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Abstract- Occupational stress is recognized as one of the major factors leads to health problems. This will lower efficiency
and productivity on the job in an organization so the assessment and management of work-related stress are very crucial.
Several kinds of computational techniques have been used for modeling and prediction but currently, occupational stress
prediction in an early stage is still a challenge. This study is based on secondary data. In this paper, a review analysis has been
carried out to analyze what has been done so far in last 26 years related to occupational stress and where there is a need to carry
the further research. The paper explores occupational stress evaluation modeling techniques related to Machine Learning as well
as statistical method. Occupational stress and burnout related to different kind of sector for working professional reviewed. This
survey reviewed the subjective as well as objective measurement of stress evaluation. Questionnaires and physiological sensors
used to measure and evaluate stress and corresponding techniques for modeling occupational stress have been reviewed.
Occupational stress modeling based on Machine learning techniques such as ANN, BN, and SVM, LDA, RSM statistical
methods like Regression, MLR etc. reviewed. This survey concludes with a discussion and future work, summary and finally
conclusion.

Keywords- Stress, Machine Learning Techniques, Stress Questionnaire, Stress Sensor, Stress classification, Stress prediction,
Computational stress model

I. INTRODUCTION used in the occupational stress prediction modeling based on
longitudinal data. In order to extract vital hidden information
in less time from complex problems machine learning (ML)

techniques are found more suitable. Many researchers used

The growing complexity of stress has increased the need for
early detection which may lead to a serious challenge in form

of a health hazard for the effective operation [1] within an
organization. Stress is a part of daily living. It is an adaptive
response. Stress originates as a result of the natural reaction
of an organism related to internal, external, positive as well
as negative stimulation. Labor Force Survey [2] in the United
Kingdom (UK), recently showed 76% employee of the UK
suffering from work-related stress. Stress occurs in the
workplace when there is a mismatch between the
expectations of the employee and demand of the employer.
Occupational stress not only for the individual but also for
the organization is a major concern these days. Occupational
stress can be evaluated by means of questionnaires called
subjective measure and also by analyzing the physiological
signals obtained from physiological sensors wore by
participants called objective measures. In this survey, a
systematic review of several journal articles and conference
papers carried out to assess the evidence and evaluate the up-
to-date progress related to occupational stress modeling and
future research on this problem. Our goal is to classify
studies with respect to metrics and methods that have been
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different computational approaches Such as Neural Network
[89-90,92-94,96,102-104,107-108,110-

111,113,115,122],Support ~ Vector ~ Machine  [86,96-
98,103,105,110,112,117-120] [55,78], Naive Bayes
Classifier [86-87,108,117-118], Fuzzy Logic [123,129,130-
134], Feature Selection [96-100],KNN [97-98,112],Decision
Tree [95,99], Linear Discriminant Analysis [97,121],
Association  rule [99,106], Ensemble  method[88],
Regression  Analysis [100,105,113,135-157] to predict
Occupational stress To the best of the authors’ knowledge,
this is the unique study which provides a systematic review
of occupational stress prediction from different perspectives.
Numerous studies have been published on the occupational
stress. Unfortunately, most of the reviews are narrative in
nature and thus not transparent and not as comprehensive
related to ML techniques. This paper concentrates on both
subjective [3,4] as well as objective[5] measures. In order to
determine, analyze and monitor stress in the early stages, in
this paper we reviewed all the related studies between the
period of 1991 and 2017.The objective of this study is to
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systematically review evidence on subjective and objective
measures of occupational stress and the associated
computational techniques for prediction of stress. This
survey will investigate questionnaire and sensor-based
primary measures of stress and computational techniques
used for “analysis, feature extraction, stress detection and
recognition, and computational models” used in literature
over the recent years to provide a direction for future
research.

The other section of this paper is structured as follows:
Section 2 presents the methodology of the review process.
Section 3 discusses the stress and its classification in a brief
while Section 4 has the detailed discussion related to stress
response and modeling techniques. In Section 5 we try to
present comprehensive discussion and future challenges
along with the summarized table of the study. We mention in
section 6 the limitation of the study and section 7 concludes
the systematic review study.

Il. METHODOLOGY

The different stages of the review planning, conducting and
reporting is represented in Fig.1.In the planning stage, we
identify the need for systematic review and develop the
protocol .In the next stage search strategy and selection of
sources described in order to identify the primary studies
then in further step relevant studies based on the research
questions determined. Quality assessment parameters
identified in the next step for deep analysis of the studies.
Further in the next stage data extraction methodology for
collecting the required information mentioned. During this
stage, the selected papers thoroughly read for data
extraction then during the data synthesis phase data will be
summarized according to the desired metrics and final stage
is the reporting.

[ Identify Need for Review

| Develop Review Protocol

l

Search Strategy

l

Seclection Criteria |

l

\
|
I Quality Assessment
|
|
|

Data Extraction

Data Synthesis

|

Review Reporting

Figure 1 .Systematic Review Process

In order to review the most widely accepted measurement
techniques and variety of features to measure the
occupational stress of individual, we conduct a detailed
literature review, with the below mention search strategy and
inclusion criteria. For completing Systematic Review of
Literature (SRL), total 150 papers from 1998 to 2017 studied
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by the authors’. We identified the search terms and then
relevant digital portals selected. The data retrieval for
primary study related to stress is accomplished by searching
the below-mentioned databases:

S# On Line Database

Science Direct

Springer Link

Web of Science

Wiley Online Library

1
2
3
4 ACM Digital Library
5
6

Google scholar

7 IEEE Explorer

Tablel. Electronic Databases Searched
The subjective and objective measurement of stress level
reviewed includes several types of features. So this feature
will be helpful to measure the stress level of individual not
only to the most widely acknowledged methods but also to
the novel emerging methods.

2.1 Search Strategy

In this review, we followed the iterative process. We
performed the review in an iterative way. First of all,
searched the stress state of the employee and then redefined
the search criteria for identifying the different prediction
models related to occupational stress. This paper includes
keywords based search from several kinds of online
databases. Different types of keywords used are “Job
Stress,  Occupational  Stress, employee  workload,
Occupational Stress, Role Overload, Fatigue, Human
Emotion, Depression, Occupational Injuries, job demand
and Burn out”. The journals related to stress which got
significant citation are listed in table 3. A total number of a
search conducted for the studies is 150. Out of which only
70 studies selected which were related to stress evaluation
and management using Machine learning techniques or
regression techniques.

2.2. Criteria of the Inclusion

All the reviewed papers were innovative studies either from
the Journal or conference articles written in English. In the
first step, searching is done by mapping stress evaluation
system for human beings. In the next step stress detection
systems and responses analyzed in deep in view of the
application of Machine learning techniques. In the final step
of the literature search diagnostic study of stress evaluation
analyzed by means of either subjective or objective
techniques.

2.3 Stress and its Classification
This section mainly discusses stress mechanism and its
different types used for stress evaluation.
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2.3.1. Stress

According to Dr. Hans Seyle [6], “Stress is the non-specific
response of the body to any demand for change”. A set of
specific conditions or an event that causes some adaptive
response on the part of employees is termed as a stressor.
Stress is the physiological response of bodies to the stressor.
Harmful physical and emotional response occurring as a
result of a mismatch between the requirements of the job
and employee’s proficiencies leads to occupational stress
[7]. It might appear due to any of the reason such as long
working hours, work overload, deadline pressure, high
responsibility, lack of training, conflicts, job insecurity, less
social support from the colleagues, poor physical work
condition and competitiveness[8,9]. In short “Occupational
stress” is the form of stress so it can be described and
measured accordingly in the same way as of stress.

2.3.2. Stress Types
In the following section we have discussed the stress
classification.

I'ype of Stress

= Chronic

Figure
2.Stress Classification

Eustress stress and distress are the two main categories [6].
In case of distress, the stressor got specific stress reactions
which are termed as negative stress. While eustress is the
result of some positive changes and doesn't pose a problem
to adapt to the new circumstances. Eustress is capable to
meet the desired goal and increase productivity [10]. On the
other hand, distress carries negative consequences. Further
three levels of distress can be classified as acute, episodic
and chronic stress depending on the time of exposure to
stressors. When an individual facing new demands and
expectations, this increases the arousal levels more than the
threshold of adaptability which causes acute stress [11].The
stress experienced more frequently and consistently in
multiple episodes come under episodic stress. If the episodic
stress persists for long times comes under chronic stress. By
detecting and monitoring the work-related stress in time, a
health problem can be reduced. On the other hand by
recognizing a moderate level of stress appropriate working
state can be maintained. Therefore detection of different
levels of stress is meaningful.

2.4 Stress Response and Modeling Techniques

In this section, we are going to discuss different kinds of
stress response used for stress evaluation. First, we will
discuss Psychological Response and its Evaluation
techniques. Then in the following sections, Physiological
and Physical response and related modeling techniques will
be discussed. There are two methods subjective as well as
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objective for evaluating occupational stress. If evaluated by
means of questionnaires and interviews termed as a
subjective method. If by evaluated by analyzing the
physiological signals after collecting from physiological
sensors wore by participants comes under objective
methods.

2.4.1. Psychological Response and  Evaluation
Questionnaires and interviews are the most important tools
for the Psychological evaluation of stress. It is most
acceptable ways to assess stress level in a human being.
Several types of questionnaires used in this regard and each
one has a different rating scale for the stress assessment

Psychological Response for Stress Measurement

L

| Y 1
Job Content Questionnaire (JCQ) Perceived Stress Scale (PSS) Fear Survey Schedule (FSS)

Generic Job Stress Questionnaire (GISQ) Stress Response Inventory (SRI) Relative Stress Scale (RSS)

Integrated Job Stress Questionnaire (11SQ) Brief Symptom Inventory Cook Medley

Figure 3.Psychological Response Tools

Karasek [12] illustrated psychosocial factors related to stress
in JCQ. Later Henry [13] discussed psychosocial,
environmental, and physical factors in GJSQ. Another
researcher proposed 13SQ for evaluating job stress level by
means of psychosocial, environmental, and physical as well
as response factors related to job satisfaction. Further, in
PSS the researcher explored how an unpredictable,
uncontrollable, and overloaded respondent leads their stress

full live. In another study, SRI researchers included
emotional, somatic, cognitive, and behavioral stress
responses. However, BRI [14, 15] tried to evaluate

psychological distress by considering important factors. [16]
Proposed FSS for including major fear areas while [17]
proposed RSS in order to emphasize three subgroups:
‘emotional distress, ‘social distresses and ‘negative
feelings’. Later in another study, Cook-Medley Hostility
Scale [18] considered six subsets for stress measurement.
Human intervention is the major concern in this assessment
regarding exactness of the input collected from the user.
However, only current stress level information of the user
can be obtained by this method. Subjective measurement by
means of questionnaire needs full responsiveness from the
user to avoid misleading stress level measurement.

2.4.2 Modeling Techniques - Subjective Measurement

In this section, we outline most commonly used algorithms
used with survey-based data. Survey Questionnaire related
to job stress has a large number of associated factors with
high dimensionality. Researcher [19] effectively used
feature selection to reduce dimensionality, and enhance the
results. Response Surface Methodology (RSM) is an
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accurate approach to diminish the inherent uncertainty
belongs to input under consideration and responses. To
achieve this, the input-response functional form s
approximated when the functional relationship is not clear or
complex. [20] Successfully applied and discussed the
current status and future direction of RSM related to job
stress evaluation. Correlation-Based Feature Selection
(CBFS) Method is a filter algorithm based on heuristic
evaluation function. This method used to evaluate subset
containing input factors taking consideration of the distinct
prediction capability. For managing job stress, a large
number of input factors are under consideration. Under these
circumstances, CBFS method found very helpful [21].

A Bayesian Network (BNs) allows representing a model
graphically having probabilistic relationships among
variables under consideration by means of statistical
techniques. Researcher [22] using BN represented a joint
probabilistic model among all the variables keeping
interrelationship. BNs are gaining popularity for data mining
related to categorical data and found useful in the research
related to safety and health [23]. Bayesian classifiers
successfully applied for stress classification [24, 25], for
stress modeling [26] employed Dynamic Bayesian Network
in his study and found it can be used to represent the
variation of stress properties with time. In order to classify
stress, the divide-and-conquer approach used with decision
tree classifiers [27].

2.4.3 Physiological Responses to Objective Measurements:
The ‘Autonomic Nervous System’ (ANS) is responsible to
maintain the body under a stable condition. ANS includes
‘Sympathetic  Nervous  System’ (SNS) and the
‘Parasympathetic Nervous System’ (PNS). Stress is
responsible for activating the SNS [28] while PNS is
responsible for bringing the body back to rest state.
Naturally, heart rate increases by SNS activation, whereas
PNS activation decreases it. SNS and PNS activity can be
observed by means of physiological signals such as heart
rate (HR), ECG, EEG etc. Recent technological advances
have brought wearable biosensors e.g., ECG sensors [29],
HRV sensors, GSR sensors etc. into everyday life. The SNS
provokes the stress response in humans [30], which are the
root cause of psychological, physiological and behavioral
symptoms [31].Physiological responses are the part and
parcel of a living organism [32]. Under stress state, the
increased value of SNS is responsible for the change in
hormonal levels. This appears in form of increased heart
rate, muscle activation and excess sweating [33]. It is the
Physiological signals that can represent internal affect
experience [34] of individuals. The following figure shows
the physiological signals and its subcategory used for stress
evaluation. In the following section, we will briefly discuss
the evidence used in the literature.
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Physiological Response for Stress Measurement
1 Y L]

Heart Activiy Brain Actisity Skin Conductivity Other Primary

Measure

» Electrocardiogram(ECG) % Eleciroencephalography(EEG) —* Galvanic Skin Response(TGSR) — Blood Pressure(BP)

* Heart Rate Variability (HRV) ¥ Blood Volume Pulsc(BVP) " Skin Temperature(ST)

Figure 4.Physiological Responses

Many researchers used HRV to detect stress [35-36]. Short-
term lower HRV represents acute stress. It is found from the
study HRV negatively affected during stress [37]. ECG
measurement is superior to the HRV [38] in many respects.
The lower amplitude of ECG wave indicates stress [39].
EEG signal contains more useful information related to
stress. Several studies proved that there is a strong
relationship between brain activity and stress [40]. In a study
researcher [41] explained biofeedback games by means of
EEG.The study [42-45] proved that GSR is a reliable
indicator of stress. Increase in GSR [46] value shows stress
state while a decrease in GSR is an indication of less
stressed state. Other measures of stress BP, BVP and ST can
be used to detect stress more reliably [47] in conjunction
with ECG, HRV, EEG, and GSR. Research showed
increased Blood Pressure is an indication of an increase in
stress [48]. Another researcher [49] found decrement in
Blood Volume Pulse (BVP) is related to an increase in stress
and vice versa. It is found from the study that ST is
inversely proportional to stress [50].

2.4.4 Physical Responses to Objective Measurements
Humans can observe the changes in physical characteristics
without the assistance of any equipment and tools. Physical
signals such as ‘behavior’, ‘gesture’, ‘body movement’,
‘facial expression’, ‘eye gaze’, ‘blinks’, ‘pupil dilation’, and
‘voice’ are more sensitive to stress. A human can assess
the stress states from the body language. We are going to
briefly mention the evidence of the study for stress
evaluation.

Physical Response for Stress Veasurement

L ] 1
Other Primary
Measure

Facial Feature Voice Feature

* Eve Gaze * Loudness * Agitation
* Pupil Dialation *Anger
- Blink Rate »Fear

»Frustration

Figure5.Physical Responses
Facial features such as reduced facial muscle movements or
irregular eye movements can indicate the stress level of an
individual. The study revealed stress classification models
[51] developed using facial feature data, collected from
facial expressions. Eye gaze is the source of individual’s
attention which shows mental states. Researchers found eye
gaze is correlated with stress levels. It is observed from the
study Pupil dilation investigated for stress detection [52].
Increase in individual pupil diameter indicates stressed state.
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Several studies suggested that faster eye closure is an
indication of higher stress levels. The study has shown
several stress model developed by analyzing voice
characteristics [53]. In a study researcher [54] model the
feature across utterances by means of SVM and ANN.
Researcher [55] in a study developed a stress model related
to emotions by using GSR, HR, and ST. By means of Table
2, we tried to represent the ranking of primary measures
used for evaluating stress as claimed in the literature

Primary Measure Ranking

Rank Primary Measures
1 Heart Rate Variability
2 Galvanic Skin Response
3 Electroencephalography
4 Pupil Dilation
3 Voice
[} Eve Gaze

Facial Expression

8 Blood Pressure

9 Skin Temperature

10 Blood Volume Pulse

11 Eve Blinks

12 Respiration

13 Electromyography

Table 2- Primary Measures Ranking

2.4.5 Feature Extraction Techniques

To discover the important characteristics of the data set,
feature selection [56] found useful in many studies. The raw
data obtained from Physiological Sensor are more complex,
feature selection successfully applied for retrieving
important characteristics for decision making [57]. It is
found in several studies [58, 59] ‘Fourier transformations
(FT) and Wavelet transformations (WT)> effectively
managed the noise issue available in the data set obtained
from the signal in the feature extraction process.

2.5 Modeling and Analysis
Measurement of Stress
In this section, we have discussed important algorithms used
with wearable sensor data for modeling techniques.

Techniques— Obijective

2.5.1 Bayesian Classification

Naive Bayesian classifiers employed for stress classification
when the classes are independent while Bayesian Networks
(BN) used when classes are dependent on each other.
Variation of stress properties with time well explained in
stress model [26] by using Dynamic Bayesian Network
(DBN).

2.5.2 Decision Trees (DT)

DT is a significant learning technique which is able to
provide an efficient representation of rule classification
[62].Using Decision trees stress classification has been
implemented based on physiological measures EEG [63], as
well as for the combination of measures BVP, GSR, PD and
ST [60,61]. Crisp splits observed the major concern with the
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decision tree for stress modeling. Fuzzy techniques or some
probabilistic framework can be employed in future to
resolve this issue.

2.5.3 Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is an intelligent method
broadly used for classification and prediction [64]. The
‘admissible predictive performance’ of ANN made it most
popular modeling techniques in health domain [65]. The
correlation among input parameters is more complex in
physiological records. In this case, ANN efficiently models
highly nonlinear systems [66]. ANN employed in stress
model and observed a promising result [67].

2.5.4. Support vector machines (SVMs)

SVM has the capability of classifying linear and non- linear
primary measures of physiological signals [68]. So it is
effectively used in stress modeling. The study revealed that
researchers [19, 60] used SVMs to predict stress using
“BVP, GSR, PD and ST” data. It is found researchers
employed SVM on EEG data [69] in order to model
emotions.

2.5.5 Fuzzy Techniques

A researcher found fuzzy techniques very helpful to model
workload [70] using Heart Rate. There are several kinds of
uncertainties in physiological measures of stress fuzzy filters
are used for this filtering in several studies [71]. In another
study based on HRV data [72], fuzzy clustering applied for
stress evaluation.

1. RESULTS AND DISCUSSION
The significant advancement in the data mining techniques
provides a challenging way to enhance the algorithm for a
wearable sensor as well as for survey-based data. Keeping
this view in mind we have reviewed the related papers and
accordingly, in the following sections, we are going to
discuss the important results and future problems.

3.1. General Results and Implications

From the analysis, it is found that combination of
occupational stress and ML techniques is an
interdisciplinary field and this research is in a nascent state.
The main focus of this study is to concentrate on job stress
prediction.

3.2. Physiological features

Following table presents the summary of “physiological
signals and features” most commonly used in the literature
for stress evaluation. These are the reliable information
source for real-time stress levels of individuals. But this
needs extra equipment for the measurements. Even though
available in wearable format but to wear this equipment
continuously is not feasible for the user. These drawbacks
are being developed in future. Also for wearable sensors,
experimental validation needs to be considered realistic.
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Signal Reference Feature

ECG [73,74,75,76] HRV ,HR

EEG [76,77] Fractral Dimension
BP [78] SD, No of peaks
ST [79] Min, Max, SD
BVP [79] HR,HRV

Table3. Response Signals and feature

3.3 Behavioral Response Features

Table 4 is the summarized representation of signals and
features used for stress recognition. Behavioral
measurements for stress recognition were not still enough
studied as compared to physiological ones. Even though,
some of them look very promising because any extra
equipment is not required. Precisely, this is the added edge
of the “behavioral measurements” in addition to decreased
developed system’s cost.

Signal Reference Feature
Posture | [80-81] Lean
Speech [82-83] Speech Wave Form
Intensity, Pitch
PD [84-85] Max, SD
Blink [84] Blink frequency,
AECS

Table 4.Summary of the behavioural measurements and
features

3.4. Modeling Techniques used for Stress Prediction

Technique | Reference | Techniques | Referenc
s s es
Decision | [95,99] Association | [99,106]
Tress Rule
SVM [86,96- KNN [97-
98,103 98,112]
,105,110,1
12,117-
120]
ANN [89-90,92- Deep [91]
94,96,102- Learning
104
,107-
108,110-
111,1131
15,
122]
Ensemble | [88] Fuzzy Logic | [123,129
Methods -134]
Naive [86,87,108 Bayesian [100-
Bayes ,117,118] Network 101,103]
LDA [97,121] Regression | [100,105,
113,135 -
157]
Feature | [123,124,1 | Text Feature | [114]
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Selection | 25,126,12
7,128]
Table5. Summary of the Modeling Techniques
Decision Trees, SVM, ANN, Ensemble Methods, Naive
Bayes, LDA, Feature Selection, Association Rule, KNN,
Deep Learning, Fuzzy Logic, Bayesian Network, Regression
analysis and Text Feature are the applied modeling
techniques for the evaluation of stress. In one hand the use
of SVM and ANN modeling techniques for stress prediction
is found in many studies while on the other hand other

modeling techniques use is less.

Fuzzy techniques have significant contribution in the stress
evaluation howsoever a combination of fuzzy techniques
and other M.L Techniques can be further explored. The
contribution of clustering techniques found to be least so it
can be further explored in future. Multiple measurements of
vital signs simultaneously are yet another challenging task in
this field, particularly in sensor fusion techniques.

3.5. Psychological Features used in the Literature

Author

Brief Description of Study

Herrero et al.,
[87]

They used Bayesian Network in order to
develop a stress model and indicate that
emotional demands have a greater
influence on raising the likelihood of
stress due to workload.

Maxhuni
etal.,
[88]

They employed ‘ensemble methods’ and
‘transfer ~ learning” for  prediction
modelling and showed an enhanced
accuracy.

Lotfizade et al.,

[145]

They employed logistic regression for
assessing significant associated factors
related to occupational stress by using
Socio-demographic data and stress-related
variables.

Azadeh et al.,
[129]

They applied Adaptive Neuro-Fuzzy
Inference System (ANFIS) and statistical
methods for measuring job stress, and
showed improved performance as
compared to ‘conventional regression
approaches’.

Lee et. al.,
[127]

They came with a new idea Response
surface data mining (RSDM) and
investigated the statistical relationships
between the risk factors and the response
of interest and provided detailed
statistical inferences.

Herrero et al.,
[101]

They developed model to analyse how
“social support reduces the occupational
stress caused by work demands” Using
Bayesian networks, logistic regression
and conventional statistical techniques
and found a good result.

Khodabakhshi | The authors presented an occupational
et al.,[143] stress  prediction model based on
461
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regression and correlation methods.

Krishna et al., | The authors presented a design of
[136] occupational stress  modeling by
employing classification and regression

tree(CART)

Bhuvana et al.,
[94]

Neural network algorithm applied for
faster learning of acute stressed data and
then trained data used for classifying the
depression by using Radial Basis Function

and Hamilton acute stress rating scale.

Table 6. Psychological measurements and features

3.6. Modeling Techniques for Subjective Measurement

As it can be observed from above Table, several models
have been proposed for improving the performance of stress
prediction. However, it is difficult to predict stress well in
all environments or for all time. Hence, there is a need for an
effective approach to intelligently evaluate the stress. This is
motivation in adopting intelligent techniques in solving
occupational stress modeling problems. Some of the study
employed a single method [87,145,154] while other
employed combination of methods
[88,101,127,129,136,143]. Most frequently employed
methods for subjective measurement were found Bayesian
Network, ensemble methods and transfer learning, RSM,
RSDM, regression and correlation methods, classification
and regression tree, logistic regression and Adaptive Neuro-
Fuzzy Inference System. However, this study for stress

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

classification and modeling using subjective measure,
revealed that classification methods (i.e., decision trees,
discriminant analysis, ANN and support vector machines)
were investigated least number of times. This can be
discussed in future work.

The regression and logistic regression applied for the
evaluation of stress under subjective measurement but the
analysis done in almost all cases only statistically without
considering the M.L techniques implications. Therefore,
elaboration of the M.L techniques for mining stress
evaluation constitutes a task for future work. The rest of the
methods such as KNN, Naive Bayes, and Associative rule
have not been applied to the best of the author’s knowledge
and they should be explored as future research.

3.7 Data-related results and implications

Text data can be collected from the documents provided by
the employees. It is found from the study in almost all cases
the data set has not been disclosed at all. In view of this
accuracy and the reliability of the experiment cannot be
justified. Unreliable data is a major concern related to the
key factor of success. This fact suggests future research
work must be carried out in this direction. Even if the data is
available, it is not well explained. This might be root
concern for unexpected patterns.

V. Summary of the Literature Review

Table 7- Summary of Review

S# | Author/Reference |

Title

| Techniques

Classifier

1 Subhani et al.,[86]
stress at multiple levels.”

“Machine learning framework for the detection of mental

Support Vector Machine(SVM)
and Naive Bayes classifiers

2 Herrero et al .,[87]

Demands-Control-Social
Network Model.”

“The Influence of Recognition and Social Support on
European Health Professionals’ Occupational Stress: A
Support-Recognition

Bayesian Network Model

Bayesian

3 Maxhuniet al.,[88]

“Stress modelling and prediction in presence of scarce data.”

Ensemble methods and transfer
learning

4 Alic et al., [89]
Network.”

“Classification of stress recognition using Artificial Neural

Artificial Neural Network (ANN)

5 Pimenta et al.,[90]
interaction approaches.”

“Neural network to classify fatigue from human-computer

Artificial Neural Network (ANN)

6 Magana et al., [91]
learning.”

“ Estimating the stress for drivers and passengers using deep

Deep learning algorithms

7 Sarkar et al.,[92]

“An approach to identify subject specific Human Emotions.”

Artificial Neural Network (ANN)

8 Mohammadfam

Artificial Neural Networks

etal.,[93]

“Use of Artificial Neural Networks (ANNSs) for the Analysis
and Modeling of Factors That Affect Occupational Injuries
in Large Construction Industries.”

9 Bhuvana et al.,[94]

“Development of combined back propagation algorithm and
radial basis function for diagnosing depression patients.”

ANN Algorithm
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10 | Parhizietal., [95] “Mining the relationships between psychosocial factors and | Decision Tree
fatigue dimensions among registered nurses.”
11 | Sharma et al., “Hybrid Genetic Algorithms for Stress Recognition in | ANN, genetic algorithms,
[96] Reading”. support vector machines,
12 | Cinaz etal.,[97] “Monitoring of mental workload levels during an everyday | KNN, SVM, Linear Discriminant
life office-work scenario”. Analysis
13 | Sanoetal., [98] “Stress Recognition Using Wearable Sensors and Mobile | SVM,KNN
Phones”
14 | Nenonen etal., [99] | “Analysing factors related to slipping, stumbling, and falling | decision tree and association
accidents at work: Application of data mining methods to | rules
Finnish occupational accidents and diseases statistics
database”.
15 | Herreroetal,,[100] | “Using Bayesian networks to analyze occupational stress | Bayesian  networks, logistic
caused by work demands: Preventing stress through social | regression models,
support”.
16 | Herreroetal,, [101] | “Influence of task demands on occupational stress: Gender | Bayesian Networks
differences.”
17 | Sharmaetal., [102] | “Objective measures, sensors and computational techniques | ANNS using a genetic algorithm
for stress recognition and classification: A survey,”
18 | Sharmaet al.,[103] “Artificial Neural Network Classification Models for Stress | Bayesian  networks, artificial
in Reading”. neural networks, and support
vector machines, fuzzy logic.
19 | Mehrjerdi et al., “System Dynamics and Artificial Neural Network | System dynamics,
[104] Integration : A Tool to Evaluate the Level of Job Satisfaction | Artificial Neural Network
in Services”.
20 | Saleemetal., “Automatic detection of psychological distress indicators and | Support ~ Vector ~ Machines,
[105] severity assessment from online forum posts”. Probabilistic  Logic, Markov
Logic Networks.
21 | Bakkeretal., [106] | “Stress @ work: From Measuring Stress to its | associative classification
Understanding, Prediction and Handling with Personalized
Coaching”.
22 | Azadehetal., [107] | “An adaptive neural network algorithm for assessment and
improvement of job satisfaction with respect to HSE and | Adaptive Neural Network
ergonomics program: The case of a gas refinery”.
23 | Chattopadhyay “An automated system to diagnose the severity of adult | Back Propagation Neural
etal., [108] depression”. Network (BPNN)
24 | Valleetal., [109] “Expert Systems with Applications Job performance | Naive Bayes Classifier
prediction in a call center using a naive Bayes classifier”.
25 | Saidatul etal., [110] | “Automated system for stress evaluation based on EEG | ANN,SVM
signal: A prospective review”.
26 | Bakkeretal., [111] “What’s your current stress level? Detection of stress | ANN
patterns from GSR sensor data”.
27 | Santosetal., [112] “A stress-detection system based on physiological signals | K-Nearest Neighbor, Support
and fuzzy logic”. Vector Machine
28 | Murrayetal., [113] | “The use of artificial neural networks and multiple linear | ANN and Multiple Linear
regression in  modelling  work-health  relationships: | Regression.
Translating theory into analytical practice”.
29 | Vizeretal., [114] “Automated stress detection using keystroke and linguistic | Text feature analysis,
features: An exploratory study”. Classification techniques,
30 | Schereret “Emotion Recognition from Speech: Stress Experiment”. ANN
al. [115]
31 | Sahrawietal., [116] | “Design and implementation of a human stress detection | Zero  Order  Constant line
system: A biomechanics approach”. Classification
32 | Barreto et al., | “Non-intrusive Physiological Monitoring for Automated | Naive Bayes, Decision Tree

[117]

Stress Detection in Human-Computer Interaction”.

and Support Vector Machine
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33 | Zhai etal., [118] “Stress Recognition Using Non-invasive Technology”, Naive Bayes, Decision Tree
and Support Vector Machine
34 | Zhai et al.,[119] “Stress detection in computer users based on digital signal | SVM
processing of noninvasive physiological variables”.
35 | Zhai etal., [120] “Realization of Stress Detection using Psychophysiological | Support Vector Machines
Signals for Improvement of Human-Computer Interaction”.
36 | Healeyetal., [121] “Detecting stress during real-world driving tasks using | Linear discriminant  analysis
physiological sensors”. (LDA) Classifier
37 | Fukuoka et al., “Chronic stress evaluation using neural networks”. Recurrent ANNs
[122]
Feature selection
38 | Ghoshetal., [123] “Annotation and prediction of stress and workload from | Feature Selection, Signal Artifact
Sensor physiological and inertial signals”. Removal
39 | Dengetal., [124] “An investigation of decision analytic methodologies for | Feature Selection
stress identification”.
40 | Deng et al., [125] “Evaluating feature selection for stress identification”. Feature selection
41 | Deng et al., [126] “Combining Multiple Sensor Features for Stress Detection | Feature selection (FS)
Using Combinatorial Fusion”
42 | Leeetal., [127] “Job stress evaluation using response surface data mining” Feature selection (FS)
43 | Liaoetal., [128] “A Real-Time Human Stress Monitoring System Using | Feature Extraction, Dynamic
Dynamic Bayesian Network” Bayesian Network
Neuro-Fuzzy
44 | Azadehetal., [129] | “An intelligent algorithm for performance evaluation of job | Adaptive Neuro-Fuzzy Inference
stress and HSE factors in petrochemical plants with noise | System (ANFIS)
and uncertainty”.
45 | Sierraet al.,[130] “A stress-detection system based on physiological signals | Fuzzy Logic
and fuzzy logic”.
46 | Begumetal.,[131] “A Case-based decision support system for individual stress | Fuzzy Logic and Feature
diagnosis using fuzzy similarity matching”. Extraction,
47 | Kumar, et “Fuzzy techniques for subjective workload-score modeling | Fuzzy clustering
al.,[132] under uncertainties”
48 | Kumar et al.,[133] | “Fuzzy Evaluation of Heart Rate Signals for Mental Stress | Fuzzy clustering,
Assessment”.
49 | Shinetal., [134] “Estimation of stress status using Biosignal and fuzzy | Fuzzy logic
theory”.
Regression
51 | Aytac etal.,[135] “The Symptoms of Stress and Anger Styles as a | Multiple Regression Analysis
Psychosocial Risk at Occupational Health and Safety: A
Case Study on Turkish Police Officers”.
52 | Krishnaetal .,[136] | “Measurement and modeling of job stress of electric | Regression
overhead traveling crane operators”.
53 | Kalinina etal ., “Effects of Sociopsychological Factors on the Development | Regression
[137] of Occupational Stress”.
54 | Khaleghi et “Effective Factors on Job Stress from Experts’ Perception; a | Regression
al.,[138] Case Study in lranian  Agriculture  Engineering
Organization”.
55 | Ghanietal., [139] “Stress among Special Education Teachers in Malaysia”. Regression
56 | Bowen etal., [140] “Occupational stress and job demand, control and support | Regression
factors among construction project consultants”.
57 | Othmanetal., [141] | “Occupational Stress Index of Malaysian University | Regression
Workplace”.
58 | Shinetal., [142] “Academics job satisfaction and job stress across countries in | Regression
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the changing academic environments”.
59 | Khodabakhshi et al., | “Predicting Occupational Stress for Women Working in the | Regression and Correlation
[143] Bank with Assessment of Their Organizational Commitment
and Personality Type”
60 | Bakhtiari et al.,[144] | “An investigation on occupational stress of the operating | Regression analysis
room staffs in hospitals affiliated to Isfahan University of
Medical Sciences and its association with some factors”
61 | Lotfizade et “Occupational stress among male employees of esfahan steel | Logistic regression
al.,[145] company, Iran: Prevalence and associated factors”.
62 | Muaremietal., “Towards Measuring Stress with Smartphones and Wearable | Multinomial Logistic
[146] Devices During Workday and Sleep” Regression
63 | Arshadietal., “The Relationship of Job Stress with Turnover Intention and | Pearson correlation and
[147] Job Performance: Moderating Role of OBSE”. Moderated Regression
64 | Lietal.[148] “Research of Occupational Stress in Mine Emergency | Chi-square test and analysis of
Rescuers”. covariance
65 | Hashimetal., [149] | “Occupational Stress And Behaviour Studies Of Other | Regression
Space : Commercial Complex”.
66 | Cicei etal.,[150] “Occupational stress and organizational commitment in | Regression
Romanian public organizations”.
67 | Yang etal., [151] “Antecedents and consequences of job satisfaction in the | Regression
hotel industry”.
68 | Shiro et al.,[152] “Gender, age and tenure as moderators of work-related | Regression
stressors’ relationships with job performance: A meta-
analysis”.
69 | Lambertetal., [153] | “The impact of distributive and procedural justice on | Regression
correctional staff job stress, job satisfaction, and
organizational commitment”.
70 | LeRouge etal., “The impact of role stress fit and self-esteem on the job | Regression
[154] attitudes of IT professionals”.
71 | Isikhan etal., [155] | “Job stress and coping strategies in health care professionals | Regression
working with cancer patients”.
72 | Armstrong et “Does the job matter? Comparing correlates of stress among | Regression
al.,[156] treatment and correctional staff in prisons”.
73 | Matud et al., [157] “Gender differences in stress and coping styles” Multivariate  and  univariate
analyses of covariance
(MANCOVA)

V. LIMITATIONS
Though we have exhaustively searched all the stated digital
search libraries, there still may be a possibility that a suitable
study may be left out. Also, this review does not include any
unpublished research studies [19]. We have assumed that all
the studies are impartial; however, if this is not the case then
it poses a threat to this study.

V1. CONCLUSIONS
The aim of this study was to provide an overview of recent
machine learning techniques applied to survey data as well
as sensor data for stress modeling. This survey has attempted
to clarify how certain ML techniques have been applied in
the literature. It also has revealed trends in the selection of
Physiological, Physical and Psychological responses for data
processing and corresponding modeling techniques. Finally,
current challenges related to stress modeling for subjective
and objective measure tried to highlight. For this reason, this

© 2018, 1JCSE All Rights Reserved

paper surveys several solutions by considering distinguished
aspects. In particular, the review outlined the more common
ML techniques that have been applied for prediction.
Moreover, further details of the suitability of particular ML
methods used to process the data has been described. Further
study in this review paper focused on the surveys and
sensors data collection techniques. Further, this survey has
presented a summary of studies that discussed stressed
modeling based on conventional statistical techniques and
Machine Learning techniques. Finally, the paper addressed
future challenges of ML techniques while analyzing the
stressed data for prediction modeling.

VII. REFERENCES

[1] A. Noblet, A.D. LaMontagne, “The Role of Workplace
Health Promotion in Addressing Job Stress”, Health

465



International Journal of Computer Sciences and Engineering

[2]

(3]

(4]

(5]

(6]

[7]

(8]

(]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Promotion International, Vol.21, lIssue.4, pp.346-353,
2006

Colchester, Essex,” Central Survey Unit, Labor Force Survey”,
Social and Vital Statistics Division and Northern Ireland Statistics
and Research Agency UK Data Archive, 2010

A. I. Niculescu, Y. Cao, “Manipulating Stress and Cognitive Load
in Conversational Interactions with a Multimodal System for
Crisis Management Support”, Springer Verlag, Vol.5967, pp.
134-147, 2010

L. M. Vizer, “Automated Stress Detection using Keystroke and
Linguistic Features: an Exploratory Study”, International Journal
of Human-Computer Studies, VVol.67, pp. 870-886, 2009

J.A. Healey, R.W. Picard, “Detecting Stress During Real-World
Driving Tasks Using Physiological Sensors”, IEEE Transactions
on Intelligent Transportation Systems Vol.6, pp. 156-166.

H. Selye, “The Stress of Life”, McGraw-Hill Edition, India, 1978
S.L. Sauter, L.R. Murphy, J.J. Hurrell, “Prevention of Work-
Related Psychological Disorders: a National Strategy Proposed
by the National Institute for Occupational Safety and Health
(NIOSH)”’, Am. Psychol. VVol.45, Issue.10, pp. 1146, 1990

A. Broughton, “Work-Related Stress, Tech.
Rep.,2010

B.W. Eijckelhof, M.A. Huysmans, B.M. Blatter, P.C.
Leider, P.W. Johnson, J.H. van Dieén, J.T. Dennerlein,
AJ. van der Beek, “Office Workers Computer use
Patterns are Associated  with W orkplace
Stressors”, Appl. Ergonomics, Vol.45 Issue.6,
pp.1660-1667, 2014

T.W. Colligan, E.M. Higgins, “Workplace Stress”, J. Workplace
Behav. Health, VVol.21, Issue.2, pp.89-97, 2006

J. Bakker, M. Pechenizkiy, N. Sidorova, “What’s
your current stress level? Detection of stress
patterns from GSR sensor data, in: Proceedings”,
IEEE International Conference on Data Mining, ICDM,
IEEE,Vol.1, pp. 573-580, 2011

Karasek, R., Gordon, G., Pietrokovsky, C., Rrese, M.,
Pieper, C., Schwartz, J., Fry, L., Schirer, D.,. “Job
Content Questionnaire: Questionnaire and User’s
Guide”. University of Massachusetts, Lowell, 1985

Hurrell, JJ.,, McLaney, M.A., . “Exposure to Job
Stress. A new Psychometric  Instrument”.
Scandinavian Journal of Work Environment &
Health VVol.14,Issue.1,pp. 27-28, 1988

L. Lemyre, R. Tessier, “Measuring Psychological
Stress, Concept, model, and Measurement
Instrument in Primary Care Researck”, Canadian
Family Physician VVol.49, pp. 1159, 2003

JE. Wartella, “Emotional Distress, coping and
Adjustment in Family Members of Neuroscience
Intensive Care Unit Patients”, Journal of
Psychosomatic Research, Vol.66, Issue.6, pp.503-
509,2009

JJ. Miller, “Three-Year Follow-up and Clinical

Implications of a Mindfulness Meditation-Based
Stress Reduction Intervention In The Treatment Of
Anxiety Disorders”, General Hospital
Psychiatry,Vol.17, pp. 192-200,1995

I. Ulstein, “High Score On The Relative Stress Scale, A
Marker Of Possible Psychiatric Disorder In Family
Carers Of Patients With Dementia”, International
Journal of Geriatric Psychiatry Vol.22 pp.195-202, 2007

© 2018, 1JCSE All Rights Reserved

[18]

[19]

[20]

[21]

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

G. Weidner, “Hostility And Cardiovascular Reactivity
To Stress In Women And Men”, Psychosomatic
Medicine Vol.51,pp. 36, 1989

P. Zimmermann, S. Guttormsen, B. Danuser, P.
Gomez, “Affective Computing-A  Rationale For
Measuring Mood With Mouse And

Keyboard”, Int. J. Occupational Safety Ergonomics:
JOSE Vol.9, pp. 539-551, 2003

Shin, S., Cho, B.R., “Bias-Specified Robust Design Optimization
And Its Analytical Solutions”. Computer & Industrial Engineering
Vol.48,pp. 129-140, 2005

Xu, Q. Kamel, M. Salama, M.M.A., 2004. Significance
Test For Feature Subset Selection On Image
Recognition. Lecture Notes in Computer Science
Vol.32 Issue.11, pp.244-252, 2004

[22] Castillo, E., Gutiérrez, JM., Hadi, AS.,”A. Expert

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Systems And Probabilistic Net- Work Models”,
Springer-Verlag Berlin, Heidelberg ,1997.

Zhou, Q., Fang, D., Wang, X., 2008. “A Method To
Identify Strategies For The Improvement of Human
Safety Behavior by Considering Safety Climate
and Personal Experience”, Safety Science, Vol. 46,
Issue.10, pp. 1406-1419

J. Zhai, A. Barreto, “Stress Recognition Using Non-
Invasive Technology”, Proceedings of the 19th
International Florida Artificial Intelligence Research
Society Conference FLAIRS, pp. 395-400, 2006

A. Barreto, “Non-Intrusive Physiological Monitoring
for Automated Stress Detection in Human—Computer
Interaction”, Human—Computer Interaction, pp.29-38,
2007

W. Liao, “A Real-Time Human Stress Monitoring System Using
Dynamic Bayesian Network”, Computer Vision and Pattern
Recognition Workshops, CVPR Workshops, 2005.

J. Han, M. Kaufmann, “Data Mining: Concepts and
Techniques”, San Francisco, 2006

C. Tsigos, G.P. Chrousos, “Hypothalamic-Pituitary-Adrenal Axis:
Neuroendocrine Factors and Stress”,
J.Psychosom.Res.Vol.53,Issue.4, pp. 865-871, 2002

Zephyr chest strap bio-sensor. Available.

<https://www.zephyranywhere.com/products/bioharness-3>.

H. Kurniawan, A.V. Maslov, M. Pechenizkiy, “Stress Detection
From Speech And Galvanic Skin Response Signals”, IEEE,
Computer-Based Medical Systems, pp. 209-214, 2013

A. Kaklauskas, E.K. Zavadskas, M. Seniut, G. Dzemyda, V.
Stankevic, C.Simkevic” ius, T. Stankevic, R. Paliskiene, A.
Matuliauskaite, S. Kildiene, L. Bartkiene, S. Ivanikovas, V.
Gribniak, “Web-Based Biometric Computer Mouse Advisory
System  to  Analyze A User’s Emotions and Work
Productivity”, Eng. Appl. Artif. Intell. Vol.24,Issue.6, pp.928—
945,2011

T.Newman,"A brief introduction
tophysiology",<https://www.medicalnewstoday.com/articles/2487
91.php>,2017

J. Wijsman, B. Grundlehner, H. Liu, J. Penders,
H. Hermens, “Wearable Physiological Sensors
Reflect Mental Stress State In Office-Like

Situations™,IEEE, Vol.3,pp.600—-605,2013

P. Zimmermann, S. Guttormsen, B. Danuser, P.
Gomez, “Affective Computing — A Rationale For
Measuring Mood with Mouse and Keyboard”,

466



International Journal of Computer Sciences and Engineering

[35]
[36]

371

[38]

[39]

[40]

[41]

[42]

[43]

[44]
[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]
[54]

[55]

Int. J. Occupational JOSE

Vol.9,pp. 539-551, 2003.
Western Cape Direct, Stress Eraser, http://stresseraser.com/,2010

HeartMath Australasia, emWave,
http://www.emwave.com.au/,2010

L. Salahuddin, D. Kim, “Detection Of Acute Stress By Heart Rate
Variability Using A Prototype Mobile ECG Sensor”, ICHIT
Hybrid Information Technology,Vol.6 pp.453-459,2006

G.D. Clifford, “Signal Processing Methods For Heart Rate
Variability”, Engineering Science, University of Oxford, 2002
P.E. Bonoris, “Significance of Changes in R Wave Amplitude
During Treadmill Stress Testing: Angiographic Correlation”, The
American Journal of Cardiology Vol.41 pp. 846-851,1978

Z. Dharmawan, Analysis of computer games player stress level
using EEG data, Master of Science Thesis Report, Faculty of
Electrical Engineering, Mathematics and Computer Science, Delft
University of Technology, Netherlands

Interactive Productline IP AB-Mindball,
http://www.mindball.se/index.html, 2010.

E. Labbé, “Coping With Stress: The Effectiveness Of Different
Types Of Music”, Applied Psychophysiology and Biofeedback
Vol.32, pp.163-168, 2007

J.A. Healey, R.W. Picard, “Detecting Stress During Real-World
Driving Tasks Using Physiological Sensors”, IEEE Transactions
on Intelligent Transportation Systems,Vol.6, pp.156-166, 2005.

H. Seyle, “The Stress of Life”, McGraw-Hill, New York, 1956

P. Ferreira, “How to Empower Users to Cope With Stress”,
Coference on Human-Computer Interaction: Building Bridges,
pp. 123-132, 2008

W. Liao, “A Real-Time Human Stress Monitoring System Using
Dynamic Bayesian Network”, Computer Vision and Pattern
Recognition, CVPR Workshops, 2005.

J. Zhai, A. Barreto, “Stress Recognition Using Non-Invasive
Technology”, International Florida Artificial Intelligence
Research Society Conference FLAIRS, pp.395-400, 2006

T. Pickering, “Environmental Influences on Blood Pressure and
the Role of Job Strain”, Journal of Hypertension. Supplement,
Vol.14, pp.179-185, 1996

S. Reisman, “Measurement of Physiological Stress”, Conference,
pp. 21-23, 1997

J. Zhai, A. Barreto, “Stress Detection In Computer Users Based
On Digital Signal Processing Of Noninvasive Physiological
Variables”, IEEE EMBS Annual International Conference, pp.
1355-1358, 2006

D.F. Dinges, “Optical Computer Recognition of Facial
Expressions Associated with Stress Induced by Performance
Demands, Aviation, Space, and Environmental Medicine” \ol.76,
B172-B182, 2005.

A. Barreto, “Non-Intrusive Physiological Monitoring for
Automated Stress Detection in Human—Computer Interaction”,
Human-Computer Interaction, pp. 29-38, 2007.

J. Hansen, S. Patil, “Speech Under Stress: Analysis, Modeling and
Recognition”, Speaker Classification Vol.1 pp.108-137, 2007

R. Fernandez, R.W. Picard, “Modeling drivers’ speech under
stress, Speech Communication”, Vol.40, pp. 145-159, 2003.

C.L. Lisetti, F. Nasoz, “Using Noninvasive Wearable Computers
To Recognize Human Emotions From Physiological Signals”,
EURASIP Journal on Applied Signal Processing pp.1672-1687,
2004.

Safety Ergonomics:

Available:

© 2018, 1JCSE All Rights Reserved

[56]

[57]

(8]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

1. Guyon, S. Gunn, M. Nikravesh, L. Zadeh, “Feature Extraction:
Foundations And Applications”, Springer, USA, 2006.

Bellos, Papadopoulos, Rosso, Fotiadis, “Extraction And Analysis
Of Features Acquired By Wearable Sensors Network”. IEEE
Conference on Information Technology and Applications in
Biomedicine, Corfu, Greece, pp. 1-4, 2010

M. Haak, “Detecting Stress Using Eye Blinks and Brain Activity
from EEG Signals”, Chez Technical University, Prague, 2008

O. Fukuda., “Evaluation Of Heart Rate Variability By Using
Wavelet Transform And A Recurrent Neural Network”, IEEE
Engineering in Medicine and Biology Society, vol. 2, pp. 1769—
1772, 2001

J. Zhai, A. Barreto, “Stress Recognition Using Non-Invasive
Technology ", International Florida Artificial Intelligence Research
Society Conference FLAIRS.

J. W. Shin, H. M. Seongo, D. I. Cha, Y. R. Yoon, and H. R. Yoon,
“Estimation Of Stress Status Using Biosignal And Fuzzy Theory,”
IEEE Eng. Med. Biol. Soc.,Vol. 3, Issue. 3, pp. 1393-1394, 1998.

C.Frantzidis,A. Bratsas,M. Klados, Konstantinidis, E. Lithari, D.
Vivas, A.B.Papadelis, C.L. Kaldoudi, “On The Classification Of
Emotional Biosignals Evoked While Viewing Affective Pictures:
an Integrated Data-Mining-Based Approach For Healthcare
Applications”. Trans. Inf. Tech. Biomed,Vol.14, pp. 309-318,
2010.

A. Saidatul, M. P. Paulraj, S. Yaacob, and N. F. Mohamad Nasir,
“Automated System For Stress Evaluation Based On EEG
Signal”, IEEE, pp. 167171, 2011.

Paliwal, M.; Kumar, U.A. “Neural Networks And Statistical
Techniques: A Review Of Applications”. Expert. Syst. Appl,
Vol.36, pp. 2-17, 2009.

Bellazzi, R.; Zupan, B. Predictive data mining in clinical
medicine: Current issues and guidelines. Int. J. Med. Inform.
2008, 77, 81-97.

Amato, F. Lopez , A.Mendez, E.M. Vanhara, P. Hampl, A. Havel,
“Artificial Neural Networks In Medical Diagnosis”. J Appl.
Biomed, Vol.11, pp. 47-58, 2013

Y. Fukuoka, A. Ishida, “Chronic Stress Evaluation Using Neural
Networks”, IEEE Engineering in Medicine and Biology
Magazine, Vol.19, pp. 34-38, 2000

Cortes, C. Vapnik, “Support-Vector Networks”. Mach. Learn.,
Vol.20, pp.273-297, 1995

R. Horlings, “Emotion Recognition Using Brain Activity”,
International Conference on Computer Systems and Technologies,
Gabrovo, Bulgaria, pp. 21-31, 2008

M. Kumar, ”Fuzzy Techniques For Subjective Workload-Score
Modeling Under Uncertainties”, IEEE Transactions on Systems,
Man, and Cybernetics, VVol.38, pp.1449-1464, 2008

M. Kumar, “Fuzzy Filtering For Physiological Signal Analysis”,
IEEE Transactions on Fuzzy Systems Vol.18, pp.208-216, 2010

M. Kumar, “Fuzzy Evaluation Of Heart Rate Signals For Mental
Stress Assessment”, IEEE Transactions on Fuzzy Systems,
Vol.15, pp. 791-808, 2007

Y. Okada, T.Y. Yoto, T.Suzuki, S. Sakuragawa, T. Sugiura,
“Wearable ECG Recorder With Acceleration Sensors For
Monitoring Daily Stress: Office Work Simulation Study”, Annual
International Conference of the IEEE Engineering in Medicine
and Biology Society, pp.4718-4721, 2013

K. Palanisamy, M. Murugappan, S. Yaacob, “Multiple
Physiological Signal-Based Human Stress Identification Using
Non-Linear Classifiers”, Electron. Electr. Eng. Vol.19, Issue. 7,
pp.80-85,2013

467



International Journal of Computer Sciences and Engineering

[75] P. Melillo, M. Bracale, L. Pecchia, “Nonlinear Heart Rate
Variability Features For Real-Life Stress Detection”. BioMed.
Eng. OnLine Vol.10, Issue.1, 2011

[76] T. Hayashi, E. Okamoto, H. Nishimura, Y. Mizuno-Matsumoto,
R. Ishii, S. Ukai, “Beta Activities In EEG Associated With
Emotional Stress”, Int. J. Intell. Comput. Med. Sci. Image
Process. Vol.3,Issue.1 ,pp.57-68, ,2009

[77] K.S. Rahnuma, A. Wahab, N. Kamaruddin, H. Majid, “EEG
Analysis For Understanding Stress Based On Affective Model
Basis Function”, IEEE, , pp. 592-597, 2011

[78] A. Kaklauskas, E.K. Zavadskas, M. Seniut, G. Dzemyda, V.
Stankevic, C. Simkevicius, T. Stankevic, R. Paliskiene, A.
Matuliauskaite, S. Kildiene, L.Bartkiene, S. Ivanikovas, V.
Gribniak, “Web-Based Biometric Computer Mouse Advisory
System to Analyze a User’s Emotions and Work Productivity”,
Eng. Appl. Artif. Intell. Vol.24,Issue.6,pp.928-945,2011

[79] J. Zhai, A. Barreto, “Stress detection in computer users based on
digital signal processing of noninvasive physiological
variables”.IEEE,pp.1355-1358,2006

[80] D. McDuff, A. Karlson, A. Kapoor, A. Roseway, M. Czerwinski,
“ An Intelligent System For Emotional Memory”, ACM Annual
Conference on Human Factors in Computing Systems, ACM
Press, New York, USA, , pp. 849. doi:http://dx.doi.org/10.1145/

[81] B. Arnrich, C. Setz, R. La Marca, G. Troster, U. Ehlert, “What
Does Your Chair Know About Your Stress Level?”, IEEE Transa
Inform. Technol. Biomed. Vol.14,lIssue. 2, pp. 207-214, 2010,
http://dx.doi.org/10.1109/TITB.2009.2035498

[82] H. Kurniawan, A.V. Maslov, M. Pechenizkiy, “Stress Detection
From Speech And Galvanic Skin Response Signals”, IEEE
International Symposium on Computer-Based Medical Systems,
pp.209-214.2013

[83] M. Hagmueller, E. Rank, G. Kubin, “Evaluation Of The Human
Voice For Indications Of Workload Induced Stress In The
Aviation Environment”, European Organisation for the Safety of
Air Navigation, France, 2006

[84] W. Liao, W. Zhang, Z. Zhu, Q. Ji, “A Real-Time Human Stress
Monitoring System Using Dynamic Bayesian Network”, IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition (CVPR),Vol.3,pp.70-70, 2005

[85] N. Sharma, T. Gedeon, “Hybrid Genetic Algorithms For Stress
Recognition In Reading”,Machine Learning and Data Mining in
Bioinformatics, Lecture Notes in Computer Science, Springer,
Berlin, Heidelberg ,vol. 7833, pp. 117-128, 2013
doi:http://dx.doi.org/10.1007/978-3-642-37189-9,
springer.com/10.1007/978-3-642-37189-9

[86] A. R. Subhani, W. Mumtaz, M. N. B. M. Saad, N. Kamel, and A.
S. Malik,“Machine Learning Framework For The Detection Of
Mental Stress At Multiple Levels,” IEEE Access, vol. 5, pp.
13545-13556, 2017

[87] S. Garcia-Herrero, J. R. Lopez-Garcia, S. Herrera, I. Fontaneda, S.
M. Bascones, and M. A. Mariscal, “The Influence of Recognition
and Social Support on European Health Professionals
Occupational Stress: A Demands-Control-Social ~ Support-
Recognition Bayesian Network Model”, BioMed Research
International, Vol. 2017, pp. 1-14,2017

http://Nlink.

[88] A. Maxhuni, P. Hernandez-Leal, L. E. Sucar, V. Osmani, E. F.
Morales, and O. Mayora, “Stress Modelling And Prediction In
Presence Of Scarce Data,” J. Biomed. Inform., vol. 63, pp. 344—
356, 2016

© 2018, 1JCSE All Rights Reserved

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

[89] B. Ali¢c, D. Sejdinovi¢, L. Gurbeta, and A. Badnjevic,
“Classification Of Stress Recognition Using Artificial Neural
Network,” Conf. Embed. Comput., pp. 297-300, 2016

[90] A. Pimenta, D. Carneiro, J. Neves, and P. Novais, “A Neural
Network To Classify Fatigue From Human-Computer
Interaction,” Neurocomputing, Vol. 172, pp. 413-426, 2016.

[91] V. C. Magafia, M. M. Organero, J. A. Fisteus, and L. S.
Fernandez, “Estimating The Stress For Drivers And Passengers
Using Deep Learning,” CEUR Workshop Proc., Vol. 18, Issue.12,
pp. 1-6, 2016

[92] S. Sarkar and H. Ranganathan, “An Approach To Identify Subject
Specific Human Emotions,” Int. Conf. Smart Technol. Manag.
Comput. Commun. Control., pp. 20-23, 2015.

[93] I. Mohammadfam, A.Soltanzadeh, A. Moghimbeigi, B.Savareh
“Use Of Artificial Neural Networks (Anns) For The Analysis And
Modeling Of Factors That Affect Occupational Injuries In Large
Construction Industries”, Electron. Physician, vol. 7, Issue.1, pp.
971-976, 2015

[94] R.Bhuvan, S.Purushothaman, R. Rajeswari, R. G. Balaji.,
“Development of combined back propagation algorithm and radial
basis function for diagnosing depression patients,” Int. J. Eng.
Technol., vol. 4, no. 1, pp. 244-249, 2015

[95] S. Parhizi, L. M. Steege, and K. S. Pasupathy, “Mining The
Relationships Between Psychosocial Factors And Fatigue
Dimensions Among Registered Nurses,” Int. J. Ind. Ergon., Vol.
43, Issue.1, pp. 82-90, 2013

[96] N. Sharma and T. Gedeon, “For Stress Recognition in Reading,”
pp. 117-128, 2013

[97] B. Cinaz, B. Arnrich, R. La Marca, and G. Tréster, “Monitoring
Of Mental Workload Levels During An Everyday Life Office-Work
Scenario,” Pers. Ubiquitous Comput., Vol. 17, Issue. 2, pp. 229—
239, 2013

[98] A. Sano and R. W. Picard, “Stress Recognition Using Wearable
Sensors And Mobile Phones,” Conf. Affect. Comput. Intell.
Interact., pp. 671-676, 2013

[99] N. Nenonen, “Analyzing Factors Related To Slipping, Stumbling,
And Falling Accidents At Work: Application Of Data Mining
Methods To Finnish Occupational Accidents And Diseases
Statistics Database,” Appl. Ergon., Vol. 44, Issue. 2, pp. 215-224,
2013.

[100] S. Garcia-Herrero, M. A. Mariscal, J. M. Gutiérrez, and D. O.
Ritzel, “Using Bayesian Networks To Analyze Occupational
Stress Caused By Work Demands: Preventing Stress Through
Social Support,” Accident Analysis and Prevention, Elsevier, Vol.
57, pp. 114-123, 2013

[101] S. G. Herrero, M. A. M. Saldana, J. G. Rodriguez, and D. O.
Ritzel, “Influence Of Task Demands On Occupational Stress:
Gender Differences.,” J. Safety Res., Vol. 43, Issue. 5, pp. 365—
374, 2012

[102] N. Sharma and T. Gedeon, “Objective Measures, Sensors and
Computational  Techniques For Stress Recognition And
Classification: A Survey,” Comput. Methods Programs Biomed.,
vol. 108, Issue. 3, pp. 1287-1301, 2012.

[103] N. Sharma and T. Gedeon, “For Stress in Reading,” pp. 388—395,
2012

[104] Y. Z. Mehrjerdi and T. A. Bioki, “System Dynamics and
Artificial Neural Network Integration: A Tool to Evaluate the
Level of Job Satisfaction in Services,” Vol.25,Issue.l, pp.13-26
2014.

[105] S. Saleem et al., “Automatic Detection of Psychological Distress
Indicators and Severity Assessment from Online Forum Posts,”
Proceedings of Coling, vol.5 , pp. 2375-2388, 2012.

468



International Journal of Computer Sciences and Engineering

[106] J. Bakker, “Stess @ work: From Measuring Stress to itS
Understanding , Prediction and Handling with Personalized
Coaching,”,ACM,Vo0l.978, Issue.l pp. 673-677

[107]1A. Azadeh, M. Rouzbahman, M. Saberi, and I. Mohammad Fam,
“An Adaptive Neural Network Algorithm For Assessment and
Improvement of Job Satisfaction with Respect To HSE and
Ergonomics Program: The Case of A Gas Refinery,” J. Loss Prev.
Process Ind., Vol. 24, Issue. 4, pp. 361-370, 2011.

[108]S. Chattopadhyay, F. Rabhi, P. Kaur, and U. Rajendra Acharya,
“An Automated System to Diagnose the Severity of Adult
Depression,” Proc. - 2nd Int. Conf. Emerg. Appl. Inf. Technol.
EAIT 2011, pp. 121-124, 2011

[109]M. A. Valle, S. Varas, and G. A. Ruz, “Expert Systems With
Applications Job Performance Prediction In A Call Center Using
A Naive Bayes Classifier,” Vol. 39, pp. 9939-9945, 2012.

[110]A. Saidatul, M. P. Paulraj, S. Yaacob, and N. F. Mohamad Nasir,
“Automated System For Stress Evaluation Based On EEG Signal:
A Prospective Review,” IEEE, pp. 167-171, 2011

[111]J. Bakker, M. Pechenizkiy, and N. Sidorova, “What’s Your
Current Stress Level? Detection Of Stress Patterns From GSR
Sensor Data,”IEEE, ICDM, Vol. 1, pp. 573-580, 2011.

[112]A. De Santos Sierra, C. Sanchez Avila, J. Guerra Casanova, and
G. Bailador Del Pozo, “A Stress-Detection System Based On
Physiological Signals And Fuzzy Logic,” IEEE Trans. Ind.
Electron., Vol. 58, Issue. 10, pp. 4857-4865, 2011.

[113]M. Karanika-Murray and T. Cox, “The Use Of Artificial Neural
Networks And Multiple Linear Regression In Modelling Work-
Health Relationships: Translating Theory Into Analytical
Practice,” Eur. J. Work Organ. Psychol., Vol. 19, Issue. 4, pp.
461-486, 2010.

[114]L. M. Vizer, L. Zhou, and A. Sears, “Automated Stress Detection
Using Keystroke And Linguistic Features: An Exploratory Study,”
Int. J. Hum. Comput. Stud., Vol. 67, Issue. 10, pp. 870-886, 2009

[115]S. Scherer, M. Lampmann, M. Pfeil, S. Rhinow, and F.
Schwenker, “Emotion Recognition From Speech: Stress
Experiment,” Stress Int. J. Biol. Stress, pp. 1325-1330, 2008

[116]M. S. Sharawi, M. Shibli, and M. 1. Sharawi, “Design And
Implementation Of A Human Stress Detection System: A
Biomechanics Approach,” Proceeding Int. Symp. Mechatronics its
Appl. ISMA 2008, pp. 1-16, 2008

[117]A. Barreto, J. Zhai, and M. Adjouadi, “Non-Intrusive
Physiological Monitoring For Automated Stress Detection In
Human-Computer Interaction,” Human—Computer Interact., pp.
29-38, 2007.

[118]J. Zhai and A. Barreto, “Stress Recognition Using Non-Invasive
Technology,” Proc. Int. Florida Artif. Intell. Res. Soc. Conf.
(FLAIRS)., pp. 395-400, 2006

[119]J). Zhai and A. Barreto, “Stress Detection In Computer Users
Based On Digital Signal Processing Of Noninvasive
Physiological Variables.,” Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc., EMBS, pp. 1355-1358, 2006

[120]Jing Zhai, A. B. Barreto, Craig Chin, and Chao Li, “Realization
Of Stress Detection Using Psychophysiological Signals For
Improvement Of Human-Computer Interaction,” Proceedings.
IEEE Southeast Con, 2005., pp. 415-420, 2005.

[121]J. A. Healey and R. W. Picard, “Detecting Stress During Real-
World Driving Tasks Using Physiological Sensors,” IEEE Trans.
Intell. Transp. Syst., vol. 6, Issue. 2, pp. 156-166, 2005.

[122]Y. Fukuoka and a Ishida, “Chronic Stress Evaluation Using
Neural Networks.,” IEEE Eng. Med. Biol. Mag., Vol. 19, Issue. 1,
pp. 34-8, 2000

[123]A. Ghosh, M. Danieli, and G. Riccardi, “Annotation And
Prediction Of Stress And Workload From Physiological And

© 2018, 1JCSE All Rights Reserved

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

Inertial Signals,” Proc. Annu. Int. Conf. IEEE Eng. Med. Biol.
Soc. EMBS, Vol. 2015-November, pp. 16211624, 2015.

[124]Y. Deng, C. H. Chu, H. Si, Q. Zhang, and Z. Wu, “An
Investigation of Decision Analytic Methodologies For Stress
Identification,” Int. J. Smart Sens. Intell. Syst., Vol. 6, Issue. 4, pp.
1675-1699, 2013

[125]Y. Deng, Z. Wu, C. H. Chu, and T. Yang, “Evaluating Feature
Selection For Stress Identification,” Proc. 2012 IEEE 13th Int.
Conf. Inf. Reuse Integr., pp. 584-591, 2012

[126]. DENG, D. F. HSU, Z. WU, and C.-H. CHU, “Combining
Multiple Sensor Features for Stress Detection Using
Combinatorial Fusion,” J. Interconnect. Networks, Vol.
13,Issue.3 , https://doi.org/10.1142/S0219265912500089,2012

[127]1Y. Lee and S. Shin, “Job Stress Evaluation Using Response
Surface Data Mining,” Int. J. Ind. Ergon., Vol. 40, Issue. 4, pp.
379-385, 2010

[128]W. Liao, W. Zhang, Z. Zhu, and Q. Ji, “A Real-Time Human
Stress Monitoring System Using Dynamic Bayesian Network,”
Proc. 2005 |IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recognit.,Vol.5, pp.1063-1069, 2005

[129]A. Azadeh, M. Saberi, M. Rouzbahman, and Z. Saberi, “An
Intelligent Algorithm For Performance Evaluation Of Job Stress
And HSE Factors In Petrochemical Plants With Noise And
Uncertainty,” J. Loss Prev. Process Ind., Vol. 26, Issue. 1, pp.
140-152, 2013.

[130]A. De Santos Sierra, C. Sanchez Avila, J. Guerra Casanova, and
G. Bailador Del Pozo, “A Stress-Detection System Based On
Physiological Signals And Fuzzy Logic,” IEEE Trans. Ind.
Electron., Vol. 58, Issue. 10, pp. 4857-4865, 2011.

[131]S. Begum, M. U. Ahmed, P. Funk, N. Xiong, and B. Von
Sch??ele, “A Case-Based Decision Support System For Individual
Stress Diagnosis Using Fuzzy Similarity Matching,” Comput.
Intell., Vol. 25, Issue. 3, pp. 180-195, 2009

[132]M. Kumar, A. Arndt, S. Kreuzfeld, K. Thurow, N. Stoll, and R.
Stoll, “Fuzzy Techniques For Subjective Workload-Score
Modeling Under Uncertainties,” IEEE, Vol. 38, Issue. 6, pp.
1449-1464, 2008

[133]M. Kumar, M. Weippert, R. Vilbrandt, S. Kreuzfeld, and R. Stoll,
“Fuzzy Evaluation of Heart Rate Signals for Mental Stress
Assessment,” IEEE Trans. Fuzzy Syst., Vol. 15, Issue. 5, pp. 791—
808, 2007.

[134]J. W. Shin, H. M. Seongo, D. I. Cha, Y. R. Yoon, and H. R. Yoon,
“Estimation Of Stress Status Using Biosignal And Fuzzy Theory,”
IEEE Eng. Med. Biol. Soc., Vol. 3, Issue. 3, pp. 1393-1394 ,
1998.

[135]S. Aytac, “The Sources of Stress , “The Symptoms of Stress and
Anger Styles as a Psychosocial Risk at Occupational Health and
Safety : A Case Study on Turkish Police Officers.”, Vol. 3, pp.
6421-6428, 2015

[136]0. B. Krishna, J. Maiti, P. K. Ray, B. Samanta, S. Mandal, and S.
Sarkar, “Measurement And Modeling Of Job Stress Of Electric
Overhead Traveling Crane Operators,” Saf. Health Work, Vol. 6,
Issue. 4, pp. 279-288, 2015

[137]S. A. Kalinina and O. 1. Yushkova, “Effects Of Socio
Psychological Factors On The Development Of Occupational
Stress,” Vol. 41, Issue. 4, pp. 378-385, 2015

[138]A. Khaleghi, M. O. Najafabadi, and F. Lashgarara, “Effective
Factors On Job Stress From Experts ’* Perception; A Case Study
In Iranian Agriculture Engineering Organization,” Vol. 5, Issue.
1, pp. 94-99, 2015

[139]M. Z. Ghani, A. C. Ahmad, and S. Ibrahim, “Stress among

Special Education Teachers in Malaysia,” Procedia - Soc. Behav.
Sci., Vol. 114, pp. 4-13, 2014.

469



International Journal of Computer Sciences and Engineering

[140]P. Bowen, P. Edwards, H. Lingard, and K. Cattell, “Occupational
Stress And Job Demand, Control And Support Factors Among
Construction Project Consultants,” Int. J. Proj. Manag., Vol. 32,
Issue. 7, pp. 1273-1284, 2014

[141]C. N. Othman, R. A. C. Lamin, and N. Othman, “Occupational
Stress Index of Malaysian University Workplace,” Procedia - Soc.
Behav. Sci., Vol. 153, pp. 700-710, 2014.

[142]J. C. Shin and J. Jung, “Academics Job Satisfaction and Job Stress
Across Countries in The Changing Academic Environments,”
High. Educ., Vol. 67, Issue. 5, pp. 603-620, 2014.

[143]M. Khodabakhshi, “Predicting Occupational Stress for Women
Working in the Bank with Assessment of Their Organizational
Commitment and Personality Type,” Procedia - Soc. Behav. Sci.,
Vol. 84, pp. 1859-1863, 2013.

[144]S. Bakhtiari, T. Mehrabi, and A. Hasanzadeh, “An Investigation
On Occupational Stress Of The Operating Room Staffs In
Hospitals Affiliated To Isfahan University Of Medical Sciences
And Its Association With Some Factors.,” Iran. J. Nurs. Midwifery
Res., Vol. 18, Issue. 2, pp. 101-110, 2013

[145]M. Lotfizadeh, B. Moazen, E. Habibi, and N. Hassim,
“Occupational Stress Among Male Employees of Esfahan Steel
Company, Iran: Prevalence and Associated Factors,” Int. J. Prev.
Med., Vol. 4, Issue. 7, pp. 803808, 2013

[146] A. Muaremi, B. Arnrich, and G. Troster, “Towards Measuring
Stress with Smartphones and Wearable Devices During Workday
and Sleep,” Bionanoscience, Vol. 3, Issue. 2, pp. 172-183, 2013

[147IN. Arshadi and H. Damiri, “The Relationship of Job Stress with
Turnover Intention and Job Performance: Moderating Role of
OBSE,” Procedia - Soc. Behav. Sci., Vol. 84, Issue.9, pp. 706—
710, 2013

[148] Wenjiang Du, “Informatics and Management Science I, Springer,
2013

[149]A. E. Hashim, Z. Isnin, F. Ismail, N. R. Muhamad, N. Khalil, and
N. Ismail, “Occupational Stress and Behaviour Studies of Other
Space : Commercial Complex,” Vol. 36, Issue. June 2011, pp.
752-759, 2012

[150]C. Catalina, “Occupational Stress and Organizational
Commitment in Romanian Public Organizations,” Social and
Behavioral Sciences, Vol.33, pp.1077-1081,
,2012,d0i:10.1016/j.sbspro.2012.01.288

[151]]. Te Yang, “Antecedents And Consequences of Job Satisfaction
in The Hotel Industry,” Int. J. Hosp. Manag., Vol. 29, Issue. 4, pp.
609-619, 2010

[152] A. Shirom, S. S. Gilboa, Y. Fried, and C. L. Cooper, “Gender,
Age And Tenure As Moderators Of Work-Related Stressors’
Relationships With Job Performance: A Meta-Analysis,” Hum.
Relations, Vol. 61, Issue. 10, pp. 1371-1398, 2008.

[153]E. G. Lambert, N. L. Hogan, and M. L. Griffin, “The Impact Of
Distributive And Procedural Justice On Correctional Staff Job
Stress, Job Satisfaction, And Organizational Commitment,” J.
Crim. Justice, Vol. 35, Issue. 6, pp. 644-656, 2007.

[154]C. LeRouge, A. Nelson, and J. E. Blanton, “The Impact Of Role
Stress Fit and Self-Esteem on The Job Attitudes of IT
Professionals,” Inf. Manag., Vol. 43, Issue. 8, pp. 928-938, 2006.

[155] V. Isikhan, T. Comez, and M. Z. Danis, “Job Stress and Coping
Strategies in Health Care Professionals Working with Cancer
Patients,” Eur. J. Oncol. Nurs., Vol. 8, Issue. 3, pp. 234-244,
2004

[156]G. S. Armstrong and M. L. Griffin, “Does The Job Matter?
Comparing Correlates of Stress Among Treatment And
Correctional Staff In Prisons,” J. Crim. Justice, Vol. 32, Issue. 6,
pp. 577-592, 2004.

© 2018, 1JCSE All Rights Reserved

Vol.6(6), Jun 2018, E-ISSN: 2347-2693

[157]M. P. Matud, “Gender Differences in Stress and Coping Styles,”
Pers. Individ. Dif., Vol. 37, Issue. 7, pp. 14011415, 2004.

Authors Profile

Mr. Arshad Hashmi received Post Graduate
Diploma in Computer Science and
Application from University of Patna, India Ay
in 2002 and Master of Information @/
Technology in 2010 from Punjab Technical
University,Chandigarh,India 2010. He also K

received Master of Physics with Special as

Electronics from University of Patna, India in 2007.He is Cisco
Certified Network Professional.Cuurently he works as a Lecturer in
Faculty of Computing and Information Technology in Rabigh
(FCITR), King Abdulaziz University, Kingdom of Saudi Arabia,
since 2011.He is a member of IEEE computer society since 2016.
He has published several research papers in reputed international
journals.. He has more than 7 years of teaching experience and 3
years of Research Experience.

Dr.S.K.Yadav received Ph.D  degree in
Mathematics in 2011  from the B.R.
Ambedkar University Lucknow as well as
M.Phil. in Computer Science in 2007 from
M.K.U.Madurai, India. He is associated as
an Academics and Research Director in Shri
JJT University, Churu, Rajasthan.In addition
to this he is also assoicated with several
other Academics and Research institutions.
His main research work focuses on Mathematical Modeling and
Graph Theory, Numerical analysis and Integral Equations, Network
Security and Cryptography, English to Hindi Translation System,
Robotics and Level of Intelligence, Design and Implementation of
a J2EEE Web Services using Soap-Over JMS Protocol, Wavelet
Theory and Composition,, Some Problems in Symmetric and
Asymmetric Cryptography, Nanotechnology, Education
Management, Higher Education Management. He has published
around 40 research papers in International Journals of repute and
National/ International conference proceedings. 44 M.Phil. as well
as 29 Ph.D degrees have been awarded so far under his dynamic
supervision.

470



