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Driving daily through traffic congestion has been recognised as a major cause of stress. High levels of stress while
driving negatively impact the driver’s decisions which could potentially lead to accidents and other long-term
health hazards. Accordingly, there is a great need to determine stress levels for drivers based on measuring
and predicting the major causes (features or classes) that increase stress levels.

In this paper, the problem of predicting automobile drivers’ stress levels, as experienced during actual driving,
is investigated through the application of five different data mining algorithms, namely K-Nearest Neighbour
(KNN), Decision Tree (J48), Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Networks
(ANN). An experiment was conducted on 14 drivers taking various routes in Amman - Jordan, with a wearable
biomedical device attached to the driver to instantly collect physiological data. The collected data (dataset) is
grouped into two different categories, namely ‘Yes’ to signify the presence of stress and ‘No’ to signify the
absence of stress.

In order to efficiently apply data mining algorithms to the data set, oversampling was used to avoid the
negative effect of driver samples with a lesser class on the prediction of stress.

The findings are evaluated in relation to stress prediction and accordingly contrasted alongside standard
reference approaches that do not consider oversampling and/or feature selection using the Friedman rank test.
The proposed approach, in combination with RF, was seen to surpass any others in terms of accuracy, AUC,
specificity, and sensitivity. The accuracy, AUC, specificity, and sensitivity rates produced by RF utilising our
proposed approach were 98.92%, 99.91%, 98.46%, and 99.36%, respectively.

1. Introduction using mobiles, tiredness, intoxication and aggressive driving are among

the reasons behind road accidents [3]. Therefore, monitoring the human

On a worldwide scale, road and driving safety are recognised as
major issues. The World Health Organization (WHO) highlighted, in
reports published in both 2015 and 2018, the increase in traffic-related
fatalities from a total of 1.25 million in 2015 [1] to 1.35 million in 2018
[2]. The majority of these deaths were seen to be in low- and
middle-income countries, where significant economic development has
been seen to go hand-in-hand with a greater degree of motorisation and
road traffic injury. Despite the high number of mortalities related to
traffic accidents, most of these accidents are seen to be predictable and
therefore preventable. Thus, there is a need for interventions that
improve road safety. According to Direct Line & Brake Reports, the
critical reason leading up to 94% of the crashes is the driver. Stress,

* Corresponding author. University of Petra Amman, Jordan.
E-mail address: whadi@uop.edu.jo (W. Hadi).

https://doi.org/10.1016/j.compbiomed.2019.103474

affective state can provide a wealth of valuable information to avoid
traffic incidents whilst also delivering comfortable and safe driving.
Affective Computing is the interdisciplinary field utilising sensitive
computing systems to recognise and understand human emotions, to
subsequently provide human requests with smart responses. The newly
introduced wearable and non-intrusive sensor technology delivers real-
time physiological tools to monitor the cognitive states and human af-
fective states. A number of research groups have sought to deliver tools
and solutions to drivers to monitor their stress level [4-6]. In this work, a
number of different physiological, physical and contextual features have
been collected from automobile drivers during driving in Jordan,
captured through a system that consists of a biomedical device and a
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mobile application, in an effort to predict stress levels. Physiological
signals, including Electrodermal Activity (EDA), Electrocardiogram
(ECG), Electromyogram (EMG) and Respiration (RESP), were captured
for a total of 14 driving experiences. Furthermore, a number of other
features were captured, including demographic data, time and weather
condition data.

Since data was collected within Jordanian context, it is important to
highlight that Jordan is among the high countries in the world in traffic
accidents due to aggressive driving. It was reported by Public Security
Directorate (PSD) that, in 2017, a total of 150,226 road traffic accidents
were recorded, 5.6% of them caused fatalities, and 10% caused serious
injuries. 97% of accidents were caused by human errors. Road accident
fatalities account for 51% of fatalities in Jordan. These accidents are
seen to incur costs equal to approximately 308 million dinars [7].

By completing an analysis in this work, the questions presented
below can be answered:

1. Are data mining techniques suitable for automobile drivers’ stress
investigation?

2. Is the overall categorisation accuracy achieved through the algo-
rithms seem to improve after the application of the feature selection
methods?

3. In examining automobile drivers’ stress and its prediction, what are
the features identified as being the most important in predicting
stress?

In an effort to answer the research questions, five commonly
implemented data mining categorisations are assessed on an experi-
mental basis, namely KNN, J48, SVM, ANN, and RF [8-10], evaluating
the data captured from automobile drivers in Jordan. More detailed
information about the data and the experimental findings can be seen in
Sections 3 and 4, respectively.

With the questions above in mind, this work presents a number of
valuable contributions, as below:

o Establishes features that estimate automobile drivers’ stress.

e Explores the more commonly utilised data mining algorithms in
relation to real stress data, as captured from Jordanian automobile
drivers.

e Evaluates more widely implemented data mining algorithms on the
same dataset in pursuing the objective to investigate the overall
suitability of such adoption in estimating the stress levels of auto-
mobile drivers.

e Completes a thorough and in-depth experimental study pertaining to
stress data.

The paper is organised as follows: Section 2 provides an overview of
other works carried out in the field of stress analytics and the application
of data mining so as to predict the stress levels of automobile drivers;
Section 3 presents a discussion on the proposed methodology sur-
rounding the prediction model and approaches implemented; Section 4
considers the results; whilst Section 5 presents the conclusions and
future work to be carried out in this field.

2. Related works

Studies measuring stress have either used psychological measure-
ments using surveys or physiological measurement of stress [11].
Questionnaires used to measure the perceived stress vary greatly and
there is no agreement on a specific one as a standard. On the other hand,
many studies in the last 30 years consider salivary cortisol level as the
biomarker for measuring stress. This test requires the collection of saliva
samples to be analysed in laboratory [11-13], which is not a feasible
method of stress detection while driving. Therefore, physiological
measurements such as blood pressure, heart rate, respiration, skin
conductance and muscle activation (EMG) have been used in many
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studies to detect stress, since they are easier to measure, and they
indicate the existence of stress.

A recent review covered the literature of measuring drivers’ stress
published between 1990 until 2017 has shown the variety of captured
data, environmental settings of capturing them, and data analysis ap-
proaches used. Data collected were classified into three modalities:
physiological, physical (e.g. facial expressions, vehicle dynamic data),
and context (i.e. environmental parameters). The conclusion of this
critical review is two folds. First, future work in this area need to
consider the integration of different modalities to create a more robust
stress detection system. Secondly, it is important to research methodo-
logical issues related to data collection and analysis when building such
systems [14]. The authors addressed the second conclusion in Ref. [15].
And are addressing the first conclusion in this paper. Thus, the dataset
collected for this work included most of the features that were reported
in literature to detect drivers’ stress level; and we implemented and
compared five common data mining algorithms.

3. Methodology

The Methodology section provides an overview of the five phases of
the proposed methodology for this work (see Fig. 1): Data collection,

Data collection

Feature selection

Oversampling

Randomise

Stress prediction

Fig. 1. Proposed methodology.
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Feature selection, Oversampling, Randomise, and Stress prediction. The
key components of each of the phases can be seen below.

3.1. Data collection

The data set used in this paper has been collected within a two-year
project from 2017 till 2018, where drivers participating in this study
drove around different routes in Jordan at different times of the day
under various weather conditions. The experiments presented in this
project were classified into four data sets. This paper analysed set 4,
which contains 14 experiments following different free routes. Partici-
pants were 4 males and 10 females, with age range from 18 to 59. Three
participants from 18 to 29, three participants from 30 to 39, two par-
ticipants from 40 to 49 and six from 50 to 59. Two experiments were
done by participants who had less than a year of experience in driving,
while the rest had more than four-years of experience in driving. One
experiment was during rain showers, while all the rest were at good
weather conditions. Other demographic information about participants
are included in Table 1.

A five-step procedure has been applied to all experiments performed
in this study as follows:

First, take the participant’s consent for using the collected informa-
tion for research purposes, and their approval to capture face images. In
addition, the participant vow to follow traffic rules and regulations.

Second, the participant fills the pre-experiment survey in Table 2,
which collects demographic information and information about the trip
circumstances as shown below:

Third, install the physiological device on the participant’s body, and
prepare the car for taking road images and face images (in case of the
participant’s approval) for details of the collection application, refer to
Ref. [15].

Fourth, the driver drives his/her car on the chosen route. The
maximum trip length in this set was 45 min.

Fifth, immediately after the end of the trip, the driver views the
images of the road and annotate them. We choose not to use concurrent
annotation while driving, since it adds more cognitive load on the driver
and prevent the driver from practicing more natural activities during
driving e.g. talking to other passengers. Meanwhile, we used the road

Table 1
Demographic information.
Item Category Number of
participants
Driving Skill Excellent 9
Good 5
Number of driving hours daily Less than an hour 2
from 1 to 2h 9
More than 4 3
Number of accidents in general from 2 to 4 1
from 1 to 2 6
Zero 7
Illnesses Nothing 11
High Blood 1
Pressure
Diabetes 2
Symptoms when feeling stressed Accelerated breath 5
Shortness in breath 2
Nothing 7
Feeling fatigue before the A little 3
experiment nothing 11
Feeling stressed before the A little 1
experiment Nothing 13
Distraction during the experiment People in the car 5
Children 4
Nothing 5
Experiments time 6-9 am 3
9-1 am 2
1-4 pm 6
4-8 pm 3
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Table 2
Collected information in the pre-experiment survey.

Demographic and personal information Experiment circumstances

Gender e Experiment Time

Age e Weather condition
Number of Driving Years e Distractions in the car
Driving Skills evaluation e Pre-Stress felt before Experiment
Daily Driving Hours e Pre-Fatigue felt before
Number of Accidents in general Experiment

Last Year’s Number of Accidents

Frequency Of feeling Stress while driving

Stress Symptoms felt

Driving Concentration (front only, all

sides)

images to improve the accuracy of the recall, and participants were
asked to express if they felt stress at that moment, not to evaluate the
situation. Thus, we minimized the bias of rationalization and recall that
is reported in Ref. [16] about post evaluation technique in general.

Participants used their own cars, with no car alterations and minimal
obstruction to the driver. A mobile was attached to the car windshield to
capture the road status with images every 2s. Nexus 10 device (Mind-
Media, The Netherlands) was used to collect physiological data of the
driver including (electrocardiogram (ECG), electromyogram (EMG) of
Trapezius muscle, galvanic skin response/skin conductance (GSR/SC),
respiration rate). After each experiment, self-evaluation report of stress
level was collected from the drivers by showing them the road images
and asking them to express whether they felt stress or not at this point.
Descriptions on the 30 features are shown in Table 3. Also, for more
details of the used data collection pipeline refer to Ref. [15].

The group of stress data is stored in a.csv file made up of 30 different
features linked to the prevalence of stress amongst automobile drivers
spanning 10,840 data instances. This stress data is seen to comprise two
target classes, namely stress and non-stress: in the case of the former, a
total of 417 data instances are detailed, whilst for the latter, 10,423
instances are detailed.

3.2. Feature selection

Prior to devising a predictive model, two of the key steps to be taken
include reducing the data and choosing the features. A categorisation
model devised applying the whole set of data features could present
inconsistent findings; therefore, it would be preferable to choose the
most relevant set of features that can contribute towards achieving a
greater degree of true positive rate whilst decreasing the false positive
rate. Accordingly, there are a number of different feature selection ap-
proaches that can be used in establishing the most valuable features;
such approaches belong to embedded methods, filter methods and
wrapper methods [21]. Accordingly, in this paper, the wrapper
approach [22] is adopted in mind of choosing the most appropriate
features. Primarily, the dataset undergoes a wrapper-based featur-
e-selection algorithm, referred to as Boruta [23], the functional package
of which can be found in the WEKA tool [24]. Importantly, randomness
is incorporated into the data by the algorithm, which causes shuffled
copies across all features. Such features then undergo training through
the use of RF classifier [25] in an effort to determine the most vital and
value measure for each feature. Importantly, the feature is seen to be
more significant when the value measure is higher. This stage is then
repeated, with an assessment performed by the algorithm in consider-
ation to whether or not the original feature demonstrates a larger rele-
vance score than those identified through the shuffled copies.
Importantly, when the most important features are chosen, the algo-
rithm process is concluded, with irrelevant features in the dataset then
disregarded. As has been noted, the wrapper selection approach estab-
lishes the most optimal mix of data features, preserving the most ideal
subset. When utilised on the stress dataset, the wrapper approach takes
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Table 3
Stress dataset features.
Feature name Type Description
Sensor-B:EEG Physiological Electroencephalography (EEG) is one
of the most commonly used
neuroimaging modalities to study
brain functions and conditions. EEG
measures the fluctuations of electrical
fields due to en-masse neuronal
activity at millisecond resolution [17,
18]
Sensor-E:SC/GSR Physiological GSR, is the measurement of the
electrical conductivity of the skin.
During stress, the skin conductance
and transpiration is expected to rise
and become more variable. It reflects
the level of psychological or
physiological arousal, elicited by
cognition or emotions. In other words,
GSR refers to changes in sweat gland
activity that are reflective of the
intensity of our emotional state,
otherwise known as emotional arousal
[19].
Sensor-H:RSP Physiological RSP can be measured as the rate or
*[H] Respiration Rate’ Physiological volume at which an individual
’[H] Respiration Amp.’ Physiological exchanges air in their lungs. RSP rate
and depth of breath (Respiration Amp.)
are the most common measures of
respiration. Emotional arousal
increases respiration rate while rest
and relaxation decreases respiration
rate [20].
’Sensor-C:EMG (raw)’ Physiological EMG is the electro-physiological
’[C] EMG (20-500 Hz)’ Physiological measure of a muscle, which has a direct
’[C] EMG Amp. Physiological relationship with strength at which a
(20-500 Hz)’ muscle is tensed [20].
’[C] EMG Median Physiological
Freq.
’[B] Heart Rate’ Physiological Heart Rate Variability (HRV) is one of
’[B] HRV Amp.’ Physiological the most applied training methods for
’[B] HRV-LF Power’ Physiological stress management. HRV is the
’[B] HRV-HF Power’ Physiological variation in time between consecutive
’[B] HRV-LF/HRV-HF' Physiological heartbeats. The acceleration and
deceleration of the heart rate reflects
the body’s ability to self regulate and
maintain homeostasis. HRV changes
under influence of health, age and our
psychophysiological state like during
stress, relaxation, exercise but also
depends on health and age. HRV is
often used to promote emotional and
physical wellbeing and enhance
relaxation.
etime Environmental  Time of Experiment
eweather Environmental =~ Weather status during the experiment
distraction Environmental  Distractions inside the automobile
prestress Environmental  Feeling stressed before the experiment
prefatigue Environmental  Feeling fatigue before the experiment
gender Personal Gender of driver
age Personal Age range of driver
NofDrivingYears Personal Number of driving years
DailyDrivingHours Personal Number of driving hours daily
DrivingSkill Personal Personal evaluation of driving skills
NoGeneralAcc Personal Number of accidents in general
LastYearNoAcc Personal Number of accidents in the previous
year
illness Personal Type of illnesses the driver has
FregencyOfStress Personal Feeling stressed while driving in
general
StressSymptoms Personal Symptoms when feeling stressed
DrivingConcentration Personal Driver’s method of concentration

(style) while driving
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away a total of 16 irrelevant features. The features of significance that
are selected from the dataset (notably totalling 14) include the
following: sensor B_EEG, sensor_ C_EMG, sensor E_ SC/GSR, sen-
sor H RSP, EMG Amp., Heart Rate, HRV Amp., HRV_LF Power,
HRV_HF Power, prestress, age, NofDrivingYears, FrequencyofStress,
and DrivingConcentration.

3.3. Oversampling

There are various challenges associated with binary classification
(two classes) when dealing with datasets that are class-imbalanced;
when the distribution of the categories are overly skewed, machine
learning approaches are more likely to create classifiers that show a
preference for the majority class, attributing the most common label to
the majority of the test samples. Despite the fact that it is commonplace
for this to result in a significant degree of accuracy, nonetheless, it can
induce poor decision-making in line with the minority class being more
expected to induce higher misclassification costs when contrasted
alongside most applications’ majority class [26-30].

Accordingly, the adoption of oversampling has been decided, in
order to decrease the effect of underlying automobile driver samples
with a lower size on the prediction of stress. For the majority of datasets
that are seen to be imbalanced, sampling approaches are seen to
enhance the overall accuracy of the classifier [29,31]. It is important to
recognise, however, that oversampling is not seen to include any new
data and can therefore result in overfitting, whereas important samples
to the learning stage might be removed through under sampling,
meaning the most important samples can be missed by the classifier [31,
32].

In order to overcome this disadvantage, the SMOTE algorithm is
implemented in this study [29], which is recognised as the most widely
implemented oversampling process. In this regard, the KNN method is
applied, which chooses K nearest neighbours, joins them, and accord-
ingly establishes the space’s synthetic samples. The algorithm then
considers the feature vectors along with its closest neighbours, and
calculates the between-vector distance: the difference is multiplied by
random number between (0, 1), and is then incorporated back into the
feature [32].

Lastly, in an effort to avoid the issues of overfitting, the resulting
dataset comes to be subjected to a completely random filter approaches,
which completes shuffling in the case of those instances that have been
identified during the process.

3.4. Stress prediction

This study adopts five of the most commonly implemented catego-
risation approaches [8-10], namely KNN, J48, RF, SVM, and ANN, all of
which are recognised in terms of their value in stress prediction [33,34].
Furthermore, the study examines the effects of utilising the various
datasets obtained with oversampling on stress prediction for all the
algorithms.

4. Experiments

The proposed methodology has undergone assessment from an
experimental perspective, notably utilising the stress dataset, as high-
lighted in SubSection 3.1. The outcome of this experimentation is to
arrive at a methodology that is not just practical in the design of stress
prediction models, but also can outperform other alternative commonly
implemented methodologies. Accordingly, three different approaches
were applied to the dataset followed by performance measurement as
follows (Fig. 2 Depicts these three approaches):

The first approach is to devise stress prediction models (for KNN,
J48, SVM, ANN, and RF) with the direct application of the dataset
without the inclusion of a feature selection step (NFs-NOvrS).

The second approach, is to employ feature selection step (Fs-NOvrS)
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Get Data Set

| | | |
Experiment 1 Experiment 2 Experiment 3
(NFs-NOvrS) (Fs-NOvrS) (Fs-OvrS)

v

v

Apply Feature
Selection
(Wrapper)

v

Apply
Oversampling

(SMOTE)

Apply Feature
Selection
(Wrapper)
Apply Apply
Classification Classification
Algorithms Algorithms
KNN, J48, KNN, J48,
SVM, ANN, RF SVM, ANN, RF

v

v

v

Apply
Classification
Algorithms

KNN, J48,
SVM, ANN, RF

v

Use Performance Measures

Accuracy, AUC, Sensitivity, and Specificity

Y

Apply Friedman test to detect differences across the three tested approaches
concerning the five classifiers

Fig. 2. Experiments diagram.

to identify the most valuable and important features in the prediction of
stress amongst automobile drivers can be identified, with the effects of
feature selection in stress dataset be examined in relation to
classification.

Lastly, in the third approach, our own methodology is implemented
(notably with the inclusion of feature selection and Oversampling). In
other words, the stress dataset’s minority class is oversampled with the
application of the SMOTE algorithm (Fs-OvrS). Subsequently, the same
five categorisation algorithms are applied. While working with this
approach, however, it important to examine the effects of oversampling
the stress dataset’s class imbalance in categorisation.

In order to utilise the algorithms discussed in this work’s experi-
ments, the WEKA tool (Waikato Environment for Knowledge Analysis),
as presented by Ref. [24]; was applied. WEKA is recognised as a land-
mark system in the field of machine learning and data mining and has
been afforded much support and is therefore commonly used in business
and academia. Furthermore, when it comes to studies based on data

mining, WEKA is a widely implemented tool.

In this case, a 10-fold cross-validation was applied in order to assess
the algorithms discussed in these experiments. The experiments are
conducted in the case of an I7 machine encompassing a 3 GHz processor
with 16 GB main memory, with Windows 10 utilised as the main OS.

4.1. Performance of classifiers

To complete the assessment of all of the classifiers, namely KNN, J48,
SVM, ANN, and RF, a total of four different well-known evaluation
measures were applied: Accuracy, AUC, Sensitivity, and Specificity.
From a more conventional perspective, the commonly applied perfor-
mance measure in the categorisation problem is that of Accuracy.
Nonetheless, it ignores the probability estimations of classification in
favour of class labels [31,35]. In a number of different study areas, and
specifically in the case of biomedical applications, three further per-
formance measures based on the ROC (Receiver Operator Curve) and
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confusion matrix are more commonly adopted: AUC (area under the
ROC curve), Sensitivity, and Specificity [31,36]. In one regard, the area
under the ROC curve (AUC) demonstrates the degree to which a clas-
sification model is able to differentiate between two different diagnostic
groups (stress/no-stress). From a practical perspective, however, it is
common for the AUC to be applied when a representative measure of
discrimination is recognised as necessary; this might even replace the
overall Accuracy as a performance measure [36]. In a second regard,
however, the sensitivity also known as true positive rate, is defined as
the proportion of instances which were classified as class stress, among
all instances which truly have class stress in the dataset. Finally, speci-
ficity also known as true negative rate, is defined as the proportion of the
instances which were classified as class no-stress, among all instances
which truly have class no-stress.

A total of three indicators were applied for all of these metrics,
namely Mean, Standard deviation (Std) and Rank. Importantly, the
Mean and Std were determined in consideration to the experimental
results alongside the various classification method configurations (i.e.
different thresholds for the five classifiers). As has been discussed in the
work of [37]; rank which is obtained by a Friedman rank test; is carried
out to draw a contrast between the performance results (AUC/Accur-
acy/Sensitivity/Specificity) across the three tested approaches con-
cerning the five classifiers.

The mean classification accuracies attained from different three ap-
proaches of all considered classifiers are shown in Fig. 3. The RF clas-
sifier utilising Fs-OvrS approach exhibited the highest accuracy rate
between others. On the other hand, SVM classifier utilising Fs-OvrS
approach produced the worst performance at 60.77%. In general, the
predictive accuracy rates achieved from most considered data mining
techniques are acceptable, except the accuracy rates attained from SVM
classifier utilising Fs-OvrS approach. Further, it is clear from Fig. 3 that
the overall classification accuracy achieved through the considered
classifiers seem to degrade after the application of the Fs-OvrS approach.
On the other hand, the overall categorisation accuracy achieved through
the algorithms seem to improve after the application of the Fs-NOvrS
approach. However, for datasets with imbalanced class distribution,
these acceptable rates are misleading [38,39]. For this reason, other
metrics like AUC and sensitivity must be evaluated.

Fig. 4 provides mean AUC attained from different three approaches
of all considered classifiers. Results clearly indicate that the classifiers
derived by the Fs-OvrS approach has the highest AUC rates. In partic-
ular, the mean AUC rates attained using the five different classifiers
(KNN, J48, RF, SVM, and ANN) built on Fs-OvrS approach revealed

100

Accuracy
o U1 O L1 O un1 O

(6]

B NFs-NOvrS

Fs-NOvrS
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higher rates (0.9728, 0.9746, 0.9991, 0.6025, and 0.9392) compared to
the other approaches. Further, the figure indicates that after removing
several irrelevant features from the original stress dataset (NFs-NOvrS),
the mean AUC rates improved. In fact, the mean AUC rates improved in
most classifiers utilising Fs-NOvrS and Fs-OvrS approaches. Only the
mean AUC rate of ANN on Fs-NOvrS approach declined from 0.8561 to
0.825. In addition, the classification model built by RF classifier on Fs-
OvrS approach attained a higher mean AUC rate than all considered
classifiers at 0.9991. On the other hand, the classification model built by
SVM on Fs-OvrS approach produces the lowest AUC rate at 0.6025.
These results give an indication that data mining techniques can suc-
cessfully be applied in automobile drivers’ stress investigation.

According to the specificity rates in Fig. 5, The RF classifier utilising
NFs-NOvrS approach exhibited the highest accuracy rate between
others. On the other hand, SVM classifier utilising Fs-OvrS approach
produced the worst performance at 33.82%. In general, the specificity
rates achieved from most considered data mining techniques are
acceptable, except the specificity rates attained from SVM classifier
utilising Fs-OvrS approach.

Regarding the sensitivity rates in Fig. 6 which represent the mea-
surement that we are interested in because it reflects the recall of the
minority class, we can notice that the Fs-OvrS approach extremely im-
proves the sensitivity of all classifiers. The RF classifier utilising Fs-OvrS
approach exhibited the highest accuracy rate between others. On the
other hand, ANN classifier utilising NFs-NOvrS approach produced the
worst performance at 8.23%. it is clear from the figure that the classifiers
derived by the Fs-OvrS approach has the highest sensitivity rates. In
particular, the mean sensitivity rates attained using the five different
classifiers (KNN, J48, RF, SVM, and ANN) built on Fs-OvrS approach
revealed higher rates (0.9586, 0.9757, 0.9936, 0.8667, and 0.9123)
compared to the other approaches. These results give an indication that
oversampling process can extremely improve performance in classifi-
cation of minority class in the stress dataset.

In summary, it is clear from the figures that the RF classifier performs
better than KNN, J48, ANN and SVM, and that SVM is the poorest
classifier for predicting automobile drivers’ stress levels. Further, Fig. 4
indicates that the classifiers derived by the Fs-OvrS approach has the
highest AUC rates and, therefore, better average performance.

4.2. Non-parametric tests

The Friedman test [37] is a common non-parametric test utilised for
evaluating the performances of the multiple classifiers using multiple

95
90
85
8
7
7
6
6
5
5
4
40
KNN 148 RF SVM ANN

Fs-OvrS

Fig. 3. Mean Accuracy results of all considered classifiers.
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Fig. 5. Mean Specificity results of all considered classifiers.

datasets. Based on these performances, the algorithms are then ranked
for each algorithm separately, the best performing algorithm getsrank 1,
the second best gets rank 2, and so on. The Friedman test is calculated
using equation (1):

2o 12N

Frk(k+1)

k 2
>t &
J

Where N is the number of configurations used in the evaluation, k is the
number of approaches to be compared, and R; is the mean rank
computed through the Friedman test for the ith approach.

As a result of the space restrictions and in an effort to facilitate the
reader’s analysis of the experiment, Table 4 shows the Mean of the
attained experimental findings of the three approaches for each of the
classifiers, i.e. KNN, J48, RF, SVM, and ANN. Notably, Appendix A
provides a more comprehensive and in-depth breakdown of the simu-
lation results.

As can be seen when examining the table, the adoption of AUC
assessment measure and Mean and Std, Fs-OvrS approach, were found to

deliver the most optimal results when compared alongside the other
approaches.

In relation to the KNN classifier, a total of seven distinct neighbour
configurations were applied through the experience (1-13 neighbours in
a step of 2) whilst for each of the number of neighbours a total of 30 runs
were carried out. In the case of the Friedman rank test, the average
accuracy across all the considered configuration of neighbours for all of
the applied approaches is represented. Using equation (1), X2 =14 was
determined, with a p value=0.000912 and a significance level of
a=0.05. As a result, the null equivalence hypothesis across all three
approaches is then rejected. Thus, it can be concluded that there is a
significant difference between the performances of all the approaches.
When contrasting all of these approaches for a 5% significance level
adopting the Nemenyi test [37], there was then the ability to arrive at
CD =1.2524, where CD is recognised as being the critical value for the
difference of mean ranks between best and worst approaches [37]. As a
result, the performance of Fs-OvrS (best approach) is significantly
different than NFs-NOvrS (worst approach) because the value of CD is
smaller than the difference between the best and worst approaches. In
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Fig. 6. Mean Sensitivity results of all considered classifiers.
Table 4
Achieved mean AUC results (Mean and Std) of all considered classifiers.
Classifier NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
KNN with different neighbours (1-13) 0.8723 0.03275 3 0.8914 0.02959 2 0.9728 0.00329 1
J48 with different confidence values (0.10-0.60) 0.8614 0.05115 3 0.8739 0.03574 2 0.9746 0.00507 1
RF with different trees (50-250) 0.9793 0.01092 2.8 0.9799 0.01169 2.2 0.9991 0.00041 1
SVM with different gamma values (0.10-0.50) 0.4719 0.05078 2.60 0.4749 0.04746 2.40 0.6025 0.07847 1
ANN with different hidden layer sizes (5-25) 0.8561 0.03288 2 0.8250 0.03498 3 0.9392 0.00694 1

relation to Table 4, Fs-OvrS approach was seen to achieve more optimal
outcomes when compared with those approaches that did not utilise
oversampling, which may be recognised as widely-used approaches.
Furthermore, the Fs-NOvrS approach was seen to demonstrate greater
performance when compared with the NFs-NOvrS approach.

Regarding the J48 classifier, the same examination was carried out,
with the AUC results for the J48 classifier detailed in Table 4. Mean and
Std were found to represent the most promising findings by all ap-
proaches associated with a particular threshold. Furthermore, Fs-OvrS
approach was also found to demonstrate improved results when
compared with the other approaches. In order to generate the value of
the rank mean, each of the groups was seen to align with one of the six
various number of confidence values utilised, i.e. 0.10-0.60 in a step of
0.10, and for each configuration, there was the completion of 30
different runs.

Once again, for this specific scenario X}% =12 underwent calculation,
at a significance level of a = 0.5, with a p value = 0.002479. As a result,
the null hypothesis of equivalence across all approaches is not accepted.
Thus, it can be concluded that there is a significant difference between
the performances of all the approaches. When contrasting all of the
approaches at a 5% significance level with the application of the Nem-
enyi test [37], the CD could then be attained, which equated to 1.3527.
As a result, the performance of Fs-OvrS approach is significantly
different than NFs-NOvrS approach. In regards Table 4, Fs-OvrS
approach was seen to demonstrate greater performance when
compared with the other approaches, utilising Rank, Mean, and Std as
indicators.

When considering the RF classification model, the same examination
was carried out, with the AUC results for the RF classifier detailed in
Table 4. Mean and Std were found to represent the most promising
findings by all approaches associated with a particular threshold.

Furthermore, Fs-OvrS approach was also found to demonstrate
improved results when compared with the other methods. In order to
generate the value of the rank mean, each of the groups was seen to align
with one of the five various number of trees utilised, i.e. 50-250 in a step
of 50, and for each configuration, there was the completion of 30
different runs.

Once again, for this specific scenario X2 = 8.40 underwent calcula-
tion, at a significance level of a = 0.5, with a p value =0.014996. As a
result, the null hypothesis of equivalence across all approaches is not
accepted. Thus, it can be concluded that there is a significant difference
between the performances of all the approaches. When contrasting all of
the approaches at a 5% significance level with the application of the
Nemenyi test [37], the CD could then be attained, which equated to
1.4818. As a result, the performance of Fs-OvrS approach is significantly
different than NFs-NOvrS approach. In regards Table 4, Fs-OvrS
approach was seen to demonstrate greater performance when
compared with the other approaches, utilising Rank, Mean, and Std as
indicators.

Regarding the SVM classifier, the same examination was carried out,
with the AUC results for the SVM classifier detailed in Table 4. Mean and
Std were found to represent the most promising findings by all ap-
proaches associated with a particular threshold. Furthermore, Fs-OvrS
approach was also found to demonstrate improved results when
compared with the other approaches. In order to generate the value of
the rank mean, each of the groups was seen to align with one of the five
various number of gamma values utilised, i.e. 0.10-0.50 in a step of
0.10, and for each configuration, there was the completion of 30
different runs.

Once again, for this specific scenario X2 = 7.60 underwent calcula-
tion, at a significance level of a = 0.5, with a p value =0.022371. As a
result, the null hypothesis of equivalence across all approaches is not
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accepted. Thus, it can be concluded that there is a significant difference
between the performances of all the approaches. When contrasting all of
the approaches at a 5% significance level with the application of the
Nemenyi test [37], the CD could then be attained, which equated to
1.4818. As a result, the performance of Fs-OvrS approach is significantly
different than NFs-NOvrS approach. In regards Table 4, Fs-OvrS
approach was seen to demonstrate greater performance when
compared with the other approaches, utilising Rank, Mean, and Std as
indicators.

Finally, regarding the ANN classifier, the same examination was
carried out, with the AUC results for the ANN classifier detailed in
Table 4. Mean and Std were found to represent the most promising
findings by all approaches associated with a particular threshold.
Furthermore, Fs-OvrS approach was also found to demonstrate
improved results when compared with the other approaches. In order to
generate the value of the rank mean, each of the groups was seen to align
with one of the five various number of neurons values utilised, i.e. 5-25
in a step of 5, and for each configuration, there was the completion of 30
different runs.

Once again, for this specific scenario X2 =10.0 underwent calcula-
tion, at a significance level of a = 0.5, with a p value =0.006738. As a
result, the null hypothesis of equivalence across all approaches is not
accepted. Thus, it can be concluded that there is a significant difference
between the performances of all the approaches. When contrasting all of
the approaches at a 5% significance level with the application of the
Nemenyi test [37], the CD could then be attained, which equated to
1.4818. As a result, the performance of Fs-OvrS approach is significantly
different than Fs-NOvrS approach. In regards Table 4, Fs-OvrS approach
was seen to demonstrate greater performance when compared with the
other approaches, utilising Rank, Mean, and Std as indicators.

4.3. Discussion

Most of the extensive experimental results of all considered classi-
fiers have proven that the Fs-OvrS approach preserved a higher pre-
dictive performance than Fs-NOvrS and NFs-NOvrS approaches on
predicting automobile drivers’ stress levels. The Fs-OvrS approach was
capable of reducing the bias in the minority instances and helps shift the
decision boundary towards the minority instances that are not easy to
classify. This finding is consistent with previous studies [40,41], which
have found that the oversampling approach improves the classification
performance. Also, all the non-parametric tests have proven that the
performance of Fs-OvrS approach is significantly different than
Fs-NOvrS and NFs-NOvrS approaches.

In terms of sensitivity measure, the results indicated that the Fs-OvrS
approach extremely improves the sensitivity of all classifiers. This is
mainly because of the fact that the oversampling process improved the
predictions of the true positive instances with a slight decrease in the
true negative instances’ predictions. This finding is consistent with
previous studies [38,41], which have found that introducing over-
sampling methods improved the sensitivity rates of all considered clas-
sifiers with a slight reduce in the accuracy and specificity.

Similarly, after removing several irrelevant features from the orig-
inal stress dataset, most of the results of all considered classifiers indi-
cate that the Fs-NOvrS approach outputted performance rates are better
than NFs-NOvrS approach in terms of AUC, accuracy, sensitivity, and
specificity measures. Accordingly, the findings showcased here are
aligned with those works carried out in the past [42-46], which have
similarly suggested that classification AUC could be increased through
feature selection when the irrelevant features are removed.

Furthermore, Table 4 highlights that the approach with feature se-
lection (Fs-NOvrS and Fs-OvrS) showed greater performance than the
approach without feature selection. More specifically, in the case of KNN
utilising the approach Fs-NOvrS and Fs-OvrS approaches, higher AUC
rates equating to 0.0191 and 0.1005, respectively, were arrived at when
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compared with the NFs-NOvrS approach. In the case of the J48 utilising
dataset Fs-NOvrS and Fs-OvrS approaches, higher ACU rates equal to
0.0125 and 0.1132 were determined when compared with the NFs-
NOvrS approach. Also, in the case of the RF utilising dataset Fs-NOvrS
and Fs-OvrS approaches, higher AUC rates equal to 0.0006 and 0.0192
were determined when compared with the NFs-NOvrS approach. In the
case of the SVM utilising dataset Fs-NOvrS and Fs-OvrS approaches,
higher ACU rates equal to 0.003 and 0.1306 were determined when
compared with the NFs-NOvrS approach. In addition, in the case of the
ANN utilising dataset Fs-OvrS approach, higher ACU rates equal to
0.0831 was determined when compared with the NFs-NOvrS approach.
However, when utilising dataset NFs-NOvrS approach, higher ACU rates
equal to 0.0311 was determined when compared with the Fs-NOvrS
approach.

Furthermore, as can be seen from all experiments, the conclusion can
be drawn that all of the algorithms taken into account are seen to
generate acceptable classification performance rates; the stress dataset
relevance in relation to the features are therefore selected. Moreover, all
algorithms may prove valuable and appropriate approaches to dealing
with the problem of investigating the stress of automobile drivers.

Lastly, regardless of the works highlighted in Section 2.2 not
directing attention to the same topic as this work’s suggested approach,
and owing to the fact to that direct contrast is therefore not possible, in
this work, the best approach (Fs-OvrS approach), the accuracy values for
all algorithms (KNN, J48, RF, SVM, and ANN) is recognised as falling
within the same range as those results already documented in other
literature. In the case of KNN, J48, RF, SVM and ANN, accuracy findings
were documented as 90.74, 97.92, 95.83, 77.75 and 81.97, respectively.
Moreover, when drawing a contrast between accuracy stable states
across classifiers, RF was seen to be a better approach than KNN, J48,
SVM, and ANN. Accordingly, it is stated in this work, supported by other
works [47]; Calle et al., 2011; [10], that the most optimal classifier when
it comes to accuracy is that of RF. This is mainly because of the fact that
building of multiple decision trees during training step helps in better
prediction.

5. Conclusions and future work

The problem pertaining to the investigation of stress levels as
exhibited by vehicle drivers whilst driving is a key area for study,
particularly in developing countries. Academics and researchers have
applied a number of different algorithms when it comes to dealing with
this issue, including SVM, Naive Bayes, ANN, and RF. Throughout this
paper, an approach taking into account feature selection and over-
sampling has been proposed in an effort to decrease the effects of un-
derlying driver samples with lower class on stress prediction, with
investigation directed towards performance alongside KNN, J48, SVM,
ANN, and RF algorithms in predicting the stress levels of automobile
drivers in Jordan, as a case study. Physiological data was gathered from
a sample encompassing 14 drivers whilst driving, notably with the use of
a biomedical device with the capacity to measure all physiological data
and accordingly deliver a number of different insights as measured from
the raw data. More specifically, a total of 30 features, including physi-
ological, demographic and weather condition data, as examples, were
gathered as the sample were driving.

The findings obtained were evaluated using accuracy, AUC, speci-
ficity, and sensitivity performance measures. In order to draw a contrast
between the findings secured pertaining to the five applied approaches
for all classifiers (KNN, J48, SVM, ANN, and RF), the Friedman rank test
was employed, as suggested in the study by Ref. [37]. The approach
proposed, in combination with the RF classifier, providing more optimal
findings than the other two implemented approaches relating to all
performance indictors previously highlighted, thus supporting the
conclusion that this approach delivers greater performance rates and
suitability in relation to design stress prediction models in the Jordanian
context, in line with the characteristics discussed.
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With such findings, the conclusion can be drawn that data mining
algorithms may prove to be a valuable and effective approach when it
comes to managing the problem of investigating the stress levels of
automobile drivers in the Jordanian context. The feature selection
approach, when implemented alongside the stress dataset, eliminates a
total of 16 irrelevant features. The fourteen significant features identi-
fied from the original dataset include the following: sensor B_EEG,
sensor_C_EMG, sensor_E_SC/GSR, sensor_H_RSP, EMG Amp., Heart Rate,
HRV Amp., HRV_LF Power, HRV_HF Power, prestress, age, Nof-
DrivingYears, FrequencyofStress, and DrivingConcentration.

When considering further work in this domain, there are two po-
tential directions to be explored: the adoption of the suggested approach
in line with other biomedical and non-biomedical categorisation issues;
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and the extension of this dataset so as to encompass additional countries
and additional features, including the driving of vehicles on fixed routes,
road type, and the surrounding region.
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Appendix A
Table 5
Achieved AUC results (Mean and Std) using KNN classifier with different neighbours (1-13)
Number of neighbours NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
1 0.7952 0.03847 3 0.8287 0.04213 2 0.9499 0.00434 1
3 0.8509 0.03939 3 0.8863 0.03144 2 0.9737 0.00368 1
5 0.8743 0.03126 3 0.8997 0.02682 2 0.9774 0.00327 1
7 0.8907 0.03268 3 0.9022 0.02709 2 0.9778 0.00292 1
9 0.8945 0.03132 3 0.9060 0.02730 2 0.9777 0.00291 1
11 0.8982 0.02938 3 0.9078 0.02633 2 0.9771 0.00297 1
13 0.9021 0.02673 3 0.9094 0.02601 2 0.9763 0.00297 1
Mean 0.8723 0.03275 3 0.8914 0.02959 2 0.9728 0.00329 1
Table 6
Achieved AUC results (Mean and Std) using J48 classifier with different confidence values (0.10-0.60)
Confidence values NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
0.10 0.8669 0.05863 3 0.8864 0.03999 2 0.9760 0.00482 1
0.20 0.8701 0.04975 3 0.8777 0.03266 2 0.9750 0.00498 1
0.30 0.8584 0.04912 3 0.8731 0.03559 2 0.9742 0.00512 1
0.40 0.8535 0.05079 3 0.8707 0.03497 2 0.9742 0.00517 1
0.50 0.8532 0.05136 3 0.8689 0.03625 2 0.9742 0.00525 1
0.60 0.8661 0.04723 3 0.8667 0.03499 2 0.9739 0.00505 1
Mean 0.8614 0.05115 3 0.8739 0.03574 2 0.9746 0.00507 1
Table 7
Achieved AUC results (Mean and Std) using RF classifier with different trees (50-250)
Number of trees NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
50 0.9780 0.01114 2 0.9754 0.01591 3 0.9990 0.00046 1
100 0.9798 0.01029 3 0.9805 0.01105 2 0.9991 0.00041 1
150 0.9797 0.01096 3 0.9812 0.01067 2 0.9992 0.00039 1
200 0.9796 0.01107 3 0.9811 0.01063 2 0.9991 0.00040 1
250 0.9795 0.01114 3 0.9814 0.01023 2 0.9991 0.00039 1
Mean 0.9793 0.01092 2.8 0.9799 0.01169 2.2 0.9991 0.00041 1
Table 8
Achieved AUC results (Mean and Std) using SVM classifier with different gamma values (0.10-0.50)
Gamma values NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
0.10 0.4597 0.05751 3 0.4758 0.05207 2 0.6061 0.07716 1
0.20 0.4735 0.06131 3 0.4806 0.03495 2 0.6112 0.07275 1
0.30 0.4812 0.03588 2 0.4757 0.05061 3 0.5935 0.07402 1
0.40 0.4653 0.04631 3 0.4836 0.04575 2 0.5936 0.09032 1
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Table 8 (continued)
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Gamma values NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
0.50 0.4797 0.05291 2 0.4586 0.05392 3 0.6079 0.0781 1
Mean 0.4719 0.05078 2.60 0.4749 0.04746 2.40 0.6025 0.07847 1
Table 9
Achieved AUC results (Mean and Std) using ANN classifier with different hidden layer sizes (5-25)
Number of neurons NFs-NOvrS Fs-NOvrS Fs-OvrS
AUC Std Rank AUC Std Rank AUC Std Rank
5 0.8481 0.03215 2 0.8260 0.03651 3 0.9080 0.00807 1
10 0.8621 0.03134 2 0.8202 0.03553 3 0.9370 0.00722 1
15 0.8552 0.03538 2 0.8225 0.03955 3 0.9463 0.00570 1
20 0.8571 0.02981 2 0.8298 0.03084 3 0.9508 0.00630 1
25 0.8578 0.03573 2 0.8267 0.03246 3 0.9541 0.00743 1
Mean 0.8561 0.03288 2 0.8250 0.03498 3 0.9392 0.00694 1
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