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Abstract

Heart Rate Variability (HRV) may be used as a psychological marker to assess drivers’ states from physiological signals
such as an electrocardiogram (ECG), electroencephalogram (EEG), and photoplethysmography (PPG). This paper reviews
HRV acquisition methods from drivers and machine learning approaches for driver cardiac health based on HRV
classification. The study examines four publicly available ECG datasets and analyzes their HRV features, including time
domain, frequency domain, short-term measures, and a combination of time and frequency domains. Eight machine
learning classifiers, namely K-Nearest Neighbor, Decision Tree, Naive Bayes, Linear Discriminant Analysis, Support
Vector Machine, Random Forest, Gradient Boost, and Adaboost, were used to determine whether the driver's state is
normal or abnormal. The results show that K-Nearest Neighbor and Decision Tree classifiers had the highest accuracy at
92.86%. The study concludes by assessing the performance of machine learning algorithms in classifying HRV for the
driver's physiological condition using the Man-Whitney U test in terms of accuracy and F1 score. We have statistical
evidence to support that the prediction quality is different when HRV analysis applies these three sets: (i) time domain
measures or frequency domain measures; (ii) frequency domain measures or short-term measures; and (iii) combining time
and frequency domains or only frequency domains.
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1. Introduction

The fluctuation in the intervals between adjacent heartbeats is referred to as heart rate (HR), whereas heart rate
variability (HRV) is the number of heart beats per minute used to characterize the time series of the interval variation
between subsequent heartbeats [1, 2]. HRV is an excellent predictor of human health and is thought to be capable of
predicting existing or future health issues such as heart disease like myocardial infarction (Ml), atrial fibrillation (AF),
ventricular fibrillation (VF), congestive heart failure (CHF), cardiac arrhythmia, etc. [3, 4], and mental health disorders
such as anxiety and depression. Moreover, since the European Society of Cardiology and the North American Society
of Electrophysiology [5] established recommendations for the use of HRV, this approach has become more widely used
and is not only confined to neurology, surgery, exercise physiology, physical activity, and anesthesia [6, 7]. HRV
analysis in the time, frequency, and nonlinear domains has also been shown to be conceivable for the detection and
identification of driver states [8, 9] in driver status monitoring systems.
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Since HRV and the autonomic nervous system (ANS) are closely associated, HRV is a popular measurement that
may be derived from non-intrusive and wearable physiological measurements [3], such as surface electrocardiograms
(ECG), electroencephalograms (EEG), and photoplethysmography (PPG) [10].

The electrocardiogram (ECG) is the gold standard for HRV analysis [11], where the HRV signal from the ECG is
derived from the R-R interval [8]. The ECG shows the voltage and time graph of the driver's heart's electrical activity.
To establish a single lead channel for recording the ECG signal, at least three surface electrodes must be applied to the
skin. Before beginning the recording, the ECG must be set up many times [8]. The heart rate, heart rate variability
(HRV), and breathing rate can then be determined using the recorded ECG data and offer important insight into the
driver's internal states [10]. Though the results might contain errors because of delay, biological and electromagnetic
interference, and the complex ECG signal structure [8]. Suitable QRS detection algorithms must be used to derive the
HRYV signal. These algorithms must be used to identify acceptable interpolation and resampling, detect the peaks and
their R wave, acquire the interval of RR, and provide a consistently sampled tachogram. ECG data that has been
transformed into HRV for analysis where the QRS complex is dominant reveals the autonomic nervous system's reaction
and enables the prediction of the driver's degree of stress [9].

Besides ECG, an electroencephalogram (EEG) is feasible to extract HRV as a matter of course during EEG data
processing by installing a single EEG sensor on the chest [7]. During EEG tests, HRV indicators serve as supplementary
assessments of the subject's physiological status. Information from EEG data is mostly employed in studies of brain
activity. Mean frequency, energy contents, and bands are examples of frequency domain properties that can be used to
determine a driver's state, such as driver fatigueness, which is revealed by the fronto-medial activity § power [12],
whereas standard deviation and average value are time-domain measures that provide information about driver alertness
[13]. In a previous study, the EEG-Beat algorithm was proposed to perform automated analysis of HRV from the EEG.
The algorithm implements a top-down divide-and-conquer technique to detect the signal peak instead of using QRS
complex recognition. However, the algorithm was tested on health patients and found to be inappropriate for online and
clinical applications [7]. In driving situations, placement of the EEG electrodes on the driver’s head may impair their
ability to focus on the road and include noise. Hence, a filter is always used to pre-process the recorded data [13].

Alternatively, PPG, an electro-optical approach, has been proposed to derive and monitor the HRV signal due to its
low-cost optical sensors, ease of sensor insertion, non-invasive nature, and inexpensive cost. With each cardiac cycle,
PPG signals depict blood volume fluctuations in a superficial body location and pulsatile blood pressure changes [14].
The computation of the HRV signal from the PPG signal uses the inter-beat interval (IBI) or pulse interval (PPI), utilizing
software algorithms [8]. The position of a peak in a PPG signal reflects the point in time when a heartbeat occurs.
However, PPG signals from wearable devices are sensitive to any small error in identifying the correct location of peaks.
Hence, a Bayesian learning system was proposed to improve HRV estimates when the PPG is affected by artifacts [15].
Thus, reliable detection of the position of peaks in the PPG signal is required for HRV computation, which leads to the
exact computation of time intervals between successive heartbeats [15].

Researchers frequently use extracted features of HRV from at least 5-minute ECG data [11] to evaluate the health
of control subjects with hypertension, stress, and cardiovascular diseases in driver status monitoring systems. Moreover,
the driver monitoring system is a complex application where safety is crucial [12]. Hence, the deployment of machine
learning systems in this type of system enables optimization of the monitoring while simultaneously providing
interpretability of their reasoning. Machine learning is a process that allows computers to self-learn without the use of
specialized code and may be used to build systems for data analysis, decision-making, and data preparation in real-world
circumstances. This allows researchers to evaluate whether such reasoning is correct. For example, machine learning
can demonstrate HRV classification and enhance driver state detection models while allowing interpretability of the
learned model. Features derived from physiological signals, combined with machine learning, may offer highly accurate
detection and recognition of driver states, which can promote safe driving [3, 13]. Supervised learning and unsupervised
learning are machine learning approaches that have been employed to evaluate the reasoning of driver-state monitoring
systems. Figure 1 shows the physiological-based driver monitoring system (DMS) components.
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Figure 1. Physiological-based DMS components

Open source and private technologies, as well as equipment with higher mobility, cheaper cost, easier operation, and
wider accessibility, have lately emerged as new instruments for monitoring individual cardiac health, including HRV
recording and analysis. As HRV analysis has advanced, several technologies have been designed and tested, with
portable transmission systems proving to be trustworthy. Mobile devices like chest heart rate monitors and smart phones
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that have been synced with the transmitters are usually utilized for signal collection. The HRV analysis is done using
external software [6]. Moreover, Google Fit, a Google smartphone program produced by Google, allows for the
measurement of the number of heartbeats and respiration. Since smartphones have been part of our lives, Google may
choose to profit from the opportunity for individuals to monitor their health in several settings, including while driving
[14, 15]. Moreover, wearable and non-wearable devices allow drivers to monitor health factors using physiological
sensors conveniently.

This study employs eight supervised machine learning classifiers with distinct properties in order to perform
comparative analysis on four publicly available drivers’ ECG datasets in order to offer the best prediction model for
driver state monitoring systems. The study on different combinations of HRV parameters and the performance of the
machine learning classifiers was also conducted. Section 2 presents related work on HRV analysis using machine
learning approaches. Material and methods used for this study are explained in Section 3, and results are presented in
the following Section 4. Lastly, the study is concluded in Section 5.

2. Related Work

Machine learning approaches or models have been implemented for HRV analysis. Most researchers train and test a
range of machine learning algorithms before selecting the algorithm that best tackles the problem once all performance
data has been collected. In general, HRV analysis employs feature selection, supervised and unsupervised machine
learning, as well as deep learning, to classify different driver states based on HRV characteristics.

2.1. Feature Selection

Researchers have used shorter windows to extract information related to physiological function in real-time, in
addition to automated diagnosis and categorization [16]. For instance, Castaldo et al. [5] proposed using ultra-short HRV
to compensate for short HRV. Six ultra-short HRV features, including MeanNN, StdNN, MeanHR, StdHR, HF, and
SD2, demonstrated consistency across all excerpt lengths, which ranged from 1 to 5 minutes when used in IBK to detect
drivers” mental health [17]. Feature selection algorithms like Principal Component Analysis (PCA) and Genetic
Algorithm (GA) can simplify a classifier, improve classification accuracy, and shorten classification times [18-21] by
selecting a subset of the most representative features from ECG data [19] for different types of drivers’ state monitoring
systems.

Persson et al. [18] implemented Sequential Forward Floating Selection (SFFS) to select the most influential features
to predict driver drowsiness from HRV data. The SFFS was equipped with a binary decision tree classifier, five-fold
cross-validation, twenty cross-validation trials, and an optimization score that balanced sensitivity and specificity. The
SFFS technique was carried out 20 times on various feature selection set divisions since SFFS frequently produces low-
dimensional, non-redundant, but noise-sensitive feature sets. The final feature set was composed of the characteristics
chosen in 20% of the repeats.

Benchekroun et al. [9] proposed filtering and iterative HRV data imputation using a Gaussian distribution to improve
classification accuracy in cases where the signals have a high percentage of missing data. The results show a stable F1
score of 61% compared to other imputation methods, i.e., HRV distribution, variability, and characteristics (DVC),
linear, shape-preserving piecewise cubic Hermite (pchip), and spline interpolation using the Python Toolbox HRV.

Hasan et al. [14] applied two methods for selecting features for drowsiness detection, i.e., the ANOVA-F Test and
the correlation-based feature selection algorithm. A final list of ensemble characteristics based on the stability selection
strategy was created by combining the findings from the two methods. This approach selects an acceptable threshold
value for each feature from various measurements based on a predetermined threshold. Then, the characteristics that
have values over the threshold are given one point, while the other features are given zero points. As a result, the most
crucial features are chosen.

2.2. Supervised Learning

Since 2010, the most popular technique for categorizing different heart diseases and symptoms associated with HRV
has been supervised learning. Models like Decision Tree (DT), Linear Discriminant Analysis (LDA), Random Forest
(RF), Support Vector Machine (SVM), and k-nearest neighbors (KNN) may predict labels based on related
characteristics thanks to supervised models that learn the data and predict labels through learned mapping [16]. Table 1
lists a summary of previous work on HRV classification based on drivers.

For instance, in a driver drowsiness or sleepiness detection system, Persson et al. [18] examined the performance of
four distinct binary classifiers: KNN, SVM, AdaBoost, and RF to detect drowsy drivers from binary and multiclass
classifications of drowsy drivers. The random forest classifier produced the best overall results for binary classification.
which implies that HRV classification requires the use of customized algorithms. In addition, hybrid combinations of
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physiological sensors are strongly advised to improve the sensitivity and specificity of the driver drowsiness system.
According to Hasan et al. [14], when 13 characteristics from the EEG, EOG, and ECG were used, Artificial Neural
Network (ANN) classifiers produced the best overall results compared to KNN, SVM, and RF classifiers.

Moreover, Vincente et al. [8] employed LDA to classify truck drivers ECG data based on driver drowsy detectors
and sleep deprivation detectors. Although the detection was very accurate, the findings show that there are several
inaccuracies in wireless ECG identification when a vehicle is moving and that some areas of the signal were blank when
the truck was moving. This was addressed by Benchekroun et al. [9], who investigated the effect of imputation on
classifiers when the collected signals have many missing data points. However, instead of LDA, RF was combined with
the imputation method to determine subjects’ arousal state, either relaxed or stressed, in the lab environment.

In another type of driver state monitoring system like driver stress detection and monitoring, Bousseljot [11]
discovered that SVM-RBF was able to classify HRV parameters, i.e., time, frequency, nonlinear, and time-frequency
domains, with 83% accuracy in determining drivers’ stress. However, there was no validation or testing conducted in
that investigation. Igbal et al. [22], on the other hand, investigated the performance of logistic regression, Gaussian
Naive Bayes, DT, RF, AdaBoost, and KNN on stress recognition in the Automobile Driver Dataset and SWELL-KW
dataset. Results show that DT has the highest classification accuracy, followed by AdaBoost. An automated approach
to assessing automobile drivers’ stress was proposed using SVM. Findings reveal that manual driving is more demanding
compared to autonomous driving [23].

Moreover, when different HRV characteristics from short and ultra-short HRV were used, the IBK classifier
performed the best compared to Multilayer Perceptron (MLP), SVM, MLP, DT, and LDA. Six of the 23 ultra-short
HRYV features (MeanNN, StdNN, MeanHR, StdHR, HF, and SD2) demonstrated consistency across all excerpt lengths
(i.e., from 5 to 1 min) when used in a well-dimensioned automatic classifier to detect drivers’ mental health [17]. In
another work, the synthetic minority over-sampling technique (SMOTE) was applied to reduce the effect of imbalanced
data on classification accuracy. The study reveals that RF performed better compared to SVM and MLP in determining
drivers’ normal and surprise states [24].

In contrast to supervised learning models, unsupervised machine learning models do not require class labels to
classify drivers’ states. The models apply clustering techniques such as Affinity Propagation, Balanced Iterative
Reducing and Clustering using Hierarchies (BIRCH), K-mean, Mini-Batch K-mean, Mean Shift, Density-Based Spatial
Clustering of Applications with Noise (DBSCAN), and Ordering Points to Identify the Clustering Structure (OPTICS)
for monitoring stress based on acquired data from wearable devices [22]. In a previous study, Wang and Guo employed
the supervised ensemble classifier in conjunction with an unsupervised learning classifier to detect stress in drivers' foot
galvanic skin response (GSR) data. Their suggested model detected stress with an accuracy of 90.1% [25]. Moreover,
the combination of autoencoders and unsupervised deep learning to categorize mental stress related to HRV is a hew
approach that is expected to gain traction in 2019. Self-organizing map (SOM), a dimensional reduction technique
developed through unsupervised learning, may identify the most useful elements needed to accurately characterize
stress. To cluster and classify raw HRV data gathered from firefighters, we offer an unsupervised technique that
combines autoencoders, i.e., convolutional autoencoder (CAE) and LSTM autoencoder (LAE), and density-based
clustering with previous information [26].

Recently, deep learning has been used more often in HRV research to improve real-time automatic categorization.
They can detect hidden patterns in input by using hidden layers and iteratively minimizing data mistakes prior to
classification. As a result, the algorithm is better at gathering relevant data about the topic under investigation,
classification accuracy improves, and fewer characteristics are required for real-time classification [16].
Convolutional neural network (CNN) architectures like LeNet, AlexNet, VGGNet, ResNet, Inception, DenseNet,
and EfficientNet, recurrent neural networks (RNN), long-short-term memory (LSTM), and gated recurrent units are
examples of popular deep supervised learning methods (GRU) [27-30]. For instance, a new drowsiness detection
approach was presented in [31]. The approach uses raw R-R Interval (RRI) time series as inputs and trains the
drowsiness detection model with LSTM and an autoencoder. The results revealed that RRI characteristics were
superior to HRV features. Additionally, Oskooei et al. [32] presented a CNN-LSTM framework based on the
integration of extracted HRV time domain parameters from raw ECG, vehicle data, and contextual data in drivers'
stress level detection models in a variety of driving situations. The integration improves the classification accuracy
of the classifier based on 27 drivers. In another study, Huang et al. [17] collected 15 drivers' biological data, including
EEG (2 channels), ECG, EDA, RSP, and HR, in a simulated driving experiment. The driver's mental workload was
classified using CNN, LSTM, and a combination of both, known as CNN-LSTM, after selecting features using
XGBoost. The findings show that CNN_LSTM has the highest accuracy of 97.8% when utilizing 3-second samples
and outperforms the CNN model in all circumstances.
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Table 1. Summary of previous work on HRV classification based on drivers

Application Machine Learning Approach Signals
Random Forest; Support vector machine; Decision Tree; Naive Bayes; 1D CNN2 [22] ECG
Driver Drowsiness Linear Discriminant Analysis (LDA) [8] ECG

kNN; SVM; Random Forest; Artificial Neural Network [21] ECG; EOG; PPG
XGBoost; CNN; ConvLSTM; CNN+LSTM [30] ECG
SVM; MLP; RF [24] ECG
Driver Stress SVM; KNN; Ensemble [32] ECG
Random Forest; Support vector machine; Decision Tree; Naive Bayes; 1D CNN2 [31] ECG
myogl:cti(i)a(ljei;efig:t?oif(Ml) Linear Discriminant Analysis (LDA) [8] ECG
Mental Workload kNN; SVM; Random Forest; Artificial Neural Network [21] ECG; EEG; GSR; RESP; RR
Surprise Driving XGBoost; CNN; ConvLSTM; CNN+LSTM [30] ECG
Drowsiness; visual

inattention; fatigue; SVM; MLP; RF [24] ECG

cognitive inattention

3. Method

In this study, we followed the basic machine learning process as our research framework, which consists of five
steps, i.e., acquire, pre-process, extract, classify, and evaluate, as shown in Figure 2. Based on our objectives for the
study, we used publicly available datasets that have been used in previous research related to drivers’ physiological state
monitoring systems, namely DriveDB, HCILAB, Drozy, and DMD, as described in Table 2. The PTB, PTB-XL, and
MIT Affective Road Datasets were not included for further investigation since the datasets do not fulfill the objective
of the study. The PTB Dataset and PTB-XL are acquired from clinical records and not specific to drivers, whereas the
MIT Affective Road Dataset does not include ECG recordings. The ECG signals acquired then need to be pre-processed
to remove noise from the individuals' movement, respiration, and electrical muscle activity. Besides that, environmental
noise or technological aberrations caused by analog and digital signal processing might affect heart rate variability
measurements [33]. After that, the analysis of HRV may be performed on long-term (a 24-hour record), short-term (a
5-minute record), or ultra-short-term (less than 5-minute records). Moreover, for short-term recordings, the accuracy of
HRV values is dependent on robust digital infinite impulse response (IIR) filters, such as analog models, which can
provide NN interval series adequate to reflect physiological signals [34, 35]. Hence, 50Hz notch filtering and a bandpass
filter of 0.75 Hz to 35 Hz were applied.

.’.. o

Figure 2. Research framework

Table 2. Datasets used by previous research for driver physiological measures

Dataset Description

The dataset is made up of ECG, EMG (right trapezius), GSR (galvanic skin resistance) measurements taken on the
hand and foot, and breathing recordings taken by 13 healthy volunteers while driving on a predetermined route that
included city streets, highways, and Z-zones in and around Boston, Massachusetts. The data collection was done to
test the feasibility of automated stress detection.

.. The dataset comprises around 2,500,000 ECG, skin conductance response (SCR), and body temperature samples, as

A I?atzset of lF;e_aI W\;)Vr Idklljr'\émg well as a post-hoc video evaluation session of 10 drivers in a real-world motorway, highway, regular streets (50 km/h),

0 Assess Driver Vorkioa and 30 km/h zone. The dataset was used to investigate the changes in drivers' mental workloads based on road
(HCILAB) [38] conditions.

549 high-resolution 15-lead ECGs with clinical summaries (12 standard leads plus Frank XYZ leads). Each of the 294
PTB Dataset [36, 39] participants has one to five ECG records, and they include both healthy volunteers and patients with a variety of
cardiac diseases such as myocardial infarction and heart failure.

The dataset comprises 21,837 clinical 12-lead ECG records of 10 seconds length from 18,885 patients classified based
PTB-XL [40] on the SCP-ECG standard including normal, hypertension, myocardial infraction, conduction disturbance and
hypertrophy.

This dataset features 13 drives conducted by 10 drivers in total. The physiological signs recorded were EDA, HR, BR,
and skin temperature. Furthermore, GPS data, films (filming inside and outside automobile scenes), and in-car
temperature, humidity, and sound level were recorded. A stress measure from low (0) to high (1) was created in real-
time based on observation during the driving experiment.

Stress Recognition in
Automobile Driver database
(DRIVEDB) [36, 37]

MIT Affective Road Dataset [8]

Recordings of 14 subjects’ Psychomotor Vigilance Test (PVT) to measure drowsiness which includes Karolinska
Sleepiness Scale (KSS), Kinect v2 Sensor, face landmarks and Polysomnography (PSG) i.e., 5 electroencephalogram
(EEG) channels, 2 electrooculogram (EOG) channels, electrocardiogram (ECG), and electromyogram (EMG).

Warwick-JLR Driver Monitoring Includes recordings of EDA and ECG from 13 subjects as well as data from vehicle CAN-bus during driving
Dataset (DMD) [42] experiment to assess driver mental workload.

ULg Multimodality Drowsiness
Database (DROZY) [41]
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Once the pre-processing is finished, HRV feature analysis can be separated into time, frequency, and non-linear
domains. We extract the HRV features using the Python Heart Rate Analysis Toolkit, which includes eight features from
time domain measures and ten from frequency domain measures [43]. Besides exploring the time and frequency domains
separately, we considered eight short-term measures, combining three features from time domain measures and five

from frequency domain measures proposed in Zontone et al. [44] work as listed in Table 3.

Table 3. HRV parameters

Time domain

Frequency domain

Short-term measures

BPM: heart rate in beats per minute

IBI: interbeat interval in millisecond
SDNN: standard deviation of intervals
between adjacent beats in millisecond

SDSD: standard deviation of successive
differences between adjacent R-R intervals

pNN20: proportion of differences between
R-R intervals greater than 20 ms

pNN50: proportion of differences between
R-R intervals greater than 50 ms

RMSSD: root mean square of successive
differences between adjacend R-R intervals
in millisecond

MAD: mean absolute deviation

VLF: Absolute power of the very-low-
frequency band (0.0033-0.04 Hz) in ms2,

LF: Absolute power of the low-frequency band
(0.04-0.15 Hz) in ms? d.

HF: Absolute power of the high-frequency band
(0.15-0.4 Hz) in ms?,

LF/HF: Ratio of LF-to-HF power
p_total: Total power.

VLF_perc: Relative powers of VLF band.

LF_perc: Relative powers of LF band.
HF_perc: Relative powers of HF band.

LF_nu: Power of LF band in normalized unit.

HF_nu: Power of HF band in normalized unit.

IBI: interbeat interval in millisecond.

SDNN: standard deviation of intervals between
adjacent beats in millisecond

RMSSD: root mean square of successive differences

between adjacend R-R intervals in millisecond.

LF: Absolute power of the low-frequency band (0.04—

0.15 Hz) in ms2.

HF: Absolute power of the high-frequency band
(0.15-0.4 Hz) in ms?.

LF/HF: Ratio of LF-to-HF power.

LF_nu: Power of LF band in normalized unit.

HF_nu: Power of HF band in normalized unit.

In this study, short-term HRV from ECG data was utilized to assess the performance of eight distinct machine
learning classifiers, i.e., Adaboost (AB), Gradient Boost (GB), Random Forest (RF), K-nearest neighbors (KNN), Naive
Bayes (NB), Support Vector Machine (SVM), Decision Tree (DT), and Linear Discriminant Analysis (LDA), to detect
drivers’ physiological states, either normal or not. The NB classifier is a straightforward probabilistic classifier based
on Bayes' theorem and strong independence assumptions between variables. Prior knowledge is used by the classifier to
determine the probabilities of sample data. SVM uses kernels to solve the computational challenge of forecasting. The
values of each variable are displayed as dots in a dimensional space with precise coordinates. The RF model is ensemble
learning and tree-based, and it is used to build predictive models. The classifier generates a forest out of trees; more
trees equals a more resilient forest. RF takes the data samples to form decision trees, calculates each tree, and uses the
voting procedure to determine the best result. AdaBoost, or meta-learning, is widely regarded as one of the most effective
boosting algorithms. It employs the iterative idea to investigate the flaws of weak algorithms and transform them into
robust ones.

The drivers’ states in each dataset were classified as normal (0) or abnormal (1) and the performance of all classifiers
was assessed based on 70-30 splitting and 10-fold cross validation on accuracy and F1 score when different HRV
parameters were included.

4. Results and Discussion

In general, the performance of machine learning classifiers is evaluated based on accuracy, precision, recall, F1
Score and error rates. Even so, accuracy and F1 Score are two measures which are frequently used to assess the quality
of classifiers in machine learning. Accuracy represents the ratio between correctly predicted values and all results.
Classifiers with a higher accuracy rate are better than those with lower accuracy rate. However, accuracy is only valid
if the data we are dealing with is balanced. On the contrary, besides precision and recall, F1 score is used to validate the
performance of classifiers on imbalanced datasets. The F1 score indicates how accurate the model is by indicating how
many correct classifications are produced. It does not miss positive outcomes and predicts negative ones as well. Hence,
in this study accuracy and F1 score metrics were used in evaluating the performance of the machine learning classifiers.

Figures 3 to 10 show the accuracy and F1-score of the classifiers which are evaluated in this study. The four dataset
names were suffixed with the extracted features from the ECG i.e., t (time domain), f (frequency domain), tf
(combination of time and frequency domain) and s (short-term measures). The highest value obtained based on
individual dataset is in bold text. The level of accuracy achieved differs based on the databases and ECG features utilized.
The HCI-lab database with time-domain features, coupled with KNN and DT classifiers, delivered the highest accuracy
and F1 score, exceeding 90%. When it comes to Drozy-f, many classifiers had poor accuracy with less than 50%, and
the highest accuracy achieved was only 52.63%. Regarding the F1 score, NB performs poorly, mainly when evaluated
using the Drozy dataset. This is evident as NB produces a 0% F1 score for Drozy-f, Drozy-s, and Drozy-tf.
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Figure 8. Accuracy of ML using frequency domain features
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Figure 9. Accuracy of ML using short-term features
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Figure 10. Accuracy of ML using time-frequency domain features

The poor performance can be seen as a result of having an imbalanced dataset. Moreover, we found that since
accuracy does not consider how the data is distributed, a high value of accuracy does not mean that the model is actually
able to correctly predict the outcomes. For example, the best model for dataset Drozy-f is generated by a decision tree
with an accuracy of 52.63. However, the highest F1 score for the same dataset was produced by Gradient Boost, i.e.,
57.14%. Hence, in this case, the F1 score is a better metric to be used for imbalanced data such as Drozy-f.

Nevertheless, comparing accuracy and F1 score alone makes it difficult to determine whether the performance of
each machine learning classifier is significantly different from another. There is a probability that a classifier produced
a higher accuracy and F1 score by random chance since this study only involved a few datasets. Another qualitative way
to compare performance is based on the number of times the classifier produces the highest value of accuracy and F1
score compared to other classifiers. However, this approach is very subjective. For instance, in our comparison,
AdaBoost produced the highest accuracy (6 times) and F1 score (4 times) compared to other classifiers (refer to Figure
11). Other classifiers have a similar number of occurrences, which makes it not feasible to determine the performance
in this manner. Hence, statistical significance tests were applied to provide a better comparison of the classifiers. If the
null hypothesis, or assumption, is rejected, it implies that the difference in the classifier's performance is statistically
significant.
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Figure 11. The frequency of ML achieved 1% rank: a) Accuracy, b) F1 score

In this study, we use a non-parametric test known as the Man-Whitney U test, which is equivalent to the Wilcoxon
Sum Rank Test. A two-tailed test is performed at a 95% confidence level (p<0.05). The null hypothesis can be rejected
when the p-value is less than 0.05, which indicates that there is enough evidence to statistically reject that both classifiers
A and B have identical performance. We evaluated the accuracy and F1 score of AdaBoost, Gradient Boost, Random
Forest, Support Vector Machine (SVM), Decision Tree (DT), Naive Bayes (NB), and Linear Discriminant Analysis
(LDA) with one another for all datasets listed earlier in Table 3. The p-values are shown in Tables 4 and 5. From the
results, we conclude that there is not enough evidence to statistically reject the null hypothesis. Hence, we do not have
statistical evidence to claim that any of the investigated machine learning classifiers have different performance from
the other classifiers in terms of accuracy and F1 score when tested on the datasets used for this study.

Table 4. Comparison of machine learning classifiers using Man-Whitney U test p-values (accuracy)

Accuracy AdaBoost  Gradient Boost  Random Forest SVM KNN DT NB LDA
AdaBoost nla 0.77948 0.56868 0.90448 0.77182 0.6672 0.23014  0.70394
Gradient Boost 0.77948 nla 0.89656 0.65994 0.48392 0.85716 0.30772  0.92828
RF 0.56868 0.89656 nla 0.53526 0.33204 1.0000 0.40090  0.88866
SVM 0.90448 0.65994 0.53526 nla 0.71884 0.50926 0.21498  0.64552
KNN 0.77182 0.48392 0.33204 0.71884 nla 0.34722 0.10310  0.36812
DT 0.6672 0.85716 1.0000 0.50926 0.34722 nla 0.38978  0.84930
NB 0.23014 0.30772 0.40090 0.21498 0.10310 0.38978 n/a 0.34722

LDA 0.70394 0.92828 0.88866 0.64552 0.36812 0.84930 0.34722 n/a

Table 5. Comparison of machine learning classifiers using Man-Whitney U test p-values (F1 score)

F1 score AdaBoost  Gradient Boost ~ Random Forest SVM KNN DT NB LDA
AdaBoost n/a 0.94420 0.52870 0.90448  0.62414  0.72634  0.18352  0.99202
Gradient Boost 0.94420 n/a 0.33706 0.96012  0.62414 0.71138  0.19020  0.93624
RF 0.52870 0.33706 n/a 0.54850  0.41794  0.21870  0.36282  0.41222
SVM 0.90448 0.96012 0.54850 n/a 0.65994 0.72786  0.22246  0.99202
KNN 0.62414 0.62414 0.41794 0.65994 n/a 0.65272  0.09492  0.70394
DT 0.72634 0.71138 0.21870 0.72786  0.65272 n/a 0.10524  0.68180
NB 0.18352 0.19020 0.36282 0.22246  0.09492  0.10524 n/a 0.20054

LDA 0.99202 0.93624 0.41222 0.99202  0.70394  0.68180  0.20054 nla

In addition, we further analyzed the impact of different HRV parameters on the machine learning classifiers accuracy
and F1 score to predict driver states as either normal or abnormal using the Man-Whitney U test. The null hypothesis
can be rejected when the p-value is less than 0.05, which indicates that there is enough evidence to statistically reject
that different groups of HRV parameters have identical performance. Based on the significant p-values as underlined in
Table 6, we have enough statistical evidence to reject the null hypothesis for time (T)-frequency (F), frequency (F)-
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short-term (S), and a combination of time and frequency (TF)-frequency (F). This indicates that the prediction quality
is different when HRV analysis applies these three sets: (i) time domain measures or frequency domain measures; (ii)
frequency domain measures or short-term measures; and (iii) combining time and frequency domains or only frequency
domains. On the other hand, applying only the time domain measure is not different from applying the short-term
measures or the combination of time and frequency domain measures. This may provide future researchers with more
confidence to further investigate the HRV parameters in the context of monitoring drivers' states.

Table 6. Comparison of Man-Whitney U test p-values on datasets with different HRV parameters

p-value (accuracy) p-value (F1 score)
T F S TF T F S TF
T n/a 0.00024 0.23014 0.4354 nfa 0.00050 0.17384  0.17068

F  0.00024 nla 0.00600 0.00298 0.00050 nla 0.01596  0.00528
S .23014  0.00600 nla 0.69654 0.17384  0.01596 n/a 0.94420
TF  0.4354 0.00298 0.69654 nla 0.17068 0.00528 0.94420 n/a

5. Conclusions

In this study, we examined a prediction model for driver condition monitoring systems by combining heart rate
variability (HRV) data with supervised machine learning methods. Our work aims to improve driver safety and
encourage safe driving habits by combining the predictive power of HRV with the sophisticated capabilities of machine
learning algorithms. Our conceptual framework is built on the HRV, which includes the variability in the intervals
between successive heartbeats and is impacted by the autonomic nervous system's (ANS) activity. Correlations between
HRYV and other physiological and psychological disorders have been observed, making HRV a useful indicator of human
health. A driver's physiological condition, stress levels, and general well-being can be investigated by examining HRV
patterns.

Eight different supervised machine learning classifiers, each with special qualities and abilities, are used in our study.
The performance of these classifiers was assessed using four openly available datasets that include non-invasive signals,
notably ECG recordings taken from drivers. Analyzing the performance of these classifiers provides opportunities to
accurately predict driver states based on HRV characteristics. The findings of this study might influence the creation of
cutting-edge driver assistance technologies that can cater to the physiological demands of drivers in real time, thereby
enhancing overall traffic safety. Based on heart rate variability (HRV) metrics, which comprise time domain, frequency
domain, short-term measurements, and a mix of time and frequency domains, classifiers' effectiveness in predicting
normal or abnormal driver states is determined. The databases, extracted features, and classifiers utilized typically have
an impact on the performances gained.

For the HCI-lab dataset, KNN and DT had the greatest accuracy and F1 score, with time-domain features over 90%.
There is no statistical evidence to reject the null hypothesis, according to Man-Whitney U test hypothesis testing. As a
result, the accuracy and F1 score of the machine learning classifiers examined in this study are not significantly different
from one another. When several HRV parameters were used on the datasets, there was enough statistical support to
reject the null hypothesis.

However, this study may have some limitations because the performance of numerous classifiers, especially the
Drozy dataset, may have been impacted by the unbalanced dataset. A future study will investigate sampling techniques
like SMOTE and do further research on HRV characteristics to overcome this issue. Additionally, unsupervised learning
strategies may be used, particularly when class classification is difficult. To further assess the machine learning models,
self-collected data for driver HRV analysis will also be captured using a vehicle simulator and in a real driving situation.
The use of unsupervised learning techniques may also be advantageous, particularly when class labeling is difficult.
Although the time and frequency domain HRV parameters were the major focus of this work, other HRV parameters or
different feature extraction methods may be worth looking into. Research on sophisticated feature selection approaches
and dimensionality reduction methods may also be used to determine which HRV characteristics are most useful for
predicting driver conditions.
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