -0.01756 -0.01774 0.007133 -0.04386 0.084142 0.019256 -0.00523 0.0815927 -0.02912 4.41545

H5 0.0526565 0.046 0.012954 -0.00568 0.01396 0.007107 0.015294 -0.00048 0.018346 0.004305 -0.00017 -0.00314 0.0355153 0.016079 2.93604

H6 -0.0383148 0.086999 -0.07997 0.120466 0.038402 0.09905 -0.13581 -0.02931 0.070094 -0.06864 -0.01542 -0.0658 0.114268 -0.01032 -0.49433
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find practical application in the diagnosis of PTSD, and the channel weight construction approach 

may be useful in combination with other machine learning methods. 

Table 1. Individual-level SVM channel weights from clustering and P-values for three significant 

channels by Mann-Whitney U test. 

Cha

nnel 

Subject H1 H2 H3 H4 H5 H6 P1 P2 P3 P4 P5 P6 

F4 

Weights 

0.12

9 

0.12

6 

0.02

7 

0.05

3 

0.01

2 

0.02

6 

0.00

4 

0.01

2 

0.00

5 

0.00

3 

0.01

1 

0.09

9 

Group 

Average 

0.06267 (S.D. = 0.04019) 0.02248 (S.D. = 0.01554) 

Group 

Differenc

e 

0.04019 (p-value = 0.02597) 

F8 

Weights 

0.08

571 

0.13

141 

0.02

323 

0.10

452 

0.03

609 

0.01

972 

0.00

784 

0.00

204 

0.02

184 

0.00

477 

0.00

573 

0.01

473 

Group 

Average 

0.06678 (S.D. = 0.01916) 0.00949 (S.D. =0.00303) 

Group 

Differenc

e 

0.05729 (p-value =0.00433) 

Pz Weights 

0.07

997 

0.04

141 

0.06

148 

0.01

41 

0.03

001 

0.01

295 

0.02

065 

0.01

273 

0.00

357 

0.00

494 

0.00

091 

0.00

374 
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Group 

Average 

0.03999 (S.D. = 0.0109) 0.00776 (S.D. = 0.00305) 

Group 

Differenc

e 

0.03223 (p-value = 0.00866) 

A study over veterans with PTSD syndrome confirmed our results about diagnostic F3-F4 

channels [19]. 

Data Availability Statement: All data will be released for the journal editors as supplementary attachments. 
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