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Abstract

:

Considering that driving stress is a major contributor to traffic accidents, detecting drivers’ stress levels in time is helpful for ensuring driving safety. This paper attempts to investigate the ability of ultra-short-term (30-s, 1-min, 2-min, and 3-min) HRV analysis for driver stress detection under real driving circumstances. Specifically, the t-test was used to investigate whether there were significant differences in HRV features under different stress levels. Ultra-short-term HRV features were compared with the corresponding short-term (5-min) features during low-stress and high-stress phases by the Spearman rank correlation and Bland–Altman plots analysis. Furthermore, four different machine-learning classifiers, including a support vector machine (SVM), random forests (RFs), K-nearest neighbor (KNN), and Adaboost, were evaluated for stress detection. The results show that the HRV features extracted from ultra-short-term epochs were able to detect binary drivers’ stress levels accurately. In particular, although the capability of HRV features in detecting driver stress also varied between different ultra-short-term epochs, MeanNN, SDNN, NN20, and MeanHR were selected as valid surrogates of short-term features for driver stress detection across the different epochs. For drivers’ stress levels classification, the best performance was achieved with the SVM classifier, with an accuracy of 85.3% using 3-min HRV features. This study makes a contribution to building a robust and effective stress detection system using ultra-short-term HRV features under actual driving environments.
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1. Introduction


Driver stress can affect a driver’s decision-making, performance, and perception abilities [1], increasing traffic safety risks [2]. One study estimated that 30 percent of road crashes are caused by driver stress, thus making stress a major contributor to crashes [3]. Prolonged exposure to driving stress can cause drivers to suffer from headaches, reduced sleep quality, and even increased cardiovascular risk [4]. Therefore, detecting driver stress is crucial for improving driver performance to ensure traffic safety.



Previous research mainly assessed driver stress, based on the driver’s psychological, physical, and physiological responses. Psychological assessments have been used as ground truth in stress detection in most studies. Questionnaires or self-reporting methods [5] are used to measure drivers’ stress after driving. However, conducting questionnaires at the end of the experiment may not reflect the driver’s feelings accurately, affecting the assessment results [6]. Some studies have attempted to detect driver stress by monitoring drivers’ physical responses, such as facial expressions [7] and vehicle dynamic data [8]. Additionally, researchers also have concentrated on physiological-based assessment methods, such as heart activity [9], electrodermal activity [6], and respiration activity [1]. Particularly, heart rate variability (HRV), which could be collected non-invasively, has been one of the prevalent methods to assess driver stress [10]. HRV describes the interval variation between consecutive R-wave peaks and can reflect the fluctuation of the autonomic nervous system (ANS), which directly affects cardiac activity. HRV signals are commonly analyzed in time-domain, frequency-domain, and non-linear analyses to detect driver stress. During stress phases, HRV features significantly vary with the fluctuations of the ANS activities, making them good indicators of drivers’ stress [9].



The recommended minimum duration for a short-term HRV analysis is 5 min, which has been used to detect driver stress in many studies [9,10,11]. Specifically, there is an outstanding performance for using short-term (5 min) HRV features to detect driver stress in real driving conditions [11]. However, fewer studies have investigated the estimation of the driver’s stress levels using an ultra-short-term (less than 5 min) HRV analysis. In fact, the epochs for a 5-min HRV analysis may be too long to detect driver stress in time, resulting in the failure for alerting the driver to avoid traffic incidents and accidents. To address this problem, many researchers have used an ultra-short-term HRV analysis, which could be used to monitor driver stress levels in a real-time and continuous manner, to detect driver stress levels [12,13]. Although those studies tried to use some HRV features extracted from less than 5-min epochs for driver stress detection, they ignored the difference in the stress detection abilities between various ultra-short-term and short-term HRV features. Moreover, previous studies conducted ultra-short-term HRV analyses for mental stress detection using the data collected in well-designed experiments, rather than those collected in the field [14] [15]. Considering that participants could feel more relaxed in the lab, resulting in different HRV feature changes between the data collected in the field and in the lab, conducting an ultra-short-term HRV analysis with data in the field may represent authenticity and have high value for practical applications. Moreover, ultra-short-term HRV analyses have been employed in various clinical fields [16,17]. Some studies have shown that ultra-short-term HRV features are valid surrogates for short-term HRV features for investigating the ANS function in obstructive sleep apnea (OSA) patients [18,19]. Although Munoz et al. [20] evaluated the validity of two HRV features extracted from 10-sec epochs, it is unclear to measure the stress level for other HRV features, since more HRV features could be used to build a more robust detection model. Therefore, there is a challenge to build a real-time and robust stress detection model using ultra-short-term HRV features.



In this study, we focus on driver stress detection and assessment using an ultra-short-term HRV analysis in real work conditions. Firstly, a statistical analysis was performed to determine which ultra-short-term HRV feature could be used to substitute the corresponding short-term HRV feature, to detect driver stress levels. Then, the machine learning approach was employed to build a classification model for stress detection. To the best of our knowledge, this is the first study to analyze driver stress detection using ultra-short-term HRV features in actual driving conditions. The ultra-short-term driver stress detection model could be used to monitor driver stress states in a short and real time manner, alerting the driver to make adjustments in a timely manner and thereby ensuring traffic safety.




2. Materials and Methods


2.1. Stress Data


The data used in this study were the ECG signals in the driver database [1]. The data include the signals of 17 drivers, who were required to drive a prespecified route in Boston. As shown in Figure 1, the driving route contains three driving scenarios: rest, city-driving, and highway-driving, which were designed to induce drivers’ varying stress feelings. Specifically, two 15-min rest periods occurred at the beginning and end of the drive. During the rest periods, the driver sat in the garage with eyes closed to create a low-stress level. Following the first rest period, the drivers drove on a busy street with unexpected risks generated by non-motorized traffic flow, resulting in a high-stress level. The route then led drivers away from the city, over a bridge, and onto a highway. During highway driving, the drivers would have a medium-stress level when driving without congestion. Finally, drivers turned around and followed the same route in the opposite direction, back to the starting point. Each driving experiment lasted around 60 to 90 min, depending on the traffic conditions.



Three digital cameras were used to record video during the whole driving experiment, including the first camera placed at the steering wheel, the second wide-angle camera was mounted on the dashboard, and the third camera was used for event recording. Then, two experts watched those videos to score the driver’s stress level, according to some stress indicators (e.g., stops, turning, bumps in the road, head-turning, and gaze changes). Following the experiment, the drivers were required to complete subjective rating questionnaires immediately, including two main ratings: a subjective stress rating scale and a stressful event rating scale. The results from both expert ratings and subjective questionnaires validated the assumption that the experimental scenarios can induce defined stress levels: low stress, moderate stress, and high stress, corresponding to rest, highway, and city street driving [1].




2.2. Pre-Processing


The RR intervals were extracted from the ECG signals using the PhysioNet HRV toolkit, a rigorously validated open-source software package for HRV analysis [21]. Moreover, outliers and ectopic beats were removed from those RR intervals. An outlier is defined as a point outside the range of 280 to 1500 milliseconds [22], and an ectopic beat is a point where the RR interval differs from the previous RR interval by more than 20% [23]. Both outliers and ectopic beats were replaced by interpolated intervals with linear interpolation [22]. Moreover, to analyze the HRV features extracted from various epochs, all RR intervals were divided into 5-min epochs without overlapping. Secondly, the shorter epochs (i.e., 30-s, 1-min, 2-min, and 3-min epochs) were obtained from the corresponding 5-min epoch. Specifically, 30-s, 1-min, 2-min, and 3-min epochs have the same center point with corresponding 5-min epochs, as shown in Figure 2.



The recordings from the first 5 min of each experiment were discarded due to a poor signal quality. Moreover, only “low-stress level” and “high-stress level” recordings were considered in this study to obtain a clearer distinction between the different stress levels.




2.3. HRV Features


For each epoch, 22 commonly used HRV features were extracted from the RR intervals, according to Table 1, including 10 time-domain features, seven frequency-domain features, and five non-linear features. The Lomb–Scargle periodogram, which is suitable for small sample RR intervals and does not require resampling, was used to analyze the power spectral density of the RR intervals.




2.4. Statistical Analysis


2.4.1. Student’s t-Test


The t-test was conducted to investigate whether there is a statistically significant difference in those HRV features between the varying stress levels. Specifically, the t-test was performed for different time scales, respectively, to explore how the HRV features extracted from different time scales related to the stress levels. It is assumed that, for an HRV feature, there is the same ability of stress detection in all time scales, if a significant difference and the same tendency were found for it and extracted from the various time scales, between the varying stress levels. The significance level was set at p < 0.05.




2.4.2. Spearman Correlation Analysis and Bland–Altman Plots


The Spearman correlation analysis, a nonparametric rank statistic, was carried out to determine whether an ultra-short-term HRV feature was correlated with the corresponding short-term HRV feature at the same stress level. Although Spearman’s rank correlation coefficient has been used to measure the degree of association between two variables, the strong correlation does not necessarily indicate an agreement. Considering that the Bland–Altman analysis could be used to measure the mean difference and calculate the limits of agreement(LoA) for assessing the agreement between two methods of measurement [25,26], the Bland–Altman analysis was further used to assess the agreement between the ultra-short HRV features and the corresponding short-term HRV features at the same stress level. It would be assumed that an ultra-short-term HRV feature could be used to replace the corresponding short-term HRV feature for driver stress detection, if an HRV feature meets the following conditions: (1) there are the same changes for all of the ultra-short-term HRV features and corresponding short-term HRV feature, between the low-stress and high-stress levels, and (2) there are significant correlations for all of the ultra-short-term HRV features and corresponding short-term HRV features between the low-stress and high-stress levels (i.e., the correlation coefficient is higher than 0.7, and the correlation coefficient is significantly different). The significance level of Spearman’s correlation coefficient was set at 0.05.





2.5. Stress Classification


The machine learning pipeline used in this work is shown in Figure 3. For the ultra-short-term HRV features, only those features, which could be substituted for the corresponding short-term HRV features, based on a statistical analysis, were used to build the machine-learning models. The feature data was split into two parts: 70% of the data for training and parameter tuning, and 30% of the data for testing. To make sure that the results are not just coincidental, this process was repeated ten times. The 10-fold cross-validation was performed to research the optimal parameters using a grid search at each split. The accuracy, sensitivity, specificity, and F1-score were calculated to evaluate the performance of the models. The final test results are the mean values across these ten repetitions.



Four different binary classifiers were considered: support vector machine (SVM) [27], random forests (RFs) [28], K-nearest neighbor (KNN) [29], and AdaBoost [30]. These classifiers were chosen, partly because they are different from each other in algorithmic logic, but also because they have been used to build stress detection in previous studies. The SVM used a Gaussian kernel function. The KNN was trained with K varies from 1 to 10 and used the Euclidean distance metric. The RFs used 50, 100, and 150 decision trees. The Adaboost classifier used the same decision trees as the RFs and a learning rate of 0.1. Except for these parameters, the default settings in the Python packages sklearn version 0.19.2 were used.





3. Results


3.1. Ultra-Short-Term HRV Features Analysis


The t-test results and the trends of the HRV features are reported in Table 2 and Table 3, respectively. For the 5-min epochs, 18 of the 22 HRV features showed statistically significant differences between the low-stress and high-stress levels. Fourteen of these 18 features increased significantly with the increased stress level, while the remaining four features were significantly decreased. Moreover, the results of the ultra-short-term HRV features analysis showed that there were the same significant differences and trends for one HRV feature extracted from different time scales between low-stress and high-stress levels, suggesting that varying epoch lengths might not affect the changes of the HRV features between the different stress levels.



The correlation analysis results for ultra-short HRV features are reported in Table 4. For the time-domain features, four features (MeanNN, SDNN, NN20, and MeanHR) showed high correlation coefficients for 30-s or 1-min epochs (i.e., ultra-short vs. short time-epoch per each feature). For the frequency-domain features, only HF showed a high correlation for 1-min epochs. However, there was no high correlation coefficient in the frequency-domain features computed in 30-s epochs. For the non-linear features, CVI and SampEn showed high correlation coefficients for 1-min epochs, while none of the non-linear features showed high correlation coefficients for 30-s epochs. Moreover, there are high correlation coefficients in all HRV features extracted from 2-min or 3-min epochs between the low-stress and high-stress levels.



For 30-s epochs, MeanNN, SDNN, NN20, and MeanHR could be selected as valid surrogates for the short-term HRV features. For 1-min epochs, MeanNN, SDNN, NN20, MeanHR, HF, CVI, and SampEn were selected as valid surrogates for the short-term features for the driver stress detection. For 2-min or 3-min epochs, all the features, except for SDSD, pNN20, RMSSD, and SD1, could be used as surrogates for the short-term HRV features. For all time scales, MeanNN, SDNN, NN20, and MeanHR showed statistically significant differences between the low-stress and high-stress levels and high correlation coefficients across time-scales (i.e., each ultra-short vs. short time-scale per each feature). Therefore, MeanNN, SDNN, NN20, and MeanHR were selected as valid surrogates for the short-term HRV features to detect drivers’ stress levels. Furthermore, the results of the correlation analysis were supported by the visual inspection of the Bland–Altman plots. As the epoch length increases, a decrease in bias and in width of the 95% LoA (±1.96 SD) was observed. The Bland–Altman plots analyses of MeanNN are shown in Figure 4.




3.2. Stress Classification with Ultra-Short-Term HRV Features


For the feature selection, we selected four HRV features, which were valid surrogates for the short HRV features across all time scales, as input to build the driver’s stress detection model. Since the 5-min epoch is recommended for short-term HRV analyses, the performance of various classifiers with different ultra-short-term HRV features was compared with those classifiers with 5-min HRV features. Table 5 shows the performance of different classifiers using four short-term HRV features (i.e., MeanNN, SDNN, NN20, and MeanHR) as input. The best classification performance was achieved with the SVM classifier, whose mean accuracy was 87.5%.



The best-performing classifier was evaluated in various time scale settings. Hence, the SVM classifier with those HRV features (i.e., MeanNN, SDNN, NN20, and MeanHR) was evaluated for each time scale. The results are summarized in Table 6. The best classification accuracy was achieved with 3-min epochs, whose accuracy was 85.3%, while the accuracy of the SVM classifier using 30-s epochs was 85.0%. Performance dropped by about 3 percentage points using ultra-short-term HRV features, compared with short-term HRV features. Although the HRV features extracted from different time scales as input data had an impact on the performance of stress classification, the ultra-short-term HRV features could still detect drivers’ stress levels with a good performance.





4. Discussion


In this study, we investigate whether ultra-short-term HRV features could be used to measure and assess drivers’ stress. Considering that a 5-min HRV analysis may be too long to detect driver stress in time, an ultra-short-term (less than 5 min) HRV analysis was conducted. The t-test results for the HRV features showed that almost all HRV features extracted from the 5-min epochs had statistically significant differences between the low-stress and high-stress levels. The significant differences in ultra-short-term HRV features under different stress levels were in accordance with 5-min HRV features. Moreover, the tendency of ultra-short-term HRV features is the same as the tendency of the corresponding short-term HRV features between various stress levels, which are consistent with another study’s findings [31].



For the correlation analysis, the HRV features extracted from 2-min or 3-min epochs had high correlation coefficients with short-term HRV features. In particular, all frequency-domain HRV features extracted from 2-min or 3-min epochs were strongly correlated with those HRV features extracted from 5-min epochs, which is consistent with the findings of another study [32]. Considering that at least a 1-min length is required to calculate the HF band and at least a 2-min length is required to estimate the LF band [32], the results show that LF had a very low Spearman coefficient, below 2 min, whilst for HF, it was below 1 min. Moreover, a 5-min length is required to evaluate the VLF band [33], but in this study, the VLF calculated from 5-min epochs had a high strong correlation for the ultra-short-time features extracted from over 2-min epochs. Regarding the non-linear HRV features, few studies have investigated their reliability in ultra-short-term lengths. Moreover, the correlation coefficient between the ultra-short-term and short-term HRV features decreased with the decreased length of the ultra-short-term epochs. Moreover, MeanNN, SDNN, NN20, and MeanHR extracted from various time scales have high correlation coefficients with those extracted from 5-min epochs, suggesting that those HRV features could be good surrogates for the short-term HRV features to detect drivers’ stress levels.



For driver stress detection, the results show that it is feasible to detect drivers’ stress levels in a very short time. The performances of four different classifiers were evaluated for stress detection with ultra-short-term HRV features. Although the best classification performance was achieved by the SVM classifier using short-term HRV features as input with an accuracy of 87.5%, the performance of the SVM classifier using ultra-short-term HRV features as input was not bad. The performance dropped by about 3 percentage points for the stress detection with ultra-short-term HRV features, suggesting that the ultra-short-term HRV features could be good surrogates for the short-term HRV features for stress detection. Moreover, previous studies have used the driver dataset used in this study to explore the stress detection method. Our model’s performance is superior to that of those studies. Munla et al. [9] used an SVM-RBF classifier using 5-min epochs as input to predict driver stress levels and achieved an accuracy of 83%, which is lower than the accuracy achieved in our study. Dalmeida et al. [12] proposed a method to automatically detect stress with HRV features computed by 30-s epochs and obtained an accuracy of 85% (sensitivity = 81% and F1-score = 78%). However, it does not explore that ultra-short-term features are significantly correlated with 5-min features. The redundant features may affect the model’s performance. Our study has confirmed that not all 30-s HRV features are a good substitute for 5-min HRV features. Moreover, Vargas et al. [34] analyzed the ability of EMG signals with different time scales (1 min, 2 min, 3 min, 4 min, and 5 min) for driver stress detection. Their results showed that an ultra-short-term EMG analysis was not able to detect drivers’ stress levels, and the accuracy of the ultra-short-term epochs dropped by about 20%, compared to short-term epochs. However, none of the studies have focused on ultra-short-term HRV analyses for driver stress detection.



Our result indicated that MeanNN, SDNN, NN20, and MeanHR could be used to replace the corresponding short-term HRV feature to detect driver stress levels. Moreover, to explore the ability of the single features to detect drivers’ stress, each valid surrogate feature using 5-min epochs was used, respectively, as input for the classifiers. The performances of these classifiers dropped by about 10–15 percentage points using each valid surrogate feature as input, compared with the combination of these HRV features.



While this study provides stress detection with ultra-short-term HRV features, important limitations are noted. Although the stress detection model in this study was developed, based on some ultra-short-term HRV features (i.e., MeanNN, SDNN, NN20, and MeanHR), more frequency-domain and non-linear HRV features should be explored for stress detection. More HRV features used as inputs might improve the models’ performance. Furthermore, the variation in cardiac activity between individuals could be considerably large, which may be influenced by age, weight, and gender. It has been shown that accounting for inter-individual variability may improve the classification performance [35]. Future work should investigate more powerful and robust models to accurately detect drivers’ stress, combining ultra-short-term HRV analysis and other physiological signals.




5. Conclusions


This study investigated the ability of ultra-short-term HRV analysis to detect and assess driver stress levels under real world driving conditions. Although the ability of short-term HRV analysis has been found for stress detection, the feasibility of stress detection using ultra-short-term HRV features has not been explored. Our study demonstrates that not all ultra-short HRV features are good surrogates of corresponding short-term HRV features. In particular, HRV features which could be used for stress assessment are different for different ultra-short-term time scales. Moreover, although ultra-short-term HRV features have a weak negative impact on the classification performance, compared with short-term HRV features, the performance of ultra-short-term HRV features still could reach a high level.



Driver stress detection, based on ultra-short-term HRV analysis, remains an interesting and challenging issue, which have not been addressed appropriately. With the advance in vehicle equipment, it is very important to detect drivers’ stress levels in time. The ultra-short-term HRV analysis could detect driver stress levels accurately and timely, alerting the driver to avoid traffic incidents and accidents. The findings of this study could contribute to building a robust and effective stress detection system using ultra-short-term HRV features for driver stress measurement and assessment in a short and real-time manner, which could be used to alert the driver to make an adjustment and thereby ensure traffic safety.







Author Contributions


Methodology, K.L.; software, K.L., Y.J., and X.Z.; formal analysis, K.L.; investigation, K.L. and C.D.; resources, C.D.; data curation, K.L.; writing—original draft preparation, K.L.; writing—review and editing, Y.J.; visualization, K.L. and X.C.; supervision, C.J. and F.X.; project administration, C.J.; funding acquisition, F.X. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by Sichuan Social Science Key Research Base National Park Research Center (Grant No. GJGY2022-YB009) and Open Fund of Key Laboratory of Flight Techniques and Flight Safety, CAAC (No. FZ2021KF05).




Informed Consent Statement


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




Data Availability Statement


Authors did not collect data from humans or animals. Data used in this research are from publicly available sources (https://physionet.org/content/drivedb/1.0.0/).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Healey, J.A.; Picard, R.W. Detecting Stress during Real-World Driving Tasks Using Physiological Sensors. IEEE Trans. Intell. Transp. Syst. 2005, 6, 156–166. [Google Scholar] [CrossRef]

	



Hill, J.D.; Boyle, L.N. Driver Stress as Influenced by Driving Maneuvers and Roadway Conditions. Transp. Res. Part F Traffic Psychol. Behav. 2007, 10, 177–186. [Google Scholar] [CrossRef]

	



Khattak, Z.H.; Fontaine, M.D.; Boateng, R.A. Evaluating the Impact of Adaptive Signal Control Technology on Driver Stress and Behavior Using Real-World Experimental Data. Transp. Res. Part F Traffic Psychol. Behav. 2018, 58, 133–144. [Google Scholar] [CrossRef]

	



Schmidt, P.; Reiss, A.; Dürichen, R.; Laerhoven, K. Van Wearable-Based Affect Recognition—A Review. Sensors 2019, 19, 4079. [Google Scholar] [CrossRef] [PubMed]

	



Kaye, S.A.; Lewis, I.; Freeman, J. Comparison of Self-Report and Objective Measures of Driving Behavior and Road Safety: A Systematic Review. J. Saf. Res. 2018, 65, 141–151. [Google Scholar] [CrossRef] [PubMed]

	



Singh, M.; Bin Queyam, A. A Novel Method of Stress Detection Using Physiological Measurements of Automobile Drivers. Int. J. Electron. Eng. 2013, 5, 13–20. [Google Scholar]

	



Gao, H.; Yüce, A.; Thiran, J.P. Detecting emotional stress from facial expressions for driving safety. In Proceedings of the 2014 IEEE International Conference on Image Processing (ICIP), Paris, France, 27–30 October 2014; Volume 1, pp. 5961–5965. [Google Scholar]

	



Lee, D.S.; Chong, T.W.; Lee, B.G. Stress Events Detection of Driver by Wearable Glove System. IEEE Sens. J. 2017, 17, 194–204. [Google Scholar] [CrossRef]

	



Munla, N.; Khalil, M.; Shahin, A.; Mourad, A. Driver Stress Level Detection Using HRV Analysis. In Proceedings of the 2015 International Conference on Advances in Biomedical Engineering (ICABME), Beirut, Lebanon, 16–18 September 2015; pp. 61–64. [Google Scholar] [CrossRef]

	



Nemcova, A.; Svozilova, V.; Bucsuhazy, K.; Smisek, R.; Mezl, M.; Hesko, B.; Belak, M.; Bilik, M.; Maxera, P.; Seitl, M.; et al. Multimodal Features for Detection of Driver Stress and Fatigue: Review. IEEE Trans. Intell. Transp. Syst. 2021, 22, 3214–3233. [Google Scholar] [CrossRef]

	



Wang, J.S.; Lin, C.W.; Yang, Y.T.C. A K-Nearest-Neighbor Classifier with Heart Rate Variability Feature-Based Transformation Algorithm for Driving Stress Recognition. Neurocomputing 2013, 116, 136–143. [Google Scholar] [CrossRef]

	



Dalmeida, K.M.; Masala, G.L. Hrv Features as Viable Physiological Markers for Stress Detection Using Wearable Devices. Sensors 2021, 21, 2873. [Google Scholar] [CrossRef]

	



Jiao, Y.; Sun, Z.; Fu, L.; Yu, X.; Jiang, C.; Zhang, X.; Liu, K.; Chen, X. Physiological Responses and Stress Levels of High-Speed Rail Train Drivers under Various Operating Conditions—A Simulator Study in China. Int. J. Rail Transp. 2022, 1–16. [Google Scholar] [CrossRef]

	



Castaldo, R.; Montesinos, L.; Melillo, P.; James, C.; Pecchia, L. Ultra-Short Term HRV Features as Surrogates of Short Term HRV: A Case Study on Mental Stress Detection in Real Life. BMC Med. Inform. Decis. Mak. 2019, 19, 12. [Google Scholar] [CrossRef] [PubMed]

	



Pecchia, L.; Castaldo, R.; Montesinos, L.; Melillo, P. Are Ultra-short Heart Rate Variability Features Good Surrogates of Short-term Ones? State-of-the-art Review and Recommendations. Healthc. Technol. Lett. 2018, 5, 94–100. [Google Scholar] [CrossRef] [PubMed]

	



Nussinovitch, U.; Cohen, O.; Kaminer, K.; Ilani, J.; Nussinovitch, N. Evaluating Reliability of Ultra-Short ECG Indices of Heart Rate Variability in Diabetes Mellitus Patients. J. Diabetes Complicat. 2012, 26, 450–453. [Google Scholar] [CrossRef]

	



Nussinovitch, U.; Elishkevitz, K.P.; Katz, K.; Nussinovitch, M.; Segev, S.; Volovitz, B.; Nussinovitch, N. Reliability of Ultra-Short ECG Indices for Heart Rate Variability. Ann. Noninvasive Electrocardiol. 2011, 16, 117–122. [Google Scholar] [CrossRef]

	



Hietakoste, S.; Korkalainen, H.; Kainulainen, S.; Sillanmäki, S.; Nikkonen, S.; Myllymaa, S.; Duce, B.; Töyräs, J.; Leppänen, T. Longer Apneas and Hypopneas Are Associated with Greater Ultra-Short-Term HRV in Obstructive Sleep Apnea. Sci. Rep. 2020, 10, 21556. [Google Scholar] [CrossRef] [PubMed]

	



Ha, S.S.; Kim, D.K. Diagnostic Efficacy of Ultra-Short Term HRV Analysis in Obstructive Sleep Apnea. J. Pers. Med. 2022, 12, 1494. [Google Scholar] [CrossRef]

	



Munoz, M.L.; Van Roon, A.; Riese, H.; Thio, C.; Oostenbroek, E.; Westrik, I.; De Geus, E.J.C.; Gansevoort, R.; Lefrandt, J.; Nolte, I.M.; et al. Validity of (Ultra-)Short Recordings for Heart Rate Variability Measurements. PLoS ONE 2015, 10, e0138921. [Google Scholar] [CrossRef]

	



Zong, W.; Moody, G.B.; Jiang, D. A Robust Open-Source Algorithm to Detect Onset and Duration of QRS Complexes. Comput. Cardiol. 2003, 30, 737–740. [Google Scholar] [CrossRef]

	



Tiwari, A.; Cassani, R.; Gagnon, J.F.; Lafond, D.; Tremblay, S.; Falk, T.H. Prediction of Stress and Mental Workload during Police Academy Training Using Ultra-Short-Term Heart Rate Variability and Breathing Analysis. In Proceedings of the 2020 42nd Annual International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC), Montreal, QC, Canada, 20–24 July 2020; pp. 4530–4533. [Google Scholar] [CrossRef]

	



Gilgen-Ammann, R.; Schweizer, T.; Wyss, T. RR Interval Signal Quality of a Heart Rate Monitor and an ECG Holter at Rest and during Exercise. Eur. J. Appl. Physiol. 2019, 119, 1525–1532. [Google Scholar] [CrossRef]

	



Toichi, M.; Sugiura, T.; Murai, T.; Sengoku, A. A New Method of Assessing Cardiac Autonomic Function and Its Comparison with Spectral Analysis and Coefficient of Variation of R-R Interval. J. Auton. Nerv. Syst. 1997, 62, 79–84. [Google Scholar] [CrossRef] [PubMed]

	



Bland, J.M.; Altman, D.G. Applying the Right Statistics: Analyses of Measurement Studies. Ultrasound Obstet. Gynecol. 2003, 22, 85–93. [Google Scholar] [CrossRef] [PubMed]

	



Vesna, I. Understanding Bland Altman Analysis. Biochem. Med. 2009, 19, 10–16. [Google Scholar]

	



Lopes, N.; Ribeiro, B. Support Vector Machines (SVMs). Stud. Big Data 2015, 7, 85–105. [Google Scholar] [CrossRef]

	



Tyralis, H.; Papacharalampous, G.; Langousis, A. A Brief Review of Random Forests for Water Scientists and Practitioners and Their Recent History in Water Resources. Water 2019, 11, 910. [Google Scholar] [CrossRef]

	



Zhang, Z. Introduction to Machine Learning: K-Nearest Neighbors. Ann. Transl. Med. 2016, 4, 218. [Google Scholar] [CrossRef]

	



Schapire, R.E. Explaining Adaboost. In Empirical Inference: Festschrift in Honor of Vladimir N. Vapnik; Springer: Berlin/Heidelberg, Germany, 2013; pp. 37–52. [Google Scholar] [CrossRef]

	



Magaña, V.C.; Scherz, W.D.; Seepold, R.; Madrid, N.M.; Pañeda, X.G.; Garcia, R. The Effects of the Driver’s Mental State and Passenger Compartment Conditions on Driving Performance and Driving Stress. Sensors 2020, 20, 5274. [Google Scholar] [CrossRef]

	



Baek, H.J.; Cho, C.H.; Cho, J.; Woo, J.M. Reliability of Ultra-Short-Term Analysis as a Surrogate of Standard 5-Min Analysis of Heart Rate Variability. Telemed. e-Health 2015, 21, 404–414. [Google Scholar] [CrossRef]

	



Malik, M.; Bigger, J.T.; Camm, A.J.; Kleiger, R.E.; Malliani, A.; Moss, A.J.; Schwartz, P.J. Heart rate variability: Standards of measurement, physiological interpretation, and clinical use. Eur. Heart J. 1996, 17, 354–381. [Google Scholar] [CrossRef]

	



Vargas-Lopez, O.; Perez-Ramirez, C.A.; Valtierra-Rodriguez, M.; Yanez-Borjas, J.J.; Amezquita-Sanchez, J.P. An Explainable Machine Learning Approach Based on Statistical Indexes and Svm for Stress Detection in Automobile Drivers Using Electromyographic Signals. Sensors 2021, 21, 3155. [Google Scholar] [CrossRef]

	



Persson, A.; Jonasson, H.; Fredriksson, I.; Wiklund, U.; Ahlstrom, C. Heart Rate Variability for Classification of Alert Versus Sleep Deprived Drivers in Real Road Driving Conditions. IEEE Trans. Intell. Transp. Syst. 2021, 22, 3316–3325. [Google Scholar] [CrossRef]








[image: Entropy 25 00194 g001 550] 





Figure 1. Overview of the experiment. 






Figure 1. Overview of the experiment.
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Figure 2. Cutting a 5-min epoch into some shorter epochs. 
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Figure 3. Flowchart of the classification steps. 
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Figure 4. Bland–Altman Plots of MeanNN. (a) Bland–Altman Plots of MeanNN during high stress. (b) Bland–Altman Plots of MeanNN during low stress. 
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Table 1. HRV features and their description.






Table 1. HRV features and their description.





	
Domain

	
HRV Feature

	
Unit

	
Description






	
Time

	
MeanNN

	
ms

	
Mean RR interval




	
SDNN

	
ms

	
Standard deviation of the RR intervals




	
SDSD

	
ms

	
The standard deviation of the differences between adjacent RR intervals




	
NN50

	

	
Number of pairs of differences between adjacent RR intervals differing by more than 50 milliseconds




	
pNN50

	

	
NN50 count divided by the total number of all RR intervals




	
NN20

	

	
Number of pairs of differences between adjacent RR intervals differing by more than 20 milliseconds




	
pNN20

	

	
NN20 count divided by the total number of all RR intervals




	
RMSSD

	
ms

	
Square root of the mean of the sum of the squares of the differences between adjacent RR intervals




	
MeanHR

	
bpm

	
Mean heart rate




	
SDHR

	
bpm

	
Standard deviation of the heart rate




	
Frequency

	
LF

	
ms2

	
Power of the low frequency band (0.04–0.15 Hz)




	
HF

	
ms2

	
Power of the high frequency band (0.15–0.4 Hz)




	
LF/HF

	

	
Ratio of the LF to HF




	
TP

	
ms2

	
Total power of the frequency band (≤0.4 Hz)




	
VLF

	
ms2

	
Power of the very low frequency band (≤0.04 Hz)




	
LFnu

	
nu

	
LF power in normalized units




	
HFnu

	
nu

	
HF power in normalized units




	
Non-linear

	
CSI

	

	
Cardiac sympathetic index [24]




	
CVI

	

	
Cardiac vagal index [24]




	
SD1

	
ms

	
The standard deviation of the projection of the Poincaré plot on the line perpendicular to the line (y = x)




	
SD2

	
ms

	
The standard deviation of the projection of the Poincaré plot on the line (y = x)




	
SampEn

	

	
Sample entropy, which is a measure of complexity for the HRV time series data
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Table 2. t-test results (p-value) for the HRV features between the low-stress and high-stress levels.
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	HRV Feature
	30-s
	1-min
	2-min
	3-min
	5-min





	MeanNN
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	SDNN
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	SDSD
	0.061
	0.120
	0.095
	0.083
	0.306



	NN50
	0.004
	<0.001
	<0.001
	<0.001
	<0.001



	pNN50
	0.001
	<0.001
	<0.001
	<0.001
	<0.001



	NN20
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	pNN20
	0.111
	0.196
	0.210
	0.299
	0.119



	RMSSD
	0.061
	0.120
	0.095
	0.083
	0.306



	MeanHR
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	SDHR
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	LF
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	HF
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	LF/HF
	0.046
	0.031
	0.013
	0.067
	0.020



	TP
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	VLF
	0.003
	0.011
	0.001
	<0.001
	<0.001



	LFnu
	0.001
	0.002
	0.001
	0.006
	0.001



	HFnu
	0.001
	0.002
	0.001
	0.006
	0.001



	CSI
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	CVI
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	SD1
	0.070
	0.129
	0.100
	0.086
	0.311



	SD2
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	SampEn
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001







Note: Statistically significant effects (p < 0.05) between the stress levels are in bold.
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Table 3. The trends of the HRV features’ mean.
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	HRV Feature
	30-s
	1-min
	2-min
	3-min
	5-min





	MeanNN
	↓↓
	↓↓
	↓↓
	↓↓
	↓↓



	SDNN
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	SDSD
	↑
	↑
	↑
	↑
	↑



	NN50
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	pNN50
	↓↓
	↓↓
	↓↓
	↓↓
	↓↓



	NN20
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	pNN20
	↓
	↓
	↓
	↓
	↓



	RMSSD
	↑
	↑
	↑
	↑
	↑



	MeanHR
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	SDHR
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	LF
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	HF
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	LF/HF
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	TP
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	VLF
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	LFnu
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	HFnu
	↓↓
	↓↓
	↓↓
	↓↓
	↓↓



	CSI
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	CVI
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	SD1
	↑
	↑
	↑
	↑
	↑



	SD2
	↑↑
	↑↑
	↑↑
	↑↑
	↑↑



	SampEn
	↓↓
	↓↓
	↓↓
	↓↓
	↓↓







Note: ↑↑ (or ↓↓) indicates significantly increased (or decreased) with increased stress level (p < 0.05); ↑ (or ↓) indicates increased (or decreased) with increased stress level (p > 0.05).
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Table 4. Spearman correlation analysis of the HRV features during the low-stress and high-stress levels.
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HRV

Features

	
Low Stress

	
High Stress




	
30-s vs. 5-min

	
1 vs. 5-min

	
2 vs. 5-min

	
3 vs. 5-min

	
30-s vs. 5-min

	
1 vs. 5-min

	
2 vs. 5-min

	
3 vs. 5-min






	
MeanNN

	
0.912 *

	
0.945 *

	
0.969 *

	
0.989 *

	
0.852 *

	
0.887 *

	
0.922 *

	
0.962 *




	
SDNN

	
0.793 *

	
0.727 *

	
0.841 *

	
0.920 *

	
0.760 *

	
0.780 *

	
0.908 *

	
0.968 *




	
SDSD

	
0.744 *

	
0.852 *

	
0.917 *

	
0.974 *

	
0.414

	
0.571

	
0.800 *

	
0.908 *




	
NN50

	
0.565

	
0.739 *

	
0.840 *

	
0.924 *

	
0.522

	
0.682

	
0.753 *

	
0.872 *




	
pNN50

	
0.595

	
0.682

	
0.873 *

	
0.953 *

	
0.524

	
0.694

	
0.884 *

	
0.918 *




	
NN20

	
0.745 *

	
0.803 *

	
0.911 *

	
0.950 *

	
0.728 *

	
0.730 *

	
0.839 *

	
0.915 *




	
pNN20

	
0.564

	
0.673

	
0.870 *

	
0.944 *

	
0.490

	
0.516

	
0.707 *

	
0.839 *




	
RMSSD

	
0.747 *

	
0.854 *

	
0.917 *

	
0.974 *

	
0.416

	
0.571

	
0.800 *

	
0.908 *




	
MeanHR

	
0.890 *

	
0.967 *

	
0.980 *

	
0.993 *

	
0.805 *

	
0.877 *

	
0.916 *

	
0.966 *




	
SDHR

	
0.503

	
0.653

	
0.783 *

	
0.880 *

	
0.542

	
0.762 *

	
0.837 *

	
0.960 *




	
LF

	
0.495

	
0.692

	
0.886 *

	
0.943 *

	
0.546

	
0.783 *

	
0.901 *

	
0.952 *




	
HF

	
0.527

	
0.798 *

	
0.769 *

	
0.917 *

	
0.563

	
0.723 *

	
0.841 *

	
0.940 *




	
LF/HF

	
0.576

	
0.758 *

	
0.922 *

	
0.953 *

	
0.344

	
0.520

	
0.740 *

	
0.863 *




	
TP

	
0.532

	
0.679

	
0.795 *

	
0.888 *

	
0.584

	
0.775 *

	
0.905 *

	
0.966 *




	
VLF

	
0.289

	
0.510

	
0.727 *

	
0.900 *

	
0.518

	
0.649

	
0.819 *

	
0.937 *




	
LFnu

	
0.576

	
0.758 *

	
0.922 *

	
0.953 *

	
0.344

	
0.520

	
0.740 *

	
0.863 *




	
HFnu

	
0.576

	
0.758 *

	
0.922 *

	
0.953 *

	
0.344

	
0.520

	
0.740 *

	
0.863 *




	
CSI

	
0.483

	
0.681

	
0.848 *

	
0.887 *

	
0.613

	
0.734 *

	
0.874 *

	
0.948 *




	
CVI

	
0.596

	
0.756 *

	
0.854 *

	
0.932 *

	
0.559

	
0.754 *

	
0.894 *

	
0.962 *




	
SD1

	
0.745 *

	
0.854 *

	
0.917 *

	
0.974 *

	
0.415

	
0.572

	
0.801 *

	
0.908 *




	
SD2

	
0.521

	
0.673

	
0.792 *

	
0.913 *

	
0.571

	
0.776 *

	
0.909 *

	
0.965 *




	
SampEn

	
0.608

	
0.736 *

	
0.899 *

	
0.950 *

	
0.587

	
0.739 *

	
0.858 *

	
0.907 *








Note: Statistically significant effects (pρ < 0.05) are denoted by *: Spearman’s correlation coefficient (ρ > 0.7) is in bold.
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Table 5. The accuracy, sensitivity, specificity, and F1-score for different classifiers using short-term HRV features.
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	Classifier
	Accuracy

Mean ± SD

(Range)
	Sensitivity

Mean ± SD

(Range)
	Specificity

Mean ± SD

(Range)
	F1-Score

Mean ± SD

(Range)





	KNN
	85.0 ± 6.3

(73.3–90.7)
	89.3 ± 6.5

(77.0–93.8)
	77.8 ± 9.2

(66.7–89.9)
	87.7 ± 5.3

(77.8–95.6)



	SVM
	87.5 ± 4.5

(81.3–94.7)
	86.0 ± 6.1

(77.8–93.4)
	91.3 ± 3.6

(85.7–98.4)
	89.7 ± 4.0

(84.8–97.2)



	RF
	81.0 ± 4.2

(73.3–86.7)
	83.0 ± 7.3

(75.0–87.9)
	78.8 ± 10.3

(58.3–90.9)
	84.2 ± 3.4

(78.9–89.5)



	Adaboost
	82.7 ± 9.1

(66.7–93.3)
	86.2 ± 10.7

(65.0–93.4)
	77.7 ± 14.3

(41.7–90.9)
	82.7 ± 9.1

(72.2–95.0)
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Table 6. The performances of the SVM classifier using ultra-short-term HRV features.
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	Epoch
	Accuracy

Mean ± SD

(Range)
	Sensitivity

Mean ± SD

(Range)
	Specificity

Mean ± SD

(Range)
	F1-Score

Mean ± SD

(Range)





	30-s
	85.0 ± 7.4

(75.0–95.3)
	82.8 ± 11.7

(55.6–88.2)
	81.7 ± 13.1

(60.0–90.1)
	86.6 ± 7.6

(68.9–95.4)



	1-min
	84.3 ± 5.2

(75.4–88.3)
	78.0 ± 8.6

(71.2–87.5)
	86.1 ± 8.1

(76.4–94.7)
	82.1 ± 5.4

(68.8–87.2)



	2-min
	84.7 ± 5.3

(76.0–89.0)
	83.8 ± 8.7

(69.0–94.7)
	72.4 ± 7.0

(60.0–81.8)
	82.4 ± 5.2

(72.7–90.0)



	3-min
	85.3 ± 4.1

(78.7–92.0)
	78.1 ± 6.4

(66.7–87.5)
	91.3 ± 3.6

(85.7–92.7)
	85.2 ± 4.1

(77.4–91.4)
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