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Metro drivers are more likely to trigger accidents if they suffer from cognitive distractions during 
manual driving. However, identifying metro drivers’ cognitive distractions faces challenges as generally 
no obvious behavior can be found during the distractions. To address the challenge, this paper 
identifies metro drivers’ cognitive distractions based on Electrocardiogram (ECG) signals collected by 
wearable devices in simulated driving experiments. The ECG signals are processed to generate ultra-
short-term heart rate and heart rate variability (HR-HRV) features. The HR-HRV features are extracted 
by 30-s and 60-s time-windows in driving phase, and 25-s time-windows in parking phase, respectively. 
Machine learning approaches are developed to identify distractions (binary) and distinguish the 
degrees of distractions (multi-class). The optimal input features are determined by a random forest 
and recursive feature elimination (RF-RFE) algorithm. Results show that the DT with only one HR-
HRV feature extracted from 30-s time-windows and XGBoost with 20 h-HRV features extracted from 
60-s time-windows are optimal models for binary and multi-class classification for distractions during 
driving phase, respectively. The features including NN20, pNN20, SD1/SD2, Max-HR, Min-HR, and 
MEDNN are the most critical HR-HRV features associated with distractions. Cognitive distractions in 
parking phase are difficult to be detected using HR-HRV features.

Keywords  Metro drivers, Cognitive distractions, Recursive feature elimination, Machine learning, HR-HRV 
features, Shapley additive explanations

Driving distraction is regarded as one of the riskiest physiological states for drivers. It impairs drivers’ reaction 
time and ability to control the vehicle, which significantly increases the likelihood of accidents. In addition to the 
impact on road safey1, this detrimental physiological state also compromises the safety of railway systems. Past 
studies reveal that rail drivers who suffer from distractions are more likely to trigger incidents such as overruns 
or collisions, especially metro drivers2. For instance, on December 15, 2023, a distracted metro driver in Beijing 
failed to respond timely to a fault-warning signal, resulting in a rear-end collision that caused over 500 injuries3. 
The severe consequences of metro accidents triggered by driving distractions make it crucial to prevent metro 
drivers from becoming distracted. However, to our knowledge, there are quite limited studies that focus on this 
issue among metro drivers.

Driving distractions are typically categorized into visual, auditory, manual, and cognitive distractions, 
corresponding to the engagement of sight, hearing, hands, and mental focus away from driving tasks4. Among 
these types, cognitive distractions, such as daydreaming, mind wandering, and decision-making challenges, are 
particularly difficult to detect, as no obvious behavior (e.g., talking, texting, or drinking) or emotion changes 
appear on the drivers during cognitive distractions. In manual metro operations, drivers must repeatedly 
perform monotonous tasks in enclosed environments, e.g., underground tunnels. Hence, cognitive distractions 
are more commonly found among metro drivers than other driving cohorts. To reduce driving distractions 
and ensure operational safety, metro companies have implemented various countermeasures and regulations to 
combat visual, auditory, and manual distractions. Moreover, unlike motor drivers, metro is running in a fixed 
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track and have small changes in speeds during cruises. As a result, previous studies that use driver’s behavior or 
vehicle-based data (e.g., speed, acceleration, lane offset, or steering) to detect drivers’ distraction5,6 may not be 
effective for detecting metro drivers’ cognitive distractions.

To solve the challenges, studies recommend exploiting physiological signals for detecting cognitive 
distractions. Among the physiological signals, Electroencephalogram (EEG)7 and electrocardiogram (ECG)7 are 
highly related to cognitive distraction. Therefore, analysts can develop methods to identify cognitive distractions 
using EEG or ECG signals. For instance, Wu, et al.8 used GRU-EEGNet model based on EEG signals and 
achieved 78% accuracy. Taherisadr, et al.9 developed a deep learning model and correctly classified 95.51% of 
drivers’ distractions using ECG signals. While EEG data have been confirmed as closely associated with driving 
distraction, ECG data are also favored by analysts. Compared with other physiological signals, ECG data can be 
measured by lightweight and wearable devices that offer a high signal-to-noise ratio and minimal invasiveness 
in driving experiments, making ECG more popular and feasible for identifying cognitive distractions10,11. This 
is particularly important because of the cockpit of a metro train is a small and confined space. Conventional 
EEG, Functional Near-Infrared Spectroscopy (fNIRS), and Magnetic Resonance Imaging (MRI) and other 
physiological acquisition devices are either relatively larger or require sensitive contact with the driver’s skin. 
These devices may affect the driver’s manipulations and provide unreliable physiological responses during the 
measurement. ECG signals may also provide solutions for detecting cognitive distraction of metro drivers, even 
similar works are not found in past studies.

To address the gaps above, this paper aims to identify cognitive distractions in metro drivers and classify 
the degrees of these distractions using HR-HRV features during manual operations. The HR-HRV features are 
extracted from ECG signals collected during simulated driving experiments. The physiological features of metro 
drivers under cognitive distractions are compared between driving and parking phase. Additionally, the study 
employs RF-RFE to select the most critical HR-HRV features, which are then inputted into machine learning 
(ML) models to identify the distraction and classify the distraction degrees. The contributions of this study to 
the literature are: (1) it demonstrates the feasibility of using HR-HRV features to identify cognitive distractions 
of metro drivers during the manual driving; (2) it compares the model performance in identifying cognitive 
distractions between driving and parking phase. (3) it uncovers the critical HR-HRV features related to metro 
drivers’ cognitive distractions and distractions in different degrees and visually explain the associations using 
SHAP technique.

Literature review
Analysis for HR-HRV features
The detection of physiological states of drivers using ECG usually computes the raw signals into frequency-
domain, time-domain, or non-linear features of the beat-to-beat variations in heart rates (R-R intervals)12, 
denoted heart rate (HR) and heart rate variability (HRV). The HR-HRV features provide more detailed 
characteristics of heartbeats compared to raw ECG signals, thereby enhancing the identification of cognitive 
distractions13,14. For instance, past studies indicate that distractions are significantly associated with increased 
MHR14, decreased LF/HF power ratio15 and HF16,17. Studies of Arutyunova, et al.18 showed that PermEn, LF, TP, 
and LF/HF tend to increase as drivers become mentally distracted, while SDNN tend to decrease19. The feature 
of pNN50 is found to decrease with cyclists being distracted17. Wang, et al.20 and Siennicka, et al.21 found Max-
HR, MHR, RMSSD, CVSD and pNN50 are significantly associated with distraction of participants.

The performance of identification depends on the time-windows used for extracting the HR-HRV features. 
Traditional medical time-window of HR-HRV extraction is recommended to be 5–10  min22,23, while recent 
studies also shown that shorter HR-HRV time-windows can be considered to become an important direction 
of driver state analysis24,25, especially for the analytic scenarios with a short time. Short-term HRV analysis is a 
convenient method for tracking dynamic changes of cardiac autonomic function within minutes26,27, which are 
especially suitable for experiment that data collection time cannot be too long. For instance, Jiao, et al.28 analyze 
the statistical differences of HR-HRV features extracted from different time-windows across the drivers’ status, 
finding that the differences of features extracted from the 1-min time-windows show the most significances, 
while the features extracted from the 5-min time-windows have the least significances. Similar results are also 
shown in the study of Castaldo, et al.24 who argue that ultra-short HRV features (1 to 3 min time-windows) are 
proved to be valid surrogates for mental stress investigation. It should be mentioned that, in our study, metro 
has a short travel time between stops (1–2 min), implying that long time-windows are not suitable. Therefore, 
selecting a proper length for the short time-window for HR-HRV extraction is needed for guaranteeing the 
validity of our study.

Feature selection for physiological signal analysis
Physiological responses of drivers are typically reflected by numerous physiological features. In order to lower 
the data noises, it is not advisable to include all features as input variables of ML models29. Therefore, applying 
feature selection methods before modeling can raise the effectiveness and validity of the model. Feature selection 
methods are generally categorized into three types: filter, wrapper, and embedded methods30. Filter methods, 
such as Chi-square tests31, Pearson correlation coefficients32 and Mutual information33, are used to select 
appropriate features from the entire set before model training. Wrapper methods contain training classifiers 
(e.g., support vector machine34, random forest) with different subsets of features and selecting the best subset 
by optimizing model performance. Embedded methods incorporate penalties within ML models to reduce the 
contributions of less important features35.

Compared to filters and embedded methods, wrapper methods are more intuitive, flexible, and effective. 
Recursive feature elimination (RFE) is a well-known wrapper method widely used to address the drawbacks of 
traditional feature selection methods36. To be specific, RFE repeatedly evaluates the importance of features in 
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different subsets using a classifier and ultimately identifies the best feature subset. This iterative process allows 
the RFE algorithm to assess feature contributions to model outputs in various combinations of feature sets, 
which traditional feature selection methods may not achieve. Recently, the development of RFE manifests 
promise for predictions involving numerous features, such as identifying driving behaviors with a large number 
of physiological features37. While RFE provides an effective approach for feature selection, its performance 
heavily depends on the underlying classifier used. When applied with linear models, it may fail to capture 
complex non-linear relationships, which are common in physiological data like heart rate variability (HRV) 
signals. To address these limitations, Random Forest can be combined with Recursive Feature Elimination (RF-
RFE) to better capture the non-linear relations38, which is particularly effective for physiological data analysis. 
For instance, Gómez-Ramírez, et al.39 indicated that Random Forest’s built-in feature importance mechanism is 
more robust and reliable compared to that of linear models.

This study provides a comparative list including studies with different feature selection methods in analyzing 
drivers’ physiological states (Table 1). Note that those studies mainly focus on road users or pilots, while no 
metro drivers are concerned.

Explanation of machine learning models
Machine learning models can achieve high accuracy; however, they are more difficult to interpret than simple 
approaches such as statistical regression models. The restriction of machine learning models may hinder the 
understanding of how driver response to cognitive distractions.

To provide interpretability, Friedman45 introduced a tree ensemble machine learning algorithm named 
Gradient Boosting Decision Tree (GBDT) to provide feature importance and explain the impact of each factor 
on the results in terms of feature importance. Recently, Lundberg, et al.46 introduce an explanation framework 
named SHapley Additive exPlanation (SHAP). Using the idea of the Shapley value represents the outcome as 
the sum of each feature contribution. SHAP values have proved to be consistent and can be plotted to illustrate 
the effect of different features on model outputs47. At present, there are few studies on visually interpretating 
the associations between driver distraction and their physiological features, while more studies apply SHAP in 
analyzing other aberrant physiological states, e.g., fatigue. For example, Zhou, et al.48 used GPBoost and SHAP 
to predict driver fatigue in monotonous automated driving based on HR-HRV features. Table 2 lists some recent 
studies that visually interpret the associations between physiological signals and aberrant driving states using 
SHAP framework.

Reference Participants Driving status Features Algorithm model Model accuracy

Zhou, et al.49 Road users Fatigue HR-HRV GPBoost 89.2% from the unique model

Strle, et al.50 Road users Cognitive distraction HRV, EDA, skin 
temperature, pupil dilation LGBM, HGBC, XGB

63% from best model (LGBM) 
with four kinds of feature 
fusion

Huang, et al.51 Road users Emotional state EEG, EDA XGBoost, CatBoost, 
LightGBM, KNN 94.88% from the unique model

Fasanmade52 Road users Driving stress HR-HRV GBDT 90.92% from the unique model

Alreshidi, et al.53 Polit Cognitive distraction EEG CNN 96% from the unique model

Table 2.  Comparative study of recent work for SHAP analysis.

 

Reference
Research 
objects Physiological signals Features selection method Machine learning models Model accuracy

Chen, et al.40 Road users
Electrocardiogram (EKG), Galvanic 
skin response (GSR), EEG, 
Electrooculography (EOG)

Single filtering feature selection; 
Multiple filtering feature selection

SVM, Transfer joint 
matching (TJM), Adaptation 
regularization based transfer 
learning (ARTL)

94.30% from ARTL model with 
multiple filtering feature selection; 
93.23% from ARTL model with 
singe filtering feature selection

Zuo, et al.41 Road users EEG, ECG, Electromyogram (EMG)

ReliefF, Non-Negative matrix 
factorization (NMF), Mutual 
information, Neighborhood 
component analysis (NCA), 
Sequential forward selection (SFS)

RF, BiLSTM
The accuracy of models with 
ReliefF selection are 3% higher 
than model with other feature 
selections

Misra, et al.42 Road users ECG, Photoplethysmography 
(PPG), Eye-Tracking RFE Naive bayes, KNN RF, DT, SVM 91.54% from RF model using RFE

Dehzangi, et 
al.43 Road users GSR, Skin conductance (SC) Relief, RF, Neighborhood component 

analysis
SVM, KNN, Ensemble bagged 
classifiers

93.5% from ensemble bagged 
classifier using RF

Papakostas, 
et al.44 Polits

Blood volume pulse, Skin 
conductance, Skin temperature, 
Respiration

DT RF, SVM, KNN, CNN-LSTM 70% from CNN-LSTM using DT 
feature selection

Table 1.  Comparative study of recent work for feature selection analysis.
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Data collection
Participants and equipment
The analysis of metro drivers’ cognitive distractions is based on several physiological experiments approved by 
the Medical Ethics Committee at Southwest Jiaotong University (SWJTU-2103-039). Thirty-two professional 
male drivers from Lanzhou Rail Transit Cooperation participated in these driving experiments. The average 
age and working experience of the drivers are 30 years (SD = 3.08) and 6 years (SD = 2.87), respectively. All 
participants were healthy and reported no discomfort before or during the experiments. Also, informed consents 
were obtained from all participants before the experiments.

The experiments were conducted using a metro simulator maintained by Lanzhou Rail Transit Cooperation. 
This simulator comprises a train cockpit with a 150-inch screen displaying real-time driving scenes. The simulator’s 
layout replicates that of a real train cockpit (Fig.  1). The simulated driving scenes, including environments, 
objects, sounds, operating interface, infrasound, and stations, closely resemble those in real operations.

ECG signals of the metro drivers were collected using a Polar H10 device working at a frequency of 130 Hz. 
The Polar H10 is a medical-grade, lightweight, and wearable device that collects high-quality ECG signals. Due 
to its advantages, the Polar H10 has been widely used in studies regarding physiology and behavior analysis54,55.

Experiments design
This study confirms that all experiments and methods were performed in accordance with relevant guidelines 
and regulations. All recorders in this experiment have received professional training for collecting and recording 
physiological signal. The participants in this study performed four driving experiments (see Fig.  2): pre-
experiments that help drivers adapt to the metro simulator, driving with non-distraction (Experiment I), driving 
with low-degree distraction (Experiment II), and driving with high-degree distraction (Experiment III).

The low- and high-degree cognitive distractions in this study were induced by a set of N-backs tasks56,57. 
N-backs is a widely utilized cognitive exercise designed to assess working memory and have extensively 
employed to evoked participants’ cognitive distraction58. The N-backs test ensures that the driver is mentally 
occupied. In our study, an electronic notebook was placed next to the driver’s seat in the cockpit. During the 
Experiment II and III, a random number ranging from 1 to 9 was displayed on the notebook screen every 5 s 
(see Fig. 2). Drivers were asked to recall and report the number displayed in the N-th 5-second period prior to 

Fig. 2.  The detailed of the designed N-backs tests.

 

Fig. 1.  The cockpit of driving simulator and real metro.
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the current one. A 5-second countdown was displayed below the number to inform the driver when the current 
number would change. Driving without N-back tasks (non-distraction) corresponds to the Experiment I, while 
driving with 1-back tasks (low-degree distraction) and 2-back tasks (high-degree distraction) correspond to 
Experiment II and III, respectively. In order to ensure the correctness of the numbers, the driver must remember 
the numbers while cognitively distracted during the driving task. Therefore, drivers performing the N-backs task 
will always be distracted.

All the experiments were conducted on a fixed metro line including 10 stops in the driving simulator, from 
Donggang station to Wenhuagong station. The expected driving time to complete the line was approximately 
30 min. Drivers were asked to wait at each stop for 30 s to board virtual passengers and then keep going. After 
each driving experiment, participants were given a 10-minute rest to prevent fatigue. Each driving experiment 
is divided into driving phase (i.e., the intervals between two adjacent stations) and parking phase (i.e., when the 
metro was stopped at a platform), as the physiological responses of the drivers may vary between the two types of 
phases (see Fig. 3). The experiment recorder recorded the schedule of each driver’s train stopping and departing 
at each station in order to correspond to the subsequent ECG data timeline and determine the driver’s ECG data 
under driving phase/parking phase.

Methods
Feature extraction and statistical analysis
The framework of feature extraction and statistical analysis are illustrated in Fig. 4. It includes Part A: RR interval 
collection, Part B: Train schedule record, Part C: Data match and phase classification, Part D: Data preprocessing 
& feature extraction, and Part E: Exploratory data analysis.

	1)	� In Part A, we collect the raw RR intervals (RRI, the time interval between adjacent R-wave peaks of the driv-
er) of metro drivers by the smart phone application connected with Polar H10 during the experiments. The 
RR intervals are recorded per second.

Fig. 4.  The workflow of processing and analyzing the ECG signals.

 

Fig. 3.  The detailed schematic diagram of the experimental process.
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	2)	� In Part B, the train (metro) schedule is obtained, which records the stop and departure of the metro in each 
station during the experiments. Note that the Station 0 means the start of the route and this is not a real 
metro station.

	3)	� In Part C, the phases of metro operation are classified as driving phases and parking phases by examining the 
train schedule. The parking phase means the metro fully stops at the platform, while driving phase refers to 
the movement of metro between the adjacent stations. Then, the schedule is used to mark the RR intervals 
to distinguish the data under driving or parking phases.

	4)	� In Part D, RR intervals are visually inspected and then processed using a Python package named “hrvanal-
ysis” to remove ectopic beats and outliers (outside the range of 280 to 1500 milliseconds, suggested by Jiao, 
et al.28). The ‘hrvanalysis’ package applies a linear interpolation algorithm to replace null points with inter-
polated intervals. This package is also used to extract HRV features from the processed RR intervals using 
30-s/60-s time-windows (driving phases) and 25-s time-windows (parking phases) with 50% overlap. All the 
features are scaled using Z-score method before being inputted to prediction models.

	5)	� In part E, the normality of each HRV feature and its distribution differences across the degrees of distraction 
are statistically examined by Kolmogorov-Smirnov (K-S) tests and Kruskal-Wallis (K-W) tests, respectively.

In total, 29 h-HRV features were extracted from the processed ECG data. Table 3 illustrates the definitions of 
the HR-HRV features. Meanwhile, it should be mentioned that the experiments for both distracted and non-
distracted driving include the same metro stops, and the total durations in both cases are nearly equal. Therefore, 
sample size variability or data imbalance was not explicitly addressed in training the model.

Feature selection based on RF-RFE
This study uses RFE algorithm to identify the most critical HR-HRV features that are associated with cognitive 
distractions. In this study, we use a Random Forest (RF) classifier to rank the contribution of each feature 
subset61. The combination of RF and RFE, known as RF-RFE, provides an effective overall feature selection 
method62,63. The main steps of the RF-RFE algorithm are as follows:

(1) An RF model is trained using the full feature set{A1, A2, . . . , Am}, where m is the total number of 
available features. Then, the analysts will predetermine an expected number of the involved features, i.e., K 

Variables Features types Description

MNN

Time-domain features

Mean of RR intervals

SDNN Standard deviation of RR intervals

SDSD Standard deviation of the differences between adjacent RR intervals

NN50 Number of pairs of differences between adjacent RR intervals more than 50 milliseconds

pNN50 Percentage of successive RR intervals differed by more than 50 milliseconds

NN20 Number of pairs of differences between adjacent RR intervals more than 20 milliseconds

pNN20 Percentage of successive RR intervals differed by more than 20 milliseconds

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

MEDNN Median of RR intervals

RANNN Difference between the maximum and minimum RR intervals

RMSSD/NN The ratio of RMSSD to RR intervals

CVNN The coefficient of variation of normal RR intervals

MHR Mean heart rate

Max-HR Maximum of heart rate

Min-HR Minimum of heart rate

Std-HR Standard deviation of heart rate

LF

Frequency-domain features

Power of the low frequency band (0.04–0.15 Hz)59

HF Power of the high frequency band (0.15–0.4 Hz)60

LF/HF Ratio of LF to HF

LF norm LF power in normalized

HF norm HF power in normalized

TP Power of the total frequency band

VLF Power of the very low frequency band (0.003–0.04 Hz)

SD1

Non-linear features

The standard deviation of projection of the Poincaré plot on the line perpendicular to the line

SD2 The standard deviation of the projection of the Poincaré plot on the line

SD1/SD2 Ratio of SD1 to SD2

CVI Cardiac vagal index

Modified-CSI The modified cardiac sympathetic index

TRI-index The triangular index

Table 3.  The defines of HR-HRV features.
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(K = 1, 2, . . . , m). The K number is then dynamically changed through cross-validation at each iteration. To 
clearly see the change of model performance with each removal of an eigenvalue, the iteration K is specified as 
m − j in each iteration, where j is the number of iterations.

(2) After the initial training, the RF model ranks the importance of each feature based on criteria such as mean 
decrease in accuracy. The least important featureAI  (I ∈ [1, m]) among the m features is therefore removed 
from the feature set {A1, A2, . . . , Am}. The performance of the model, evaluated using cross-validation, is 
recorded as the average precision (denoted as P1)

(3) In subsequent iterations (from 2 to R, where R is the number of rounds), the least important features, i.e., 
AII , AIII , ?, AR, is sequentially extracted and removed from the feature set. After each removal, the RF model 
is retrained, and its performance is evaluated. The performance metrics for each round are recorded, denoted 
as P2, P3, ?, PR.

(4) After performing R iterations and generating R feature subsets (with one feature removed at each step), 
the subset of features that yields the highest average precision during cross-validation is selected as the optimal 
feature set.

(5) To ensure robustness, the process is repeated for different values of K (the number of features retained), 
ranging from 1 to m. For each value of K, a total of m RF models are trained and evaluated. The final optimal 
feature subset is selected based on the RF model that provides the highest precision across all trained models.

.

Machine learning approaches
XGBoost classifier
In this study, XGBoost is used to identify distractions and classify the degrees of distraction. This approach is 
one of the most popular ensemble machine learning algorithms in transportation safety studies64. XGBoost 
develops a sequence of decision trees in a boosted, parallel structure to achieve an effective evolution process65. 
The objective function of XGBoost usually consists of two parts, including a training loss and a regularization, 
expressed as:

	 Obj(θ) = L(θ) + Ω(θ)� (1)

	
Ω(Θ) = γT + 1

2λ
∑T

j=1
w2

j � (2)

where L(θ) is the training loss function used to measure the model performance on training data; and Ω(Θ) 
is the regularization term used to control the complexity of the model to avoid overfitting; T is the number of 
leaves; λ and γ are regularization parameters; wj  are the weights of the leaf nodes j of the trees.

Traditional machine learning
In addition to the XGBoost, this study also trains several traditional machine learning models to be alternative 
approaches for identifying the cognitive distractions of metro drivers. These machine learning models include 
Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Decision Tree (DT). All the developed 
traditional machine learning models are compared with XGBoost in terms of model metrics.

Model metrics
The performances of the above machine learning models on the identifications or classifications are compared 
by several metrics, including accuracy, precision, recall, and F1-score. These model metrics are drawn from the 
confusion matrix with true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN). The 
defines of the model metrics are given by Eqs. (7)-(10):

	
Accuracy = T P + T N

T P + T N + F P + F N
� (3)

	
P recision = T P

T P + F P
� (4)

	
Recall = T P

T P + F N
� (5)

	
F 1 − Score =

(
P recision × Recall

P recision + Recall

)
× 2� (6)

SHAP technique
Our study uses SHAP technique to illustrate the associations between HR-HRV features and cognitive 
distractions. In the SHAP framework, the contribution of the feature i on the model outputs is allocated based 
on its marginal contribution. The Shapely values of the i-th feature can be computed by:

	
ϕi =

∑
S∈M{i}

|S|!(m − |S| − 1)!
m!

[
v(S

∪
{i}) − v(S)

]
� (7)
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where M denotes the testing group with m features; S is a subset of features without the i-th feature; v(S
∪

{i}) 
denotes the model outputs with both S feature set and the i-th feature, v(S) is the model outputs with the S 
feature set only,

Framework of the methodology
The goals of this study are to: (1) identify that whether a driver is experiencing a distraction, which constitutes 
a binary classification, and (2) classify the degree of the driving distraction, which constitutes a multi-class 
classification. Figure 5 illustrates the overall framework of the methodology to achieve the goals.

First, HR-HRV features are extracted from raw RR intervals measured in both driving and parking phases. 
The HR-HRV features extracted using either 30-s/60-s time-windows in driving phase and 25-s time-windows 
in parking phase yield different classification models. Hence, HR-HRV features from the three types of time-
windows are simultaneously examined to determine the most suitable feature subsets using RF-RFE. The full 
dataset is randomly divided in a 70:30 ratio, corresponding to training data and testing data, respectively.

The training data are then used for model training and parameter tuning with 5-fold cross-validations. 
Moreover, this study also tests the performance of models trained with 10-fold cross-validations and LOOCV 
approach in addition to the 5-fold cross-validations.

The testing data used for model evaluation are never involved in the training process. Finally, several machine 
learning models are then trained to make identifications or classifications for different operational phases using 
the training data. The outputs of the models that respectively provided the best classifications for driving and 
parking phases, are interpreted using the SHAP framework.

Results
Results of statistical analysis for HR-HRV features
The study first examines the differences in HR-HRV features across degrees of distraction. K-S tests indicate 
that all features are not normally distributed, thus K-W tests are then used to unveil the differences. Table 4 
summarizes the results of the K-W tests for HR-HRV features in both driving and parking phase at the 95% 
confidence interval.

The distributions of all HR-HRV features significantly differ across the degrees of distraction in driving 
phase. As the degree of distraction increases, the features including MNN, SDSD, pNN20, RMSSD, MEDNN, 
RMSSD/NN, SD1, and CVI decrease, while MHR and Max-HR increase. For parking phase, only nine HR-HRV 
features show significantly differences across the degrees of distraction. However, all the statistical significances 

Fig. 5.  The proposed analytical framework of the methodology.
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of the differences, except for Modified-CSI, are above 0.01, indicating that these differences are relatively weak. 
In parking phase, HR-HRV features including MNN, SDNN, MEDNN, RANNN, HF, LF-norm, VLF, SD2, CVI, 
Modified-CSI, and TRI-index decrease with an increase in distraction degree, while MHR, Max-HR, Min-HR, 
and HF-norm increase.

Classifications of driving distractions during driving period
Binary classification
The study first identifies that whether the driver is distracted during driving phase using machine learning 
models. Figure  6 shows the accuracy and F1-score of the binary classifications with different numbers of 
inputted HR-HRV features. Note that the number of input features is sequentially determined by the RF-RFE. 
The selected HR-HRV features used in driving phase are extracted from either 30-s or 60-s time-windows.

For the features from 30-s time windows (Fig.  6(a) and (b)), it is found that SVM, XGBoost, and DT 
models generally perform better in identifying cognitive distractions compared to other models. Moreover, 
incorporating the three most critical HR-HRV features yields the best performance for the XGBoost, SVM, and 
DT models. However, adding more HR-HRV features does not improve performance for these models. In fact, 
the performance metrics for the DT model decrease as more features are added.

Figure 6(c) and (d) show the accuracy and F1-score of models with different numbers of selected features 
using HR-HRV features extracted from 60-s time-windows. Among the models, XGBoost also outperforms the 
others in terms of accuracy and F1-score, followed by the SVM approach. The comparisons between metrics 

Metrics

Driving period Parking period

Non-distraction
Low-degree 
distraction

High-degree 
distraction

Sig

Non-distraction
Low-degree 
distraction

High-degree 
distraction

SigMean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D.

MNN 709.76 87.18 698.68 83.36 679.06 93.27 < 0.001* 677.36 69.64 668.71 69.80 657.82 81.98 0.017*

SDNN 33.43 18.93 35.82 17.89 32.60 18.44 < 0.001* 42.24 18.10 39.12 17.18 38.79 18.91 0.018*

SDSD 25.38 13.27 22.13 12.17 21.63 14.22 < 0.001* 22.96 11.13 22.31 10.98 22.48 14.19 0.395

NN50 2.33 3.15 2.02 2.88 2.09 3.61 < 0.001* 2.11 3.17 1.85 2.38 1.86 2.80 0.541

pNN50 7.76 10.51 5.11 7.58 5.30 9.75 < 0.001* 5.86 8.00 5.28 7.03 5.35 8.50 0.491

NN20 10.29 6.30 11.74 7.35 11.25 7.74 0.001* 10.82 7.55 9.91 5.79 10.14 6.39 0.560

pNN20 34.31 21.04 28.45 19.24 26.90 20.02 < 0.001* 29.53 18.83 27.41 17.26 28.02 19.13 0.428

RMSSD 25.46 13.36 22.17 12.19 21.67 14.24 < 0.001* 23.05 11.14 22.36 11.00 22.54 14.20 0.374

MEDNN 708.39 87.66 697.65 84.68 678.48 95.07 < 0.001* 674.15 70.07 665.47 69.95 655.07 83.16 0.018*

RANNN 129.96 77.40 146.38 77.89 136.41 87.83 < 0.001* 159.04 68.33 152.02 67.67 151.97 89.77 0.115

RMSSD/
NN 0.03 0.02 0.03 0.02 0.03 0.02 < 0.001* 0.03 0.01 0.03 0.01 0.03 0.02 0.655

CVNN 0.05 0.02 0.05 0.02 0.05 0.02 < 0.001* 0.06 0.02 0.06 0.02 0.06 0.03 0.043*

MHR 85.99 10.19 87.33 10.17 90.31 12.71 < 0.001* 89.85 8.81 91.01 9.12 93.06 12.09 0.016*

Max-HR 93.82 10.56 96.34 11.33 99.61 15.44 < 0.001* 99.56 9.72 100.64 10.83 104.01 16.99 0.020*

Min-HR 78.70 10.86 78.70 10.78 81.92 13.37 < 0.001* 79.34 9.65 80.68 9.75 82.71 12.54 0.016*

Std-HR 3.81 1.77 4.26 1.83 4.12 2.29 < 0.001* 5.33 1.95 5.09 2.04 5.30 2.85 0.182

LF 710.56 1098.85 852.45 1291.23 655.35 1143.89 < 0.001* 1094.21 1743.87 1017.65 1676.20 1030.80 2364.39 0.137

HF 269.82 417.49 231.13 572.01 279.86 634.47 < 0.001* 236.93 293.26 223.24 273.66 317.65 1072.69 0.920

LF/HF 3.90 5.62 6.51 8.33 4.95 6.33 < 0.001* 7.05 7.35 7.57 9.13 7.09 10.92 0.148

LF-norm 65.85 19.34 75.52 17.15 70.62 18.96 < 0.001* 77.66 15.78 75.81 18.71 74.77 17.83 0.148

HF-norm 34.15 19.34 24.48 17.15 29.38 18.96 < 0.001* 22.34 15.78 24.19 18.71 25.23 17.83 0.148

Metrics

Driving period Parking period

Non-distraction
Low-degree 
distraction

High-degree 
distraction

Sig

Non-distraction
Low-degree 
distraction

High-degree 
distraction

SigMean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D. Mean S.D.

TP 1123.83 1608.94 1342.54 2035.34 1127.48 1938.61 < 0.001* 1702.55 2303.46 1599.33 2099.51 1671.39 3633.93 0.273

VLF 143.46 296.97 258.96 541.01 192.27 438.60 < 0.001* 371.41 498.27 358.44 457.81 322.95 500.67 0.059

SD1 18.25 9.55 15.84 8.73 15.48 10.20 < 0.001* 16.46 7.99 15.99 7.89 16.12 10.19 0.393

SD2 43.30 25.55 47.91 24.16 43.18 24.44 < 0.001* 57.21 24.82 52.75 23.48 52.19 25.25 0.012*

SD1/SD2 2.46 0.76 3.23 1.02 3.13 1.19 < 0.001* 3.73 1.21 3.51 1.05 3.66 1.33 0.143

CVI 3.98 0.44 3.97 0.43 3.88 0.51 < 0.001* 4.09 0.38 4.04 0.39 4.01 0.46 0.102

Modified-CSI 449.95 360.93 631.69 398.44 537.01 380.87 < 0.001* 876.35 525.59 762.64 472.01 752.27 423.17 0.002*

TRI-index 5.86 2.11 6.40 2.13 6.08 2.16 < 0.001* 6.85 2.04 6.66 2.01 6.46 2.03 0.075

Table 4.  HR-HRV features under different degrees of distraction and results of Kruskal-Wallis tests.  * means 
the variable is significant in 99% confidence interval.
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of the developed models using features from 60-s time-windows are similar to those of models using HR-HRV 
features from 30-s time-windows. However, the F1-score of the KNN model with HR-HRV features from 60-s 
time windows is significantly better when only a few features are included than the KNN model with features 
from 30-s time-windows.

The detailed model metrics and the corresponding number of inputted HR-HRV features in fine-tuned 
models are summarized in Table  5. It is observed that models using HR-HRV features extracted from 30-s 
time-windows are similar to those using features extracted from 60-s time-windows in terms of model metrics, 
except for the KNN and NB models. The model comparisons show that the DT with only one HR-HRV feature 
extracted from 30-s time-windows (Accuracy = 0.998, F1-score = 0.995) and the SVM with 12 h-HRV features 
extracted from 60-s time-windows (Accuracy = 0.995, F1-score = 0.995) provide the best identifications for 
cognitive distractions.

Moreover, this study presents the frequency of which each HR-HRV feature is selected in the optimal feature 
subsets in the fine-tuned ML models. A higher frequency of a feature being included in the optimal subsets, 
according to the RFE algorithm, indicates a greater importance of this feature. As shown in Fig. 7, TRI-index 
is the most important feature as it is selected in the optimal feature subsets by all five models using HR-HRV 
features from both 30-s and 60-s time-windows. Additionally, NN20 and pNN20 from 30-s and 60-s time-

Fig. 6.  Metrics of models in binary classifications.
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windows are respectively selected in the optimal feature subsets by four models, making them the second and 
third most important features. The remaining features are less frequently selected when extracted from 60-s 
time-windows compared to those from 30-s time-windows. This suggests that HR-HRV features from 60-s 
time-windows are generally more important, as they can capture more information than those from 30-s time-
windows.

Multi-class classification
The cognitive distractions are further classified by degrees (non-distraction, low-degree distraction, and high-
degree distraction) using HR-HRV features. Figure  8 shows the accuracy and F1-score of the classification 
models with different numbers of input HR-HRV features (30-s and 60-s time-windows).

For the HR-HRV features from 30-s time-windows, the performance of XGBoost and SVM improves as 
the number of included features increases. Among the models, XGBoost are significantly superior to SVM, 
KNN, DT, and NB models in terms of model metrics after inputting the 17th feature (i.e., TRI-index). However, 
other models do not benefit from this input feature, suggesting that XGBoost can more effectively exploit the 
information from this important feature to distinguish the degrees of distractions.

For the models with HR-HRV features extracted from 60-s time-windows (see Fig. 8), the SVM and XGBoost 
models are superior to other models. For instance, increasing the number of input HR-HRV features from 1 to 
5 significantly enhances the performance of the SVM and XGBoost models, while this is not the case for other 
models. This demonstrates that the SVM and XGBoost models are more appropriate in classifying the degrees of 
cognitive distractions with only a few important features available.

Table  6 presents the detailed model metrics and the number of features included in the fine-tuned ML 
models for distinguishing the degrees of distractions. The results show that models with HR-HRV features 
from 60-s time-windows outperform those using features from 30-s time-windows, probably because the 
longer time-windows capture more information about heart rates during cognitive distractions. Additionally, 
the comparisons between models indicate that XGBoost outperforms other models in classifying the degrees 
of cognitive distraction using HR-HRV features from both 30-s (accuracy: 0.677; F1-score: 0.744) and 60-s 
(accuracy: 0.779; F1-score: 0.777) time-windows.

Figure 9 presents the frequency of each HR-HRV feature selected in the optimal feature subsets by the five 
ML models in the multi-class classifications. It shows that MNN, RMSSD/NN, Max-HR, Min-HR, and SD1/SD2 
extracted from 30-s time-windows, and NN20, pNN20, and SD1/SD2 extracted from 60-s time-windows are 
included in the optimal feature subsets by all five models. This indicates that these features are more important 
for classifying the degrees of distractions than others. Consistent with the differences observed in binary 
classifications, there are fewer HR-HRV features from 60-s time-windows included in the optimal feature subsets 
compared with features from 30-s time-windows.

Association analysis with SHAP
This study uses the SHAP framework to illustrate the associations between the HR-HRV features extracted in 
driving phase and cognitive distractions by degrees. Note that the interpretations for the binary classifications 
with SHAP are not provided, as there is only one feature included in the best model.

Figure 10 shows the SHAP summary plots that list the SHAP values of the HR-HRV features in descending 
order based on their importance in classifying drivers’ non-, low-degree, and high-degree distractions. 
Specifically, a red dot represents a high value for a certain feature in a sample, while a blue dot indicates a low 
value. The horizontal axis represents the magnitude of the SHAP values of the features in a sample. A positive 
SHAP value means that the corresponding feature increases the model outputs, i.e., the probability of either 
non-, low-, or high-degree cognitive distraction, while a negative SHAP value implies a decrease in the model 
outputs.

According to the SHAP values of the 20 h-HRV features involved in the fine-tuned XGBoost model (Fig. 9a), 
NN20 and pNN20 are the two most important features associated with non-distractions. NN20 and pNN20 have 
opposite associations with non-distractions: a higher value of NN20 or a lower value of pNN20 indicates a higher 
probability of non-distractions. Compared to these two critical HR-HRV features, other features have directional 
but smaller absolute SHAP values, indicating that they are less important in signaling non-distractions.

Models Window length Number of features Accuracy Recall Precision F1-Score

SVM

30-s

3 0.995 0.971 0.997 0.984

KNN all 0.910 0.500 0.460 0.479

XGBoost 1 0.997 0.999 0.984 0.991

DT 1 0.998 0.999 0.990 0.995

NB 18 0.539 0.631 0.539 0.440

SVM

60-s

12 0.995 0.993 0.996 0.995

KNN 1 0.981 0.983 0.975 0.979

XGBoost 6 0.994 0.994 0.994 0.994

DT 3 0.983 0.983 0.979 0.981

NB 16 0.559 0.620 0.619 0.559

Table 5.  Metrics of fine-tuned models for binary classifications in driving phase.
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Figure 9 (b) and (c) illustrate that NN20, pNN20, SD1/SD2, Max-HR, MEDNN, and Min-HR are the most 
important HR-HRV features for indicating low-degree and high-degree distractions. For most samples, NN20 
have strictly positive associations with low-degree and high-degree distractions, while pNN20 is negatively 
linked to the two types of distractions. pNN50 is also found to decrease as degree of distraction increases. 
However, the associations between other features and distractions vary across the degrees of distraction. For 
instance, SD1/SD2 is generally positively linked to low-degree distractions, but has a mixed relationship with 
high-degree distractions. Similarly, Max-HR is negatively associated with low-degree distractions while being 
positively linked to high-degree distractions in most samples. Other HR-HRV features, such as MEDNN, MNN, 
Modified-CSI, MHR, RMSSD, also show mixed associations between the low-degree and high-degree distraction 
and less importances, indicating that the relationships are more uncertain.

Fig. 7.  The frequency of selection for each HR-HRV feature selected in optimal models for binary 
classifications.
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Models Window length Number of features Accuracy Recall Precision F1-score

SVM

30-s

25 0.639 0.718 0.738 0.727

KNN 5 0.586 0.459 0.555 0.470

XGBoost 26 0.677 0.731 0.758 0.744

DT all 0.594 0.486 0.639 0.511

NB 11 0.475 0.436 0.418 0.400

SVM

60-s

7 0.764 0.762 0.762 0.762

KNN 4 0.732 0.733 0.740 0.726

XGBoost 20 0.779 0.776 0.778 0.777

DT 3 0.696 0.694 0.699 0.696

NB 16 0.473 0.474 0.472 0.467

Table 6.  Metrics of fine-tuned models for multi-class classifications in driving phase.

 

Fig. 8.  Metrics of models in multi-class classifications.
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Classifications of driving distraction in parking period
In addition to driving phase, the current study identifies distractions (binary) and distinguishes the degrees 
of distractions (multi-class) in parking phase. Figure 11 presents the F1-scores of the five ML models used for 
binary and multi-class classifications with different numbers of input features. The results show that all models 
perform poorly in both types of classifications, regardless of the number of features. The F1-scores of the models 
are below 0.6 for binary classifications and are below 0.42 for multi-class classifications.

Additionally, Table 7 lists the detailed information and metrics of the fine-tuned models used for identifications 
and classifications in parking phase. The results indicate that the SVM model with 6 h-HRV features and the DT 
model with 17 h-HRV features outperform other models in identifying distractions and classifying the degree 
of distractions, respectively. However, F1-scores of the two models are only 0.596 and 0.411. Given the poor 
performance of the models, it can be concluded that the current HR-HRV features may not be effective in 
identifying drivers’ cognitive distractions in parking phase.

Fig. 9.  The frequency of selection for each HR-HRV feature selected in each optimal model for multi-class 
classifications.
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Discussion
This study conducts an analysis and proposes detection methods for cognitively distracted metro drivers. 
According to the results, HR-HRV features are related to metro drivers’ cognitive distractions during driving 
phase. Specifically, HR-HRV features, such as MNN, SDSD, RMSSD, pNN20, and pNN50 decrease if the degree 
of cognitive distraction increases, while Max-HR and MHR increases. The significant associations are due to 
that cognitive distractions tend to manifest in altered autonomic nervous system (ANS) regulation reflected in 
HR-HRV indices66. Hence, HR-HRV features can be used for identifying and classifying cognitive distractions in 

Fig. 10.  SHAP summary plots for multi-class classification during driving phase.
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metro driving phase. However, the cognitive distractions occurring in parking phase are less related to HR-HRV 
features, with fewer HR-HRV features showing significant variation. This difference can be interpreted through 
the differences of workload between driving and parking. Drivers typically have fewer manipulations and 
attention allocations when the metro is parked at platform. Therefore, the cognitive demands are lower during 
parking phase as the drivers are more relax in coping with the N-backs tasks, demonstrating that HR-HRV 
features are more sensitive to reflect distractions during high mental demand scenarios than during relatively 
less demand ones. This finding also implies that reflecting cognitive distractions with HR-HRV features should 
be restricted in specific scenarios of operation.

Results of machine learning models demonstrate that HR-HRV features perform well in detecting cognitive 
distractions of metro drivers. Models like XGBoost, SVM, and DT have excellent model metrics in detecting 
cognitive distractions (binary-class classification) during driving phase. However, the performances of machine 
learning models are less as expected in classifying the degrees of distractions (multi-class classification), 
especially for distinguishing the low-degree distractions and high-degree distractions. Among the models, 
XGBoost achieves the best performance in both binary and multi-class classifications, aligning with previous 
research highlighting its robustness and ability to handle complex, high-dimensional data67.

It is also found that adding extra features did not always enhance the performance of the classification model. 
The reduction in model performance implies that the models are affected by unnecessary features and noises, 
which also implies that a few features selected play a crucial role in determining the cognitive distractions. These 
results emphasize the importance of applying feature engineering and selection techniques like RF-RFE to filter 
the most critical HR-HRV features for constructing distraction detection models.

The effect of 30-s and 60-s time-windows used for capturing HR-HRV features on model performance 
are also noteworthy to be discussed. According to the results, while the 60-s time-window generally captured 
more information about the physiological state26, features extracted from 30-s time-windows are still highly 
informative for distraction detection. This is consistent with some research findings that short time segments 
can also extract enough heart rate characteristics and gradually apply to the measurement field58. This finding 

Classification type Models Number of features Accuracy Recall Precision F1-score

Binary

SVM 6 0.624 0.602 0.595 0.596

KNN all 0.664 0.5 0.332 0.399

XGBoost 15 0.672 0.567 0.613 0.560

DT 16 0.624 0.582 0.581 0.582

NB 6 0.462 0.560 0.577 0.455

Multi

SVM 7 0.360 0.359 0.356 0.356

KNN 18 0.387 0.386 0.389 0.375

XGBoost 10 0.411 0.410 0.408 0.407

DT 17 0.411 0.412 0.418 0.411

NB 13 0.371 0.370 0.406 0.338

Table 7.  Metrics of fine-tuned models for binary and multi-class classifications in parking phase.

 

Fig. 11.  F1-score of models in binary and multi-class classifications during parking phase (a) Binary 
classification (b) Multi-class classification.
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underscores the flexibility of the proposed classification methods, as it suggests that even HR-HRV features 
from short time windows can provide valuable insights in detecting cognitive distraction by degrees. This is 
particularly relevant for constructing real-time detection methods in practical metro driving based on timely 
responses.

Among the HR-HRV features, TRI-index is consistently selected as the most important feature across all 
models, indicating its central role in reflecting cognitive workload and mental stress. However, SHAP values 
of TRI-index in classifying the low-degree and high-degree distraction are relatively small due to the mixed 
associations. Additionally, NN20 and pNN20 are frequently selected as critical features, with NN20 showing 
positive correlations with non-distractions and pNN20 showing negative associations with distractions. These 
trends are in line with previous studies that indicate lower heart rate variability correlates with higher levels 
of cognitive distraction68 and cognitive load or stress69. Statistical and SHAP analysis also reveal that features 
like SD1/SD2, Max-HR, and MEDNN are particularly important in distinguishing low-degree and high-degree 
distractions. The positive relationship between SD1/SD2 and low-degree distractions suggests that subtle 
changes in heart rate patterns could be indicative of less severe distractions, whereas this feature also has a 
mixed association with high-degree distraction. Guo, et al.17 indicate that drivers who in higher distraction have 
significantly lower pNN50, which is in line with our finding. However, the association or importance of some 
HR-HRV features in our study is inconsistent with past studies. For instance, Siennicka, et al.21 argue that higher 
RMSSD is critical in predicting distractions, while it is less important and has a mixed impact in our study. We 
also found that LF and LF/HF are less important in classifying the degree of distraction, which is not the case 
in previous studies70,71. This is probably because LF and LF/HF are unable to effectively reflect the drivers’ tiny 
cognitive demand72. If the cognitive load caused by the distraction is mild or sporadic, changes in LF and LF/HF 
may be minimal, leading to reduced importance of these features. Also, the mechanism of distractions of road 
users are quite different from those of metro drivers, as the road users may suffer more environmental stressors 
that lead to significant LF and LF/HF. These findings demonstrate HR-HRV features, used as biomarker, may 
be quite different if the distraction occurs in different scenarios, implying that comprehensive and considerable 
analyses for cognitive distractions of driving cohorts excluding motor vehicle drivers are necessary.

Conclusions
This study uses HR-HRV features extracted from the ECG signals of metro drivers to determine whether they are 
experiencing cognitive distractions during manual operations and to distinguish the degrees of these distractions. 
The ECG data are collected through driving simulation experiments. HR-HRV features are separately extracted 
using 30-s and 60-s time-windows in driving phase and 25-second time-windows in parking phase. Five ML 
models, including XGBoost, SVM, KNN, DT, and NB, are employed to identify distractions and classify the 
degrees of distractions using the optimal HR-HRV features selected by an RF-RFE algorithm.

Several key findings are presented as follows:

	1)	� During driving phase, classifying whether the drivers are distracted is easier than distinguishing the degrees 
of distraction;

	2)	� During driving phase, models using HR-HRV features from 30-s time-windows outperform others in iden-
tifying distractions, while those using HR-HRV features from 60-s time-windows are better at distinguishing 
the degrees of distraction;

	3)	� The SHAP values indicate that NN20, pNN20, SD1/SD2, Max-HR, Min-HR, and MEDNN are the most 
important features for classifying the degrees of distraction during driving phase. However, the associations 
between some features and distractions are mixed and vary across distraction degrees.

	4)	� It is difficult to identify drivers’ cognitive distractions in parking phase using HR-HRV features.

Based on the above results, several practical applications can be considered to improve the safety of metro 
operations:

	1)	� Wearable devices can be considered to collect ECG data from metro drivers and detect their cognitive dis-
tractions in real-time, particularly for those frequently experiencing cognitive distractions;

	2)	� Physical countermeasures can be considered. For instance, installing alert systems in the cockpit to warn 
drivers of cognitive distractions once detected by the wearable devices;

	3)	� Management countermeasures can be considered, e.g., rewarding drivers who are less frequently distracted 
and penalizing those who are more frequently detected with cognitive distractions. Additionally, special 
training programs focused on attention allocation and metro operations can be implemented to help metro 
drivers focus on their operations.

In addition to the findings, several limitations are noted. First, the ECG data is not effective in distinguishing 
the degrees of distraction, especially in parking phase. Second, distractions are more closely related to brain 
activities, but cerebral signals of the drivers are not available in this study. Last, since the HR-HRV features 
used in this study are recorded in a simple data structure, the comparation between machine learning and more 
advanced deep learning approaches are not considered. Future research may consider incorporating higher-
quality physiological signals and developing multimodal models (e.g., a model combining ECG and EEG) with 
advanced structure to improve the model performance of identifying cognitive distractions in metro drivers.

Data availability
The datasets generated and/or analyzed during this study are not publicly available due to the requirements for 
the confidentiality of the subjects, but are available from the corresponding author on reasonable request.
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