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 Feelings and expressions such as pain, anxiety, and excitement can occur 

while getting blood drawn. These are the physical symptoms that can occur 

in some patients. A medical provider cannot know pain or anxiety 

symptoms, which could cause harm to the patients throughout the procedure. 

However, electroencephalography (EEG) changes, such as Delta, Theta, 

Alpha, Beta, and Gamma, are essential to identify the patient’s feelings. 

These can assist in decreasing danger during the procedures. Therefore, this 

research aims to investigate the patterns in the power spectrum density 

(PSD) form to classify two feeling states during blood drawing: normal and 

anxious feelings. This research focused on alpha, beta, and gamma of the 

PSD. Thus, a method was designed based on the changing values of alpha, 

beta, and gamma. Each PSD of three waves was derived at 56 minutes. The 

pattern from this dataset was applied to classify feeling expressions using a 

random forest (RF) algorithm. This algorithm was used to create a feeling 

classification model (FCM). The accuracy of the FCM in classifying feeling 

differences between normal and anxious feelings was 100%. Thus, this 

proves that the FCM is highly efficient. 
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1. INTRODUCTION 

Drawing blood is essential for medical treatment, such as for diabetes or high blood pressure.  

A patient often feels nervous or anxious while having blood drawn. Some patients can tell lor express of pain 

or anxiety with a medical caretaker, while some patients do not express feelings, such as the voice or face. 

Moreover, medical caretakers do not notice an abnormality during the blood draw, which may cause danger. 

One of the critical technologies is virtual reality (VR), which is applied to medical treatment, such 

as pain and anxiety management. By immersing users in an interactive virtual environment, VR effectively 

diverts attention from distressing medical procedures [1]-[2]. This distraction mechanism is especially useful 

in situations where patients experience heightened anxiety, such as during blood draws. Studies have shown 

that VR applications significantly reduce perceived pain and anxiety in pediatric and adult patients 

undergoing needle-related procedures [3]-[7]. The ability of VR to create engaging and immersive 

experiences makes it a promising tool for improving patient comfort during medical treatments [8]-[11].  

In the context of this study, a VR-based intervention may serve as an effective means of mitigating anxiety 

by diverting the patient’s attention from the discomfort associated with the blood draw procedure.  

https://creativecommons.org/licenses/by-sa/4.0/


Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

A feeling classification model in a blood draw situation using power … (Rawinan Praditsangthong) 

347 

By analyzing electroencephalography (EEG) signals, the purpose of this study is to explore the impact of VR 

on anxiety levels and classify emotional states through machine learning (ML) techniques. 

EEG refers to use to measure the brain’s electrical activity. It is a powerful tool for studying brain 

function and has been used in various applications, including clinical diagnosis, research, and entertainment. 

EEG has five waves: Delta, Theta, Alpha, Beta, and Gamma. Each wave has a different frequency range of 

13-30 Hz [12]. In case of excitement or anxiety, alpha waves will decrease in frequency, while beta waves 

will increase in frequency. EEG can assist in exploring a pattern of anxiety feeling. In addition, this helps in 

developing suitable applications for VR. 

Currently, there is some equipment to help with simple EEG measurements, such as the brain-

sensing headband. This headband has five or seven sensors, depending on the model, that measure EEG from 

different points on the head. Five sensors consist of the front forehead position in the middle (FP1), the right 

front forehead position (FP2), the front left position (AF3), the front proper position (AF4), and the left 

occipital position (O1). However, two additional sensors were added, the left (T7) and the right temples (T8), 

which can assist in more accurate measurement of brain waves [13]. Thus, EEG data from the seven sensors 

is used to calculate different brain waves, such as alpha, beta, and gamma waves [14]-[15]. 

Since EEG monitors brain activity through electrodes, it captures the electrical signals generated by 

neurons. These signals are amplified and digitized and can be analyzed using various techniques. Therefore, 

pattern investigation of feeling expression during procedures, blood drawing, or vaccination must be applied 

to EEG with ML algorithms. However, there are favorite ML algorithms in medical applications, such as 

neural networks (NNs), convolutional neural networks (CNNs), support vector machines (SVM), decision 

trees (DT), naive bayes, random forests (RFs), and k-nearest neighbors (KNNs) [16]. These algorithms are 

supervised learning techniques for classification and regression tasks. This technique needs a training dataset 

with correct features and labels. The resulting model must be tested for prediction accuracy on the testing 

dataset, knowing the model’s efficiency. 

All algorithms mentioned above, it is often used in medical image analysis for the prediction, 

diagnosis, and classification of disease. For instance, NN, including CNNs have been applied to tasks such as 

image recognition, lesion detection, and tissue classification [17]-[20]. SVM and DT have found applications 

in detecting heart disease, cancer, or major depressive disorder [21]-[25]. Furthermore, there is a comparison 

prediction or diagnosis accuracy of breast cancer disease from medical images with SVM, logistic regression, 

RF, and DT [26]. The results display that the logistic regression has better accuracy at 95%. However, EEG 

and ML techniques are also used in medical areas. There are uses of EEG in epilepsy with the RF method 

[27]. The dataset of the EEG signal contains more than 200 epilepsy signals, which are used to extract 

features. These features lead to the development of a model with an RF algorithm compared with SVM. The 

experiment displays that the RF algorithm has higher accuracy than the SVM. In addition, some research has 

applied EEG to asthma [28]. These EEG signals are used to define the severity level of asthma. Therefore, it 

is necessary to search for characteristics that indicate asthma symptoms at different levels of EEG signal 

severity. Similar to the research mentioned earlier, there are comparisons of the accuracy of disease severity 

prediction among several algorithms. The results show that the RF algorithm has the best accuracy. 

As the reasons mentioned above, EEG is a non-invasive test that uses an EEG recorder to detect 

electrical waves in the brain. ML examines feature extraction to develop a classification model. The 

combination of EEG and ML is a tool too powerful for the medical area. Thus, this research is to investigate 

the pattern of the power spectrum density (PSD) from EEG to develop a feeling classification model (FCM) 

between normal and anxiety feelings using a RF algorithm in a blood draw situation. Section 2 is the methods 

of the research, which consists of the data collection, processing, and data analysis processing. Then, 

parameters, model creation, results, and discussion are described in section 3. Finally, the conclusion is 

elaborated in section 4. 

 

 

2. METHOD 

2.1.  Data collection processing 

The dataset was acquired from participants undergoing blood draw procedures as part of Rangsit 

University’s annual health check-up on December 22, 2022. The data is collected using accidental random 

sampling. The researcher explained the steps involved in installing the equipment used to collect data before 

the target group agreed to participate as volunteers for the project. The research needs to use brain-sensing 

equipment like MUSE to measure EEG in Alpha, Beta, and Gamma in PSD form to classify two states of 

emotion during a blood draw: the normal state and the anxiety state. Thus, volunteers who agreed to the data 

collection must sign a consent form. Then, brain-sensing equipment (MUSE) is installed on the volunteer’s 

head. It is attached to the forehead while measuring and will measure the PSD from the forehead and behind 

the ears. For each participant, four electrode points with AF7, AF8, TP9, and TP10 from the electrode are 
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collected in 4 minutes, as displayed in Figure 1. A total of 14 individuals volunteered to participate in the 

data gathering process. 

 

 

 
 

Figure 1. Electrode points 

 

 

2.2.  Data collection processing 

The 56 minutes of the PSD consist of two datasets: one for training and the other for testing. There 

are 10 participants in the training set, while the testing set includes 4 participants. Moreover, all seconds of 

the PSD were calculated to define the differences between neutral feeling and anxiety feeling using the PSD 

from four electrode positions: AF7, AF8, TP9, and TP10. 

After completing the data collection, 40 minutes of the PSD from the training dataset were retrieved, 

and the means of the PSD were determined in AF7, AF8, TP9, and TP10. In the training dataset, the 10 

participants are 50.0% male and 50.0% female. The experimental results can be summarized as follows. 

 

2.3.  Mean and standard deviation of PSD of Alpha 

This test is the PSD measurement of Alpha at the TP9, TP10, AF7, and AF8 points from M1  

(0-1 min) to M4 (3-4 min) while drawing blood, as presented in Table 1. The results showed that the highest 

average of the TP9 point is minute one with mean = 0.71, SD = 0.15, while the highest average of the AF7 

position is minute two with mean = 0.60, SD = 0.22. The AF8 point has the highest average at minute one 

with mean = 0.58, SD = 0.18. The last point is the TP10, which has the highest average at minute two,  

with mean = 0.63 and SD = 0.26.  

Thus, the test shows the total average of all points from M1 (0-1 min) to M4 (3-4 min). The results 

presented that minute one and two have the highest average with mean = 0.61, SD = 0.20, and then the 

average decreases until minute 4. From Figure 2, the PSD of Alpha can show anxiety status. 

 

 

Table 1. Means and standard deviations of TP9, TP10, AF7, and AF8 from Alpha (dB/Hz) 
PSD of Alpha points M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 0.71  0.15 0.64  0.15 0.46  0.99 0.18  1.04 

TP10 0.57  0.26 0.63  0.26 0.34  0.79 0.43  0.50 

AF7 0.57  0.16 0.60  0.20 0.55  0.19 0.56  0.22 

AF8 0.58  0.18 0.57  0.17 0.54  0.14 0.57  0.24 

Total 0.61  0.20 0.61  0.20 0.47  0.63 0.44  0.60 

 

 

2.4.  Mean and standard deviation of PSD of Beta 

This experiment is similar to the PSD of Alpha results, but the test changes the PSD from Alpha to 

Beta. Therefore, the highest average at M1 (0-1 min) has two points as the TP9 and AF8. The TP9 has a 

mean of 0.80 and SD = 0.21; the AF8 has a mean of 0.60 and SD = 0.25. The highest average at M2  

(1-2 min) was the AF7, with mean = 0.85, SD = 0.39. The last point is the TP10; it has the highest average at 

M3 (2-3 min), with mean = 0.73, SD = 0.31. Table 2 shows the means and standard deviations of TP9, TP10, 

AF7, and AF8 of the PSD of Beta. 

On the other hand, the total average of all points has no differences from M1 (0-1 min) to M4  

(3-4 min), as displayed in Figure 3. Thus, this may not be enough to conclude that the PSD of Beta indicates 

a state of anxiety while drawing blood. 
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Figure 2. The level of the PSD of Alpha from every position 
 

 

Table 2. Means and standard deviations of TP9, TP10, AF7, and AF8 from Beta (dB/Hz) 
PSD of Beta Points M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 0.80  0.21 0.63  0.31 0.71  0.33 0.48  0.44 

TP10 0.69  0.31 0.61  0.40 0.73  0.31 0.39  0.43 

AF7 0.63  0.24 0.85  0.39 0.80  0.35 0.52  0.27 

AF8 0.60  0.25 0.56  0.33 0.51  0.33 0.47  0.25 

Total 0.68  0.26 0.67  0.37 0.69  0.34 0.46  0.35 

 

 

 
 

Figure 3. The level of the PSD of Beta from every position 
 
 

2.5.  Mean and standard deviation of PSD of Gamma 

From the above results, the PSD of Beta cannot indicate the status of anxiety. Therefore, the PSD of 

Gamma is measured to explore the pattern of anxiety state while drawing blood. The test is similar to the 

PSD of Alpha and Beta. Table 3 displays the means and standard deviations of all points of the PSD of 

Gamma. All positions have the same highest average at minute three. The TP9 has a mean of 0.60,  

SD = 0.26, and AF7 has a mean of 0.74, SD = 0.50. Moreover, AF8 has a mean of 0.43, SD = 0.30, and TP10 

has a mean of 0.61, SD = 0.36. From the PSD of Gamma result above, the PSD of Gamma can indicate the 

anxiety status since each position has a level of the PSD that moves up. Moreover, the total average of every 

point shows the PSD increase level from minute one to three. The highest average is minute three, with mean 

= 0.59, SD = 0.37, as presented in Figure 4. 
 

 

Table 3. Means and standard deviations of TP9, TP10, AF7, and AF8 from Gamma (dB/Hz) 
PSD of Gamma points M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 0.57  0.27 0.56  0.25 0.60  0.26 0.46  0.30 

TP10 0.45  0.34 0.59  0.35 0.61  0.36 0.50  0.33 

AF7 0.47  0.25 0.73  0.49 0.74  0.50 0.51  0.25 

AF8 0.32  0.25 0.35  0.27 0.43  0.30 0.32  0.21 

Total 0.45  0.29 0.56  0.37 0.59  0.37 0.45  0.28 
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Figure 4. The level of the PSD of Gamma from every position 

 

 

2.6.  The difference in mean PSD of Alpha 

This tests the PSD measurement of Alpha at TP9, TP10, AF7, and AF8 points from M1 (0-1 min) to 

M4 (3-4 min) while drawing blood. The results of TP9 position displayed that there are no significant 

differences between genders and the PSD, with a p-value = 0.903 > 0.05. The results of the AF7 position 

displayed that there are no significant differences between males and females in the PSD measurement and 

the AF8 position produced the same results, with a p-value = 0.999 > 0.5. Moreover, the last point is the 

TP10 showed that there are no significant differences between genders and the PSD, with a p-value = 0.936 > 

0.05. Table 4 presents the mean PSD of Alpha with the standard deviations of both genders in the samples. 

 

2.7.  The difference in mean PSD of Beta 

The experimental results are the test of the PSD of Beta at the TP9, TP10, AF7, and AF8 from M1 

(0-1 min) to M4 (3-4 min) while drawing blood. The results displayed no significant difference between 

genders and three positions, such as the TP9, AF8, and TP10 positions, with exact p-value = 0.999 > 0.05. 

Moreover, there is no significant difference between males and females in PSD of Beta, with a p-value = 

0.998 > 0.05. The mean PSD of Beta with the standard deviations is given in Table 5. 

 

 

Table 4. Means TP9, TP10, AF7, AF8, and gender of Alpha with SD (dB/Hz) 
Points Gender M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 Male 0.71  0.14 0.66  0.15 0.77  0.27 0.40  0.40 

 Female 0.72  0.16 0.62  0.16 0.05  1.45 0.11  1.55 

TP10 Male 0.53  0.22 0.63  0.25 0.57  0.36 0.50  0.24 

 Female 0.62  0.32 0.64  0.30 0.04  0.12 0.33  0.24 

AF7 Male 0.54  0.15 0.57  0.20 0.49  0.16 0.59  0.26 

 Female 0.61  0.18 0.65  0.24 0.64  0.20 0.53  0.19 

AF8 Male 0.55  0.19 0.56  0.17 0.52  0.14 0.53  0.24 

 Female 0.61  0.19 0.58  0.18 0.58  0.14 0.64  0.24 

 

 

Table 5. Means TP9, TP10, AF7, AF8, and gender of Beta with SD (dB/Hz) 
Points Gender M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 Male 0.82  0.20 0.74  0.22 0.82  0.27 0.53  0.50 

 Female 0.77  0.18 0.50  0.38 0.57  0.38 0.41  0.38 

TP10 Male 0.67  0.33 0.60  0.42 0.77  0.28 0.39  0.47 

 Female 0.71  0.30 0.63  0.40 0.68  0.37 0.40  0.40 

AF7 Male 0.56  0.20 0.80  0.50 0.68  0.40 0.54  0.30 

 Female 0.72  0.28 0.92  0.30 0.96  0.23 0.49  0.30 

AF8 Male 0.54  0.20 0.54  0.40 0.48  0.30 0.47  0.30 

 Female 0.68  0.29 0.59  0.31 0.55  0.34 0.47  0.20 
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2.8.  The difference in Mean PSD of Gamma 

Same as the previous experiment, this is the test of Gamma PSD at four points: the TP9, TP10, AF7, 

and AF8 from M1 (0-1 min) to M4 (3-4 min). At AF7 and AF8, there are no significant differences between 

genders and the Gamma, with exact p-value = 0.999 > 0.05. Moreover, there are no significant differences 

between males and females in the Gamma of the TP9 and TP10 positions, with a p-value = 0.998 > 0.05 and 

a p-value = 0.995 > 0.05, respectively. Table 6 shows the mean PSD of Gamma with the standard deviations. 
 

 

Table 6. Means TP9, TP10, AF7, AF8, and gender of Gamma with SD (dB/Hz) 
Points Gender M1 (0-1 min) M2 (1-2 min) M3 (2-3 min) M4 (3-4 min) 

TP9 Male 0.58  0.34 0.65  0.28 0.69  0.31 0.52  0.36 

 Female 0.57  0.17 0.43  0.12 0.47  0.11 0.38  0.20 

TP10 Male 0.41  0.37 0.59  0.43 0.72  0.31 0.46  0.37 

 Female 0.50  0.32 0.59  0.23 0.47  0.40 0.55  0.28 

AF7 Male 0.48  0.27 0.70  0.53 0.73  0.52 0.47  0.25 

 Female 0.46  0.25 0.76  0.47 0.75  0.52 0.55  0.27 

AF8 Male 0.34  0.28 0.36  0.32 0.42  0.38 0.30  0.23 

 Female 0.30  0.24 0.33  0.23 0.43  0.18 0.34  0.19 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Parameter for model creation 

From the above experimental results, three critical parameters can affect anxiety emotions: the PSD 

of Alpha, Beta, and Gamma. However, the PSD may relate to other parameters, such as gender and age. 

Thus, all parameters should be considered for creating a model to identify the feelings. This research’s 

independent parameters are gender, age, and the PSD of Alpha, Beta, and Gamma. The dependent parameter 

of the model is the feeling. The values of all parameters within the feeling model are summarized in Table 7. 

Therefore, the results from the experiment can indicate relations among all parameters, and the relation 

diagram is illustrated in Figure 5. 

According to the relation diagram in Figure 5, there are three line types: line is the direct relation 

that affects the feelings, dashed line is a moderate relation that influences the emotions, and dotted line can 

affect the feelings. Thus, there are correlations between PSD of Alpha and Gamma with feeling states. The 

PSD of Beta needs to apply with the PSD of Gamma, which affects the change of feeling statuses. However, 

some hidden correlations may affect the alteration of feeling states, such as gender, age, gender with PSD of 

Alpha, Beta, and Gamma, and age with PSD of Alpha, Beta, and Gamma. Hence, it can be concluded that 

every independent parameter is related to feeling. 
 

 

Table 7. Values of the variable in this research 
Variables Values Type of variables 

Gender Male, Female Independent 

Age 30-39, 40-49, 50-59, greater than 60 Independent 

PSD of Alpha -2.00, 2.00 Independent 
PSD of Beta -2.00, 2.00 Independent 

PSD of Gamma -2.00, 2.00 Independent 
Feeling States Neutral, Anxiety Dependent 

 

 

 
 

Figure 5. Relation diagram of all parameters 
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3.2.  Model creation 

Based on the relation diagram of all parameters, they were compiled with the RapidMiner Studio 

version 10.3, which is a data analysis tool. The parameters were implemented by the RF algorithm for model 

generation as a FCM. Moreover, the relationship among the parameters in model creation is many-to-one, as 

displayed in (1). 

 

𝐹𝑒𝑒𝑙𝑖𝑛𝑔 = 𝑔𝑒𝑛𝑑𝑒𝑟 + 𝑎𝑔𝑒 + (𝑃𝑆𝐷(𝐴𝑙𝑝ℎ𝑎, 𝐵𝑒𝑡𝑎, 𝐺𝑎𝑚𝑚𝑎)) (1) 

 

In (1) is the FCM of changing from gender, age, and the PSD of Alpha, Beta, and Gamma. This 

model can classify feelings between neural state and anxiety state. However, the model has improved the 

accuracy with the principal component analysis (PCA). This technique refers to the dimension reduction of 

data and finding the key components for identifying patterns and relationships hidden within the data. Thus, 

the FCM has improved the performance of the RF algorithm and reduced the overfitting of the data after 

analysis with the PCA. Since there are 40 minutes of training data sets, the training data attributes are pc_1, 

which consists of gender, age, and the PSD of Alpha, Beta, and Gamma. Figure 6 illustrates a tree from  

RF model. 

 

 

 
 

Figure 6. RF algorithm of FCM 

 

 

3.3.  Results 

The testing of the data set contains 4 records or 16 minutes. This data is brought to input the FCM 

for testing accuracy, following the algorithm in Figure 6. The accuracy of the proposed model is computed 

using true positive (TP), true negative (TN), false positive (FP), and false negative (FN). Precision and recall 

are then derived from these outcomes, as shown in (2), (3), and (4). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) (2) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁) (4) 

 

From the testing result, the precision value is 100%, the recall value is 100%. These values mean 

that the model can predict the right answer is 1 from the TAPI is 10, the FP is 0, the TN is 0, and the FN is 4. 

Finally, the accuracy of the FCM is 100%, which means that there is high performance in predicting the 

feeling. 
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3.4.  Discussion 

 This research aimed to create a FCM for recognizing anxiety versus normal conditions during blood 

drawing, based on spectral power features extracted from EEG data. The experimental results showed that 

the PSD of alpha, beta, and gamma waves exhibited distinguishable patterns that can be leveraged for 

classification. 

 Previous research has also investigated EEG-based emotion recognition in medical settings.  

For instance, Montoya-Martinez et al. [13] examined the impact of EEG sensor placement on signal quality 

and found that specific forehead positions (AF7, AF8) were reliable for capturing emotional states.  

This finding aligns with our study, where PSD features from the same locations contributed significantly to 

emotion classification. 

 Similarly, studies by Choong et al. [12] and Cannard et al. [14] revealed that variations in EEG 

spectral components could be associated with stress and anxiety levels. Our results reinforce these findings, 

particularly with the observed increase in beta and gamma wave activity during anxiety states. However, 

unlike these studies, which primarily focused on stress detection in general environments, our study applied 

the methodology specifically to a controlled blood draw scenario, making it more relevant to medical 

applications. 

 One key point to address is the reported 100% accuracy of the model. While high accuracy is 

desirable, such a result raises concerns about potential overfitting due to a limited dataset. Aloy et al. [27] 

highlighted the risk of model overfitting when training with small EEG datasets, suggesting that cross-

validation techniques or larger sample sizes are necessary for reliable generalization. To mitigate this risk, 

future work should expand the dataset and incorporate external validation to confirm the robustness of  

the model. 

 Furthermore, while VR has been explored as a method to reduce patient anxiety during medical 

procedures [3]-[7], its role in this study remains unclear. The inclusion of VR should either be substantiated 

with empirical data or omitted to maintain a clear research focus. 

 In summary, this study enhances current knowledge regarding EEG-based anxiety detection and 

confirms the practicality of employing PSD features with a RF algorithm for real-time emotion recognition. 

However, future improvements, including dataset expansion and additional validation techniques, are 

necessary to enhance model reliability. 

 

 

4. CONCLUSION 

The study explored the feasibility of using EEG-based PSD features to classify anxiety and normal 

states during a blood draw procedure. By analyzing EEG signals from selected electrode positions  

(AF7, AF8, TP9, TP10) and applying a RF classification model, the study demonstrated that specific 

frequency bands, particularly alpha, beta, and gamma waves, exhibit distinguishable patterns associated  

with anxiety. 

The results indicate that the proposed FCM is effective in detecting emotional states based on EEG 

data. However, despite achieving high classification accuracy, a limited sample size and potential overfitting 

have been identified as key limitations of this study. Further investigations are recommended to increase the 

dataset size, perform validation with independent participant groups, and incorporate cross-validation 

techniques for improved generalizability. 

In conclusion, the findings of this research enhance the field of EEG-based affective computing 

through the application of machine learning techniques for real-time anxiety classification. The insights 

gained from this study could aid in developing non-invasive, AI-driven monitoring systems for medical 

applications, improving patient safety and personalized care. Future enhancement, including real-time 

deployment and integration with biofeedback mechanisms, could further optimize the system for clinical use. 
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