

  sensors-24-00917




sensors-24-00917







Sensors 2024, 24(3), 917; doi:10.3390/s24030917




Article



Measurements of Electrodermal Activity, Tissue Oxygen Saturation, and Visual Analog Scale for Different Cuff Pressures



Youngho Kim 1,*, Incheol Han 1, Jeyong Jung 1, Sumin Yang 1, Seunghee Lee 1, Bummo Koo 1, Soonjae Ahn 2, Yejin Nam 3 and Sung-Hyuk Song 4





1



Department of Biomedical Engineering, Yonsei University, Wonju 26493, Republic of Korea






2



Institute of Smart Rehabilitation Engineering and Assistive Technology, Dong-Eui University, Busan 47340, Republic of Korea






3



Department of Clinical Development, Angel Robotics, Seoul 04798, Republic of Korea






4



Department of Robotics & Mechatronics, Korea Institute of Machinery & Materials, Daejeon 34103, Republic of Korea









*



Correspondence: younghokim@yonsei.ac.kr; Tel.: +82-33-760-2859







Citation: Kim, Y.; Han, I.; Jung, J.; Yang, S.; Lee, S.; Koo, B.; Ahn, S.; Nam, Y.; Song, S.-H. Measurements of Electrodermal Activity, Tissue Oxygen Saturation, and Visual Analog Scale for Different Cuff Pressures. Sensors 2024, 24, 917. https://doi.org/10.3390/s24030917



Academic Editor: Enrico Meli



Received: 8 January 2024 / Revised: 29 January 2024 / Accepted: 30 January 2024 / Published: 31 January 2024



Abstract

:

The quantification of comfort in binding parts, essential human–machine interfaces (HMI) for the functioning of rehabilitation robots, is necessary to reduce physical strain on the user despite great achievements in their structure and control. This study aims to investigate the physiological impacts of binding parts by measuring electrodermal activity (EDA) and tissue oxygen saturation (StO2). In Experiment 1, EDA was measured from 13 healthy subjects under three different pressure conditions (10, 20, and 30 kPa) for 1 min using a pneumatic cuff on the right thigh. In Experiment 2, EDA and StO2 were measured from 10 healthy subjects for 5 min. To analyze the correlation between EDA parameters and the decrease in StO2, a survey using the visual analog scale (VAS) was conducted to assess the level of discomfort at each pressure. The EDA signal was decomposed into phasic and tonic components, and the EDA parameters were extracted from these two components. RM ANOVA and a post hoc paired t-test were used to determine significant differences in parameters as the pressure increased. The results showed that EDA parameters and the decrease in StO2 significantly increased with the pressure increase. Among the extracted parameters, the decrease in StO2 and the mean SCL proved to be effective indicators. Such analysis outcomes would be highly beneficial for studies focusing on the comfort assessment of the binding parts of rehabilitation robots.
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1. Introduction


Rehabilitation robots, or exoskeleton robots, detect user intentions and provide assistance by attaching robotic limbs to humans. Along with the development of robotics technology, there has been active research into the design, structure, and control of rehabilitation robots [1]. Research on rehabilitation robots is advancing rapidly in the rehabilitation, medical, and power augmentation fields [2,3]. Concurrently, the market demand for rehabilitation robots is growing [3]. However, as this field develops, issues concerning the comfort of human–machine interfaces are becoming increasingly significant [2]. At present, there is a lack of objective evaluation criteria and guidelines for assessing the comfort of rehabilitation robots. In rehabilitation robotics, applying force to control the robot and maintain its attachment to the user is inevitable. However, excessive force can cause discomfort, pain, and injury from the device, and in severe cases, it can lead to skin problems such as pressure ulcers [4]. Consequently, assessing the fit of rehabilitation robots is crucial to ensure user comfort and prevent injuries caused by excessive pressure.



The VAS has been widely used for evaluating pain or discomfort [4,5]. Daly et al. [4] used a VAS as a pain score to determine a correlation with the maximum pressure of sockets of upper-limb prostheses. In their study, the VAS was normalized by the subject’s average value to minimize the threshold bias of individuals’ perception of discomfort. Meyer et al. [5] created questionnaires that included the a VAS, the Likert scale, and a numerical rating scale to assess the usability of wearable robots and reported that the VAS, Likert scale, and open text were mainly preferred by subjects.



Several studies quantified discomfort based on multiple bio-signals, as the autonomic nervous system (ANS) is the main body in response to stimuli. However, only a few studies used EDA signals and StO2, such as Léger et al. [6]. In their study, they evaluated workstations, but there are only a handful of studies that applied these signals to other types of binding parts in rehabilitation robots.



Many studies show that EDA signals are the most reliable for measuring discomfort [7,8,9,10]. EDA, which is also known as GSR (galvanic skin response), refers to the electrical phenomenon caused by sweat secretion from the skin and appendages [11]. It is measured on the skin surface, primarily on the palms, fingers, and soles, where sweat glands are distributed [12,13]. When the body is subjected to physical stimuli as well as various mental stimuli, such as tension and excitement, sweat secretion from sweat glands increases in response to the somatosensory and sympathetic nervous systems (SNS) [13], which reduces skin resistance and increases the strength of the EDA signal. The EDA signal can be decomposed into phasic and tonic components. The phasic component is a rapid response to external stimuli, while the tonic component represents a slowly changing baseline of the signal [13]. Several studies were conducted based on these characteristics of EDA. Kong et al. [14] applied electrical stimulation to the right forearm, decomposed the EDA signal using a high-pass filter with a cutoff frequency of 0.05 Hz, and developed an algorithm to detect the phasic component and determine the pain based on stimulation intensity. Kim et al. [15] measured EDA on the left palm by applying pressure stimulus to the left scapula, observing a linear increase in the maximum SCR (skin conductance response) amplitude as the pressure intensity increased. Posada-Quintero et al. [16] found that the mean SCL (skin conductance level) and the number of SCR peaks significantly increased when applying physical stimuli, postural stimulation, and the cold pressor test. Hosseini et al. [17] demonstrated that 87 features extracted from EDA signals in the WESAD (wearable stress and affect detection) dataset were sufficient to classify stress and non-stress groups with over 80% accuracy. They also found that five features—the mean SCL, maximum SCL, number of SCR peaks, maximum SCR amplitude, and standard deviation of SCR rise time—were adequate to classify the two groups with 97% accuracy.



Numerous studies explored the effects of tissue compression on blood circulation and microvasculature [18,19,20]. Linnenberg et al. [21] reported that high-pressure tissue compression during the use of rehabilitation robots can cause discomfort, pain, or soft tissue damage owing to ischemia. Their findings revealed a decrease in tissue oxygenation of 4.1% per minute at the robot’s binding parts during rest. In some research focusing on wearable robotic bindings for the lower extremities, it was observed that the thigh caused more pain and exhibited a significant increase in oxygen saturation at the same pressure compared with the shank, particularly during standing or walking activities [22,23,24]. In addition, Nam et al. [24] conducted a study to measure StO2 and quantified the comfort of a standing supportive rehabilitation robot at different binding sites. This study employed near-infrared spectroscopy (NIRS), which utilizes near-infrared light at wavelengths of 630–1300 nm. NIRS penetrates tissues to depths of 1–3 cm and measures changes in the concentration of oxygenated and deoxygenated hemoglobin; therefore, it is effective for the continuous and non-invasive monitoring of the relevant area.



In this foundational research, we employed a pneumatic cuff for pressure stimulation—a commonly used binding component in rehabilitation robots—to analyze the effects of binding forces through bio-signals such as EDA and StO2. This study aims to elucidate the relationship between pressure and bio-signals in rehabilitation robots, potentially making a significant contribution to the design and user interface of such devices.




2. Materials and Methods


2.1. Participants


This study included 23 healthy adults (21 males and 2 females, 24.1 ± 1.0 years old, 173.6 ± 6.1 cm, 72.3 ± 12.4 kg) with no neurological or musculoskeletal abnormalities in the lower extremities. Measurements were conducted on participants in sensor attachment sites that were free of skin pigmentation and on those with similar skin tones to ensure smooth NIRS signal measurement [25,26]. Participants were instructed to refrain from eating for 1 h prior to the test and to limit caffeine, nicotine, and alcohol for 5 h prior to the test. All participants fully understood the experiment’s procedures and signed an informed consent form. The experimental procedures were approved by the Institutional Review Board of Yonsei University (1041849-202304-BM-070-02).




2.2. Questionnaire


To assess discomfort, participants were asked to complete a questionnaire during the application of pressure. A visual analog scale (VAS) was included in the questionnaire to indicate pain at each pressure from 0 (no pain) to 10 (the worst possible pain), and for normalization, 60 kPa was applied to the right thigh for 5 s before the experiment to establish a baseline [27].


  N o m a l i z e d   V A S =   V A S   o f   p r e s s u r e   c o n d i t i o n   V A S   a t   60   k P a   × 100   [ % ]  



(1)








2.3. Equipment


2.3.1. Pneumatic Cuffs and Pressure-Applying Devices


Pneumatic cuffs (no-pinch single cuff, 86 cm × 10 cm (DTC-S07), DS Maref, Gunpo, Republic of Korea) were used. The cuffs were worn on both legs, and only the cuff worn on the right leg was subjected to pressure stimulation using a pressure applicator (MoorVMS-PRES; Moor Instruments, Axminster, UK).




2.3.2. EDA Sensors


An EDA sensor (GSR100C, BIOPAC, Goleta, CA, USA), used in conjunction with the MP150 (BIOPAC, Goleta, CA, USA), measured the change in skin conductance due to a pressure stimulus applied to the adhesions. The EDA signal was measured at a sampling rate of 1 kHz and then separated into phasic and tonic components by taking the HPF (fc = 0.05 Hz). The following characteristic values were extracted and analyzed from each component [28].



	
Mean SCL: Mean value of SCL during pressure stimulation;



	
Max amplitude: Maximum value of SCR amplitude during pressure stimulation;



	
SCR counts: Number of SCR peaks during pressure stimulation.







2.3.3. Near Infrared Spectroscopy (NIRS) Sensor


A NIRS sensor (MoorVMS-NIRS, Moor Instruments, Axminster, UK) was used to monitor changes in blood flow underneath the cuff. Measurements were taken at a sampling rate of 5 Hz using near-infrared light at 750 nm and 850 nm. NIRS can measure oxyHb and deoxyHb concentrations. Tissue oxygen saturation (StO2) was determined using Equation (2).


    S t O   2   =   o x y H b   o x y H b + d e o x y H b   × 100   [ % ]  



(2)







The decrease in StO2 was analyzed using an average interval of 30 s from the time of pressure application.





2.4. Experimental Protocol


2.4.1. Experiment 1: Measurement of EDA for Different Pressures


In Experiment 1, 13 adults (11 males, 2 females, 24.8 ± 0.7 years old, 174.5 ± 6.0 cm, 72.9 ± 14.2 kg) were tested. Pneumatic cuffs were worn on both thighs to provide pressure stimulation, and Ag/AgCl electrodes were attached to the thumb and cubital fossa of the left palm to measure EDA signals (Figure 1a) [13]. The experiment was conducted in a sedentary state. To prevent the subject’s adaptation to the experiment, three different pressures of 10, 20, and 30 kPa were randomly applied to the pneumatic cuff on the right thigh for 1 min each. A VAS was obtained after each pressure was removed, and a 5 min rest period was given to the subjects.




2.4.2. Experiment 2: Measurement of StO2 and EDA for Different Pressures


In Experiment 2, 10 adult males (23.2 ± 1.0 years old, 173.6 ± 6.0 cm, 72.3 ± 12.4 kg) were recruited. NIRS sensors were attached to the right great trochanter, and 2/3 of the lateral epicondyle (Figure 2a), and EDA sensors were attached to the same locations as in Experiment 1 [13]. Pneumatic cuffs were worn on both thighs, and three different pressures of 10, 20, and 30 kPa were applied to the right thigh for 5 min. Similarly, a VAS was obtained after each pressure was removed, and a 5 min rest period was given to the subjects.





2.5. Statistical Analysis


Repeated measures ANOVA (RM ANOVA) and a post hoc paired t-test were used to determine significant differences as the stimulation pressure increased [29]. RM ANOVA is suitable for analyzing repeated measures data on the same population [30], while post hoc paired t-tests analyze specific differences between specific pairs of measures. Despite the small sample size of 23 participants, the data met the three assumptions required for these tests (independence, normality, and sphericity), confirming the appropriateness of the participant number for statistical analysis. In addition, Pearson correlation analysis was applied to determine the relationship between the measurement data and VAS ratings. These statistical methods were performed using the Pingouin library in Python 3.10.0 [31], and all analyses were performed at a significance level of p < 0.05.





3. Results


3.1. Experiment 1: Measurement of EDA for Each Pressure Condition


Table 1 shows the descriptive statistics of the EDA characteristics as a function of cuff pressure, with means and standard deviations. The mean SCL and SCR counts tended to increase in 10 out of 13 subjects and the maxSCR amplitude in 8 subjects. As shown in Table 2, RM ANOVA revealed that EDA parameters exhibited high F-values and low p-values as the pressure increased, suggesting a statistical significance of pressure on the EDA response. Table 3 shows the results of a paired t-test on EDA parameters, comparing different pressure levels. The statistical analysis indicated significant changes in the mean SCL across all comparisons, with p-values less than 0.05. For the max SCR amplitude, a significant difference was observed when comparing 10 kPa to 30 kPa, but not between 10 kPa and 20 kPa, indicating a differential response at higher pressures. SCR counts exhibited significant differences when the pressure increased from 10 kPa to 20 kPa and from 10 kPa to 30 kPa, but not between 20 kPa and 30 kPa.



Figure 3 shows the response of EDA parameters and the normalized VAS to increases in pressure. The mean SCL and the normalized VAS significantly increased with increasing pressure. The max SCR amplitude showed no significant increase between 10 and 20 kPa, and SCR counts did not significantly increase between 20 and 30 kPa, while others significantly increased.



The Pearson correlation coefficients between the normalized VAS and the EDA parameters indicated weak positive relationships for the mean SCL (r = 0.21), maximum SCR amplitude (r = 0.15), and SCR counts (r = 0.18).




3.2. Experiment 2: Measurement of StO2 and EDA for Different Pressures


Table 4 shows the mean and standard deviation of the bio-signal, categorized by pressure conditions. Among 10 subjects, the mean SCL increased in 5, the max SCR amplitude in 8, and SCR counts in 6. In Table 5, RM ANOVA revealed that EDA parameters and the decrease in StO2 exhibited high F-values and low p-values as the pressure increased, suggesting a statistical significance of pressure on EDA and StO2 responses. Table 6 shows the results of a paired t-test on EDA parameters and the decrease in StO2, comparing different pressure levels. EDA parameters exhibited statistically significant changes across all pressure conditions except between 20 and 30 kPa, while decreases in StO2 exhibited significant changes across all pressure levels.



Figure 4 shows the response of EDA parameters, the decrease in StO2, and the normalized VAS for pressure increases. All EDA parameters increased with increasing pressure, except for the group between 20 and 30 kPa, while the decrease in StO2 and the normalized VAS increased in all conditions.



Pearson correlations between the normalized VAS and all parameter values were as follows: r = 0.37 for the mean SCL, r = 0.032 for the maximum SCR amplitude, r = 0.11 for SCR counts, and r = 0.74 for the decrease in StO2. The decrease in StO2 showed a strong positive correlation, the mean SCL had a moderate positive correlation, and SCR counts had a weak positive correlation. However, no strong relationship existed between the max SCR amplitude and the normalized VAS.





4. Discussion


In this study, we aimed to quantify the comfort of the binding parts of rehabilitation robots in a sitting position by using bio-signals such as EDA and StO2 under different pressure conditions. This study employed a circular pneumatic cuff to apply continuous pressure to the binding parts, unlike previous studies that used digital algometers [32]. Three different pressure levels were applied to the thigh to measure both EDA and StO2. For EDA, the mean SCL, maximum SCR amplitude, and SCR counts were considered and correlated with the normalized VAS. The EDA characteristics tended to increase with increasing pressure, which is in agreement with previous studies [15,16], and this increase was found to be positively correlated with the normalized VAS. We found that, among the EDA characteristics, the mean SCL showed a relatively strong correlation and was statistically significant under the measured pressure conditions. Consistent with previous work, the decrease in StO2 obtained from the NIRS sensor was positively correlated with the normalized VAS [24]. While statistical significance was observed across all pressure conditions, the difference in values between 20 kPa and 30 kPa was less distinct than with other pressure changes. They suggested that beyond a threshold pressure of 20 kPa, the oxygen saturation in the tissue did not significantly decrease owing to vascular occlusion [24,33].



Some studies utilized machine learning to classify discomfort from EDA signals [8,9,17]. Based on these approaches, future research should focus on using machine learning to evaluate discomfort at binding parts. Beyond EDA, various bio-signals such as EMG (electromyography), HRV (heart rate variability), and RESP (respiration) were also applied in the study [34,35,36,37]. Even though it is quite challenging to quantify discomfort at the binding parts using HRV, HRV characteristic values exhibit a clear increasing trend with pressure increase. This observation aligns with a study that successfully performed binary classification of discomfort using HRV characteristics [38] and is further supported by research suggesting the potential of high-frequency HRV as a physiological marker in pain assessment [39]. Therefore, it would be important to apply more in-depth analysis methods to HRV in future studies.



In this study, changes in EDA were compared by applying different pressures for either 1 or 5 min to the binding parts of participants in a sitting posture. Comparing Table 2 with Table 5 shows that the F-values in Experiment 2 were smaller than those in Experiment 1. This reduction may reflect the homogenization of physiological responses over a prolonged stimulus period. It can be concluded that the initial variability in EDA responses, which could be amplified owing to individual differences in physiological and psychological conditions, tends to diminish over time because of adaptation to pressure. In addition, the number of subjects in Experiment 1 (n = 13) is larger than that in Experiment 2 (n = 10), which may affect the statistical results.



In practice, rehabilitation robots are likely to be worn for longer durations compared with the experimental conditions, and it is essential to consider the wearability factor when applying actual pressure in real-world settings. Given that a longer duration of pressure application may enhance the correlation of mean SCL, this parameter could potentially serve as a valuable indicator for assessing prolonged discomfort in users [37]. Furthermore, while our experiment involved stimulation of the right thigh only, it is important to acknowledge that actual wearable structures typically involve binding on both thighs. Since the binding parts in the actual rehabilitation robot are more complicated than the pressure cuff, it would be necessary to determine the binding parts under various conditions, such as in a standing state. Although this study did not use the actual binding parts of a rehabilitation robot, it represents a fundamental approach in which a pneumatic cuff-type binding is applied as a preliminary model.



The max amplitude of SCR and SCR counts did not show statistical significance. This may have resulted from the high dependence of the mean SCL on SCR since a high-pass filter was used in the decomposition of the EDA signal. We believe that the use of advanced EDA analysis tools, such as the cvxEDA algorithm, can significantly minimize this problem. The cvxEDA algorithm demonstrated a strong ability to detect SCRs from raw signals reliably [40], thereby enhancing the statistical significance of the maximum SCR amplitude and SCR counts. In addition, it is important to consider that not only noise or motion artifacts but also emotional stimuli can introduce changes in the EDA signal. In this study involving 23 healthy subjects, it is acknowledged that patients with lower-limb disabilities or disorders may present different bio-signal patterns [25,41]. Therefore, further research including these patients—who represent the actual users of rehabilitation robots—is essential for comprehensive analysis. Such efforts will not only validate and enrich our results but also contribute to the quantification of comfort in the binding parts of rehabilitation robots.




5. Conclusions


In the present study, the electrodermal activity (EDA) and tissue oxygen saturation (StO2) were measured to correlate with the discomfort measures due to the binding pressure in rehabilitation robots by means of a visual analog scale (VAS). The results showed that EDA parameters (mean SCL, max amplitude, and SCR counts) and the decrease in StO2 significantly increased with pressure increase. In addition, the use of the mean SCL and the decrease in StO2 showed a relatively strong correlation with the VAS, suggesting their appropriateness in quantifying comfort, as they demonstrated a clear link between increased binding pressure and significant physiological changes. Notably, a change in the EDA signal according to the pressure condition (10, 20, and 30 kPa) for 1 and 5 min was observed. A higher correlation coefficient was extracted from the mean SCL at pressure stimulation for 5 min compared with that for 1 min. Our findings showed that discomfort due to pressure stimulation could be measured by EDA and StO2 in comparison with the VAS, which would be useful for designing human–machine interfaces in rehabilitation robots.







Author Contributions


Conceptualization, I.H., J.J. and Y.K.; methodology, I.H., J.J., S.Y. and Y.K.; validation, I.H., J.J. and Y.N.; formal analysis, I.H., J.J. and S.Y.; investigation, S.Y., S.L., Y.N. and S.-H.S.; resources, Y.K.; data curation, I.H., J.J., S.L. and B.K.; writing—original draft preparation, I.H. and J.J.; writing—review and editing, I.H., J.J. and Y.K.; visualization, I.H. and J.J.; supervision, I.H., J.J., S.A. and Y.K.; project administration, I.H., J.J. and Y.K.; funding acquisition, Y.K. All authors have read and agreed to the published version of the manuscript.




Funding


This research was supported by a major project of the Korea Institute of Machinery and Materials (Project ID: NK250F).




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki and was approved by the Institutional Review Board of the Yonsei University Mirae Campus (1041849-202109-BM-152-03).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The data presented in this study are available upon request from the corresponding author. The data are not publicly available because the authors are continuing the study.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Qiu, S.; Pei, Z.; Wang, C.; Tang, Z. Systematic Review on Wearable Lower Extremity Robotic Exoskeletons for Assisted Locomotion. J. Bionic Eng. 2022, 20, 436–469. [Google Scholar] [CrossRef]

	



Ralfs, L.; Hoffmann, N.; Weidner, R. Method and Test Course for the Evaluation of Industrial Exoskeletons. Appl. Sci. 2021, 11, 9614. [Google Scholar] [CrossRef]

	



Zhang, X.; Chen, X.; Huo, B.; Liu, C.; Zhu, X.; Zu, Y.; Wang, X.; Chen, X.; Sun, Q. An Integrated Evaluation Approach of Wearable Lower Limb Exoskeletons for Human Performance Augmentation. Sci. Rep. 2023, 13, 4251. [Google Scholar] [CrossRef] [PubMed]

	



Daly, W.C.; Voo, L.; Rosenbaum-Chou, T.; Arabian, A.P.; Boone, D.P. Socket Pressure and Discomfort in Upper-Limb Prostheses. JPO J. Prosthetics Orthot. 2014, 26, 99–106. [Google Scholar] [CrossRef]

	



Meyer, J.T.; Gassert, R.; Lambercy, O. An analysis of usability evaluation practices and contexts of use in wearable robotics. J. Neuro-Eng. Rehab. 2021, 18, 170. [Google Scholar] [CrossRef] [PubMed]

	



Léger, M.C.; Cardoso, M.R.; Dion, C.; Albert, W.J. Does Active Sitting Provide More Physiological Changes Than Traditional Sitting and Standing Workstations? Appl. Ergon. 2022, 102, 103741. [Google Scholar] [CrossRef] [PubMed]

	



Seoane, F.; Mohino-Herranz, I.; Ferreira, J.; Alvarez, L.; Buendia, R.; Ayllon, D.; Llerena, C.; Gil-Pita, R. Wearable biomedical measurement systems for assessment of mental stress of combatants in real time. Sensors 2014, 14, 7120–7141. [Google Scholar] [CrossRef] [PubMed]

	



Hsieh, C.P.; Chen, Y.T.; Beh, W.K.; Wu, A.Y.A. Feature Selection Framework for XGBoost Based on Electrodermal Activity in Stress Detection. In Proceedings of the 2019 IEEE International Workshop on Signal Processing Systems (SiPS), Nanjing, China, 20–23 October 2019; pp. 330–335. [Google Scholar]

	



Aqajari, S.A.H.; Naeini, E.K.; Mehrabadi, M.A.; Labbaf, S.; Rahmani, A.M.; Dutt, N. GSR Analysis for Stress: Development and Validation of an Open Source Tool for Noisy Naturalistic GSR Data. arXiv 2020, arXiv:2005.01834. [Google Scholar]

	



Aqajari, S.A.H.; Naeini, E.K.; Mehrabadi, M.A.; Labbaf, S.; Dutt, N.; Rahmani, A.M. pyEDA: An open-source python toolkit for pre-processing and feature extraction of electrodermal activity. Procedia Comput. Sci. 2021, 184, 99–106. [Google Scholar] [CrossRef]

	



Benedek, M.; Kaernbach, C. A continuous measure of phasic electrodermal activity. J. Neurosci. Methods 2010, 190, 80–91. [Google Scholar] [CrossRef]

	



Theodoros, A. Electrodermal Activity: Applications in Perioperative Care. Int. J. Med. Res. Health Sci. 2014, 3, 687–695. [Google Scholar] [CrossRef]

	



Braithwaite, J.J.; Watson, D.G.; Jones, R.; Rowe, M. A Guide for Analysing Electrodermal Activity (EDA) & Skin Conductance Responses (SCRs) for Psychological Experiments; University of Birmingham: Birmingham, UK, 2013. [Google Scholar]

	



Kong, Y.; Posada-Quintero, H.; Chon, K. Sensitive physiological indices of pain based on differential characteristics of electrodermal activity. IEEE Trans. Biomed. Eng. 2021, 68, 3122–3130. [Google Scholar] [CrossRef] [PubMed]

	



Kim, J.H.; Jeon, G.R.; Son, J.M.; Baik, S.W.; Kim, Y.J.; Kim, S.S. Electrodermal Activity at the Left Palm and Finger in Accordance with the Pressure Stimuli Applied to the Left Scapula. J. Sens. Sci. Technol. 2016, 25, 235–242. [Google Scholar] [CrossRef]

	



Posada-Quintero, H.F.; Florian, J.P.; Orjuela-Cañón, A.D.; Aljama-Corrales, T.; Charleston-Villalobos, S.; Chon, K.H. Power Spectral Density Analysis of Electrodermal Activity for Sympathetic Function Assessment. Ann. Biomed. Eng. 2016, 44, 3124–3135. [Google Scholar] [CrossRef]

	



Hosseini, E.; Fang, R.; Zhang, R.; Parenteau, A.; Hang, S.; Rafatirad, S.; Hostinar, C.; Orooji, M.; Homayoun, H. A Low-Cost EDA-based Stress Detection Using Machine Learning. In Proceedings of the 2022 IEEE International Conference on Bioinformatics and Biomedicine (BIBM), Las Vegas, NV, USA, 6–8 December 2022; pp. 2619–2623. [Google Scholar]

	



Bader, D. The recovery characteristics of soft tissues following repeated loading. J. Rehabil. Res. Dev. 1990, 27, 141–150. [Google Scholar] [CrossRef] [PubMed]

	



Makhsous, M.; Lin, F.; Hanawalt, D.; Kruger, S.L.; LaMantia, A. The Effect of Chair Designs on Sitting Pressure Distribution and Tissue Perfusion. Hum. Factors J. Hum. Factors Ergon. Soc. 2012, 54, 1066–1074. [Google Scholar] [CrossRef] [PubMed]

	



Mak, A.F.; Zhang, M.; Tam, E.W. Biomechanics of pressure ulcer in body tissues interacting with external forces during locomotion. Annu. Rev. Biomed. Eng. 2010, 12, 29–53. [Google Scholar] [CrossRef] [PubMed]

	



Linnenberg, C.; Reimeir, B.; Eberle, R.; Weidner, R. The Influence of Circular Physical Human–Machine Interfaces of Three Shoulder Exoskeletons on Tissue Oxygenation. Appl. Sci. 2023, 13, 10534. [Google Scholar] [CrossRef]

	



Kermavnar, T.; O’Sullivan, K.J.; De Eyto, A.; O’Sullivan, L.W. Discomfort/Pain and Tissue Oxygenation at the Lower Limb During Circumferential Compression: Application to Soft Exoskeleton Design. Hum. Factors J. Hum. Factors Ergon. Soc. 2020, 62, 475–488. [Google Scholar] [CrossRef]

	



Kermavnar, T.; O’Sullivan, K.J.; Casey, V.; de Eyto, A.; O’Sullivan, L.W. Circumferential Tissue Compression at the Lower Limb during Walking, and Its Effect on Discomfort, Pain and Tissue Oxygenation: Application to Soft Exoskeleton Design. Appl. Ergon. 2020, 86, 103093. [Google Scholar] [CrossRef]

	



Nam, Y.; Yang, S.; Kim, J.; Koo, B.; Song, S.; Kim, Y. Quantification of Comfort for the Development of Binding Parts in a Standing Rehabilitation Robot. Sensors 2023, 23, 2206. [Google Scholar] [CrossRef]

	



Shuler, M.S.; Reisman, W.M.; Whitesides, T.E.; Kinsey, T.L.; Hammerberg, E.M.; Davila, M.G.; Moore, T.J. Near-Infrared Spectroscopy in Lower Extremity Trauma. J. Bone Jt. Surg. 2009, 91, 1360–1368. [Google Scholar] [CrossRef]

	



Wassenaar, E.B.; Van den Brand, J.G. Reliability of near-infrared spectroscopy in people with dark skin pigmentation. J. Clin. Monit. Comput. 2005, 19, 195–199. [Google Scholar] [CrossRef] [PubMed]

	



Kane, R.L.; Bershadsky, B.; Lin, W.C.; Rockwood, T.; Wood, K. Efforts to Standardize the Reporting of Pain. J. Clin. Epidemiol. 2002, 55, 105–110. [Google Scholar] [CrossRef] [PubMed]

	



Makowski, D.; Pham, T.; Lau, Z.J.; Brammer, J.C.; Lespinasse, F.; Pham, H.; Schölzel, C.; Chen, S.H.A. NeuroKit2: A Python toolbox for neurophysiological signal processing. Behav. Res. Methods 2021, 53, 1689–1696. [Google Scholar] [CrossRef] [PubMed]

	



Bland, M. An Introduction to Medical Statistics; Oxford University Press: Oxford, UK, 2015. [Google Scholar]

	



Field, A. Discovering Statistics Using IBM SPSS Statistics; Sage: Thousand Oaks, CA, USA, 2013. [Google Scholar]

	



Vallat, R. Pingouin: Statistics in Python. J. Open Source Softw. 2018, 3, 1026. [Google Scholar] [CrossRef]

	



Kermavnar, T.; Power, V.; De Eyto, A.; O’Sullivan, L.W. Computerized Cuff Pressure Algometry as Guidance for Circumferential Tissue Compression for Wearable Soft Robotic Applications: A Systematic Review. Soft Robot 2018, 5, 497–511. [Google Scholar] [CrossRef] [PubMed]

	



Lyder, C.H. Pressure Ulcer Prevention and Management. JAMA-J. Am. Med. Assoc. 2003, 289, 223–226. [Google Scholar] [CrossRef] [PubMed]

	



Dahal, K.; Bogue-Jimenez, B.; Doblas, A. Global Stress Detection Framework Combining a Reduced Set of HRV Features and Random Forest Model. Sensors 2023, 23, 5220. [Google Scholar] [CrossRef] [PubMed]

	



Pramod, B.; Vani, M. Stress Detection with Machine Learning and Deep Learning using Multimodal Physiological Data. In Proceedings of the Second International Conference on Inventive Research in Computing Applications (ICIRCA), Coimbatore, India, 15–17 July 2020; pp. 51–57. [Google Scholar]

	



Schmidt, P.; Reiss, A.; Duerichen, R.; Van Laerhoven, K. Introducing WESAD, a multimodal dataset for wearable stress and affect detection. In Proceedings of the ICMI 2018—International Conference on Multimodal Interaction, Boulder, CO, USA, 16–20 October 2018. [Google Scholar]

	



Lai, K.; Yanushkevich, S.N.; Shmerko, V.P. Intelligent stress monitoring assistant for first responders. IEEE Access 2021, 9, 25314–25329. [Google Scholar] [CrossRef]

	



Meeuse, J.J.; Löwik, M.S.; Löwik, S.A.; Aarden, E.; van Roon, A.M.; Gans, R.O.; van Wijhe, M.; Lefrandt, J.D.; Reyners, A.K. Heart rate variability parameters do not correlate with pain intensity in healthy volunteers. Pain Med. 2013, 14, 1192–1201. [Google Scholar] [CrossRef]

	



Umeda, M.; Okifuji, A. Prediction of Pain Responses to Subsequent Cold Pressor Test via Baseline Heart Rate Variability in Healthy Adults. Eur. J. Pain 2022, 26, 1811–1820. [Google Scholar] [CrossRef]

	



Greco, A.; Valenza, G.; Lanata, A.; Scilingo, E.P.; Citi, L. cvxEDA: A convex optimization approach to electrodermal activity processing. IEEE Trans. Biomed. Eng. 2016, 63, 797–804. [Google Scholar] [CrossRef]

	



Giannotti, G.; Cohn, S.M.; Brown, M.; Varela, J.E.; McKenney, M.G.; Wiseberg, J.A. Utility of near-infrared spectroscopy in the diagnosis of lower extremity compartment syndrome. J. Trauma Acute Care Surg. 2000, 48, 396–401. [Google Scholar] [CrossRef]








[image: Sensors 24 00917 g001] 





Figure 1. Equipment setting: (a) position of EDA sensor; (b) experimental setup. 
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Figure 2. Equipment setting: (a) position of the NIRS sensor probe; (b) experimental setup. 
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Figure 3. EDA parameters and normalized VAS for different pressure conditions. *: p < 0.05. 
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Figure 4. EDA parameters, StO2, and normalized VAS for different pressure conditions. *: p < 0.05. 
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Table 1. Mean ± SD of EDA parameters according to different pressure conditions.






Table 1. Mean ± SD of EDA parameters according to different pressure conditions.





	Pressure [kPa]
	Mean SCL [μS]
	Max Amplitude [μS]
	SCR Counts





	10
	−0.12 ± 0.23
	1.08 ± 0.79
	5.3 ± 3.8



	20
	−0.06 ± 0.35
	1.40 ± 0.86
	10.2 ± 7.9



	30
	−0.01 ± 0.67
	2.09 ± 1.27
	12.1 ± 1.4










 





Table 2. Statistical results for EDA parameters using RM ANOVA.
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	Mean SCL
	Max Amplitude
	SCR Counts





	F-value
	16.684
	8.455
	10.790



	p-value
	0.000
	0.002
	0.001










 





Table 3. Statistical results for EDA parameters using a paired t-test.






Table 3. Statistical results for EDA parameters using a paired t-test.





	Group
	Mean SCL
	Max Amplitude
	SCR Counts





	10 kPa vs. 20 kPa
	0.008 *
	0.086
	0.011 *



	10 kPa vs. 30 kPa
	0.001 *
	0.008 *
	0.003 *



	20 kPa vs. 30 kPa
	0.002 *
	0.005 *
	0.051







*: p < 0.05.













 





Table 4. Mean ± SD of bio-signal parameters according to pressure conditions.






Table 4. Mean ± SD of bio-signal parameters according to pressure conditions.





	Pressure [kPa]
	Mean SCL [μS]
	Max Amplitude [μS]
	SCR Counts
	Decrease in StO2 [%]





	10
	−0.10 ± 0.04
	1.47 ± 1.21
	27.8 ± 22.5
	11.46 ± 7.53



	20
	−0.07 ± 0.04
	1.90 ± 1.53
	34.7 ± 20.4
	55.56 ± 20.53



	30
	−0.06 ± 0.05
	2.27 ± 1.57
	49.2 ± 35.2
	58.19 ± 21.82










 





Table 5. Statistical results for bio-signal parameters using RM ANOVA.
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	Mean SCL
	Max Amplitude
	SCR Counts
	Decrease in StO2





	F-value
	6.574
	8.264
	8.281
	55.292



	p-value
	0.007
	0.003
	0.003
	0.000










 





Table 6. Statistical results for bio-signal parameters using a paired t-test.






Table 6. Statistical results for bio-signal parameters using a paired t-test.





	Group
	Mean SCL
	Max Amplitude
	SCR Counts
	Decrease in StO2





	10 kPa vs. 20 kPa
	0.015 *
	0.022 *
	0.005 *
	0.000 *



	10 kPa vs. 30 kPa
	0.016 *
	0.010 *
	0.006 *
	0.000 *



	20 kPa vs. 30 kPa
	0.353
	0.068
	0.062
	0.009 *







*: p < 0.05.
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