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Abstract: The present study seeks to demonstrate how Bayesian Network analysis can be used to
support Total Worker Health® research on correction workers by (1) revealing the most probable
scenario of how psychosocial and behavioral outcome variables in corrections work are interrelated
and (2) identifying the key contributing factors of this interdependency relationship within the
unique occupational context of corrections work. The data from 353 correction workers from a
state department of corrections in the United States were utilized. A Bayesian Network analysis
approach was used to probabilistically sort out potential interrelations among various psychosocial
and behavioral variables. The identified model revealed that work-related exhaustion may serve as a
primary driver of occupational stress and impaired workability, and also that exhaustion limits the
ability of correction workers to get regular physical exercise, while their interrelations with depressed
mood, a lack of work engagement, and poor work-family balance were also noted. The results suggest
the importance of joint consideration of psychosocial and behavioral factors when investigating
variables that may impact health and wellbeing of correction workers. Also, they supported the
value of adopting the Total Worker Health® framework, a holistic strategy to integrate prevention of
work-related injury and illness and the facilitation of worker well-being, when considering integrated
health protection and promotion interventions for workers in high-risk occupations.

Keywords: correction workers; stress; exhaustion; psychosocial and behavioral factors; Bayesian
Network; Total Worker Health®

1. Introduction

Correction workers work under psychologically and physically demanding conditions [1–3]. They
are frequently exposed to unexpected hold-over shift work that may result in circadian disruption,
sleep loss, and increased fatigue. Also, correction workers experience constant threat of inmate assaults
and riots, which can be emotionally draining due to hyper-alertness and anxiety [4]. Moreover, working
conditions in the correctional setting are known to be associated with numerous types of health and
performance outcomes, including immediate outcomes, like exhaustion and psychological distress, as
well as more distant outcomes, like job dissatisfaction and impaired work ability [5]. According to the
U.S. Department of Justice, correction workers, including correctional officers and administrative and
support staff, are at higher risk of suicide, substance abuse, and divorce, while their mortality rate is
the second highest of any occupation [6]. High turnover rates have also been reported [7].

The negative impact of demanding correctional work on correction workers’ wellbeing can be
explained by the classic stress-burnout model [8,9]. Adverse working conditions of correctional
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work act as stressors causing stress. These stressors lead to psychophysical strain symptoms, such as
various forms of psychophysical burnout. Echoing this, empirical studies on correction workers have
shown significant relationships between overwork and stress [8,10]. Also, studies have revealed that
correction workers’ stress is associated with burnout [8,11] and somatic symptoms [7].

These phenomena can also be understood within theoretical frameworks of the Job
Demands-Resources model [12]. Exposure to the physically and psychologically demanding
correctional working conditions with a lack of adequate resources is likely to deplete correction workers’
psychological resources for socially adaptive and physically healthy self-regulatory behaviors [13].
Thus, correction workers’ demanding work conditions can lead to exhaustion, which may then
negatively influence healthy behaviors as well as socially adaptive behaviors. Additionally, Wright
and Cropanzano showed that emotional aspects of exhaustion, which can be manifested in different
forms, such as depression and stress, can undermine job performance [14].

In general, the negative impacts of demanding work conditions and subsequent psychophysical
strain can be both extensive and derivative. Recent studies have shown various complications of stress.
For example, stress can contribute to increased risk of cardiovascular diseases [15], while burnout, as an
outcome of extended exposure to stress, can be associated with impairment of psychological resources,
such as emotional intelligence and self-efficacy, as well as loss of social support [16]. Moreover, it was
shown that burnout can negatively affect well-being at work, resources for coping, ability to work, and
engagement [17]. Considering these findings, it can be inferred that specific adverse effects on workers’
health in general (e.g., illnesses, psychological problems, obesity, etc.) are further compounded
by compromised family health (e.g., marriage dysfunction, problematic children’s behavior) and
employer dissatisfaction (e.g., due to declined performance, increased health care costs). In corrections,
work-related stress can lead to increased absentee rates, internal conflict, and suboptimal employee
performance [18], all which may have reciprocal adverse influences on the work environment.

Our study attempts to elaborate the Job Demand-Resource model, which primarily focuses on
stressors’ impact on stress outcomes (strains), by examining the interrelations among the potential
stress outcomes that are typical for correction workers. Our view is that the various stress outcomes
do not simply occur in parallel, but instead are able to have synergistic effects when they occur in
combination, in line with the view that stressor-strain relationships can be reciprocal [19,20]. Chronic
exposure to the occupational context of correctional facilities, with its high demand that also lacks
control or support, is likely to lead to various psychosocial and behavioral stress outcomes. In fact,
Tennant found that enduring structural occupational stress can contribute to psychological disorders,
like depression [21]. When confronted with different types of strain symptoms, one’s resources, which
are always limited in the case of correction workers, need to be used to cope with the extant symptoms
first, whilst one’s resources may not be adequately restored in a timely manner in order to respond to
the emergence of additional strain symptoms. Subsequently, one’s strain symptoms are likely to be
exacerbated as more problems arise and as resources become more and more depleted.

The process of resource depletion is particularly concerning in situations in which strain symptoms
are not simply end products but operate as derivative or secondary demands (or stressors). As various
strain symptoms negatively affect a person in different ways when they are either within or outside
the workplace, this suggests a person needs resources, including increased control and support, both
within and outside the workplace to handle multiple strain symptoms. This inference aligns with the
perspectives of Spillover Theory [22], as well as Conservation of Resources Theory [23]. Furthermore,
when there is a lack of adequate resources, the stress-burnout process would accelerate because of the
synergistic impact of multiple strain symptoms on resource depletion.

Our study explores the possible derivative or secondary role of strain symptoms as additional
stressors. By doing so, the domains of stress intervention are also broadened from focusing exclusively
on traditional stressors to also include strain symptoms themselves. This approach is not unlike
secondary (i.e., reducing the impact of an injury and disease that has already occurred) or even tertiary
(i.e., mitigating the impact of an ongoing injury and illness which has lasting effect) intervention
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approaches found in medical science and public health [24]. The dire implications of doing nothing
to prevent any worsening or exacerbation of the health situation for correction workers was also a
motivating factor.

1.1. Socio-Technical Systems Framework and Total Worker Health® Paradigm

The present study is based on a socio-technical systems framework which recognizes the
interactions between behavior and the design of work system components and their potential to
promote workers’ health and safety [25,26]. Specifically, key principles of joint causation within the
socio-technical systems framework [26] provide the rationale for examining the interplay among the
organizational (i.e., workability, disengagement), social (i.e., work-family balance), psychological (i.e.,
stress, exhaustion, depression), and behavioral strain symptoms (i.e., limited physical exercises) in
relation to the unique occupational context of correctional work. Understanding the interrelatedness
of these various attributes can help in efforts to achieve compatibility of the work system’s elements
and goals in order to promote better organizational performance as well as employee safety, health,
and wellbeing [27,28].

Socio-technical systems approaches emphasize contextual factors whenever relationships are
examined among a specific set of variables used to represent the inherent complexity of the workplace.
In this regard, the socio-technical systems approach represents a holistic approach that is consistent
with the Total Worker Health® framework being advanced by the U.S. National Institute for
Occupational Safety and Health (NIOSH) [29]. NIOSH defines Total Worker Health as “policies,
programs, and practices that integrate protection from work-related safety and health hazards with
promotion of injury and illness prevention efforts to advance worker well-being” [30]. Researchers
and practitioners seeking to advance the Total Worker Health agenda are moving beyond conventional
health protection and health promotion approaches by undertaking more comprehensive assessments
of the health, safety, and wellbeing of workers, and also to design and test more integrated workplace
interventions [31].

According to the socio-technical systems framework, how correction workers deal with the
unusually demanding occupational conditions in corrections will be a key determinant of how this
adversely impacts them. For example, working conditions in corrections may make it harder for
correction workers to balance work and personal life. Subsequently, unique patterns of negative
spillover effects [32] can be anticipated to impact both the psychosocial and behavioral states of
correction workers, such that a disrupted work-family balance may exacerbate one’s depression,
stress, healthy eating, regular exercises, engagement to work, and workability. Meanwhile, the Total
Worker Health paradigm speaks to the importance of integrated efforts both within (e.g., management
commitment, working environment improvement) and outside the workplace (e.g., support from home
and community) in order to effectively manage the adverse impact of the stressful work environment
of corrections.

1.2. Analytic Approach: Bayesian Network Analysis

Bayesian Network analysis examines the relationships among variables based on their joint
probability [33]. It utilizes machine learning algorithms that can efficiently cope with the uncertainty
and complexity of component interactions within a system as a whole [34]. Bayesian Network analysis
offers a network diagram (directed acyclic graph), which consists of nodes and arrows. The nodes
are random variables that may consist of observed continuous or categorical quantities, or even
latent variables. The arrows (i.e., edges or arcs) indicate probabilistic relationships. If two nodes are
connected with an arrow, this suggests that the two nodes are conditionally dependent.

Bayesian Network analysis is efficient in examining the interactions of all system components
included in the model, when individual, organizational, and physical factors co-exist and can
jointly contribute, and this has the potential to provide valuable insights on the determinants of
employee safety and health outcomes. This approach is remarkably suitable to socio-technical systems
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approaches, which emphasize the importance of examining the interplay among various system
components in order to optimize their functioning for a healthy and sustainable workplace. The
structural learning algorithm of Bayesian Network analysis is a type of greedy search algorithm [35],
and this approach enables investigation of every possible structural association among selected
variables to estimate the most probable model that satisfies the model selection criteria of a particular
learning algorithm.

Moreover, Bayesian Network analysis is less susceptible to multicollinearity problems [36]. By
leveraging the inter-correlations among variables, Bayesian Network analysis provides conditional
probability distributions for the dependent relationships of study variables. A complex system can
thus be viewed in a modular way by “breaking down the discovery process into the search for the
specific components of a complex system, and thus avoiding . . . multicollinearity” (p. 59) [37].

Bayesian Network analysis has been successfully applied in various settings that require
quantitative modeling of complicated relationships among many variables, such as in genetic modeling
and disease diagnosis [37]. Also, the Bayesian Network approach has already been used to unveil
the mutual relationships among various organizational and psychosocial factors regarding stressors,
stress, and strain in workplace. Specifically, more task demands were associated with more stress
at work [38], while social support from both supervisors and co-workers was critical in workplace
stress prevention [39]. All things considered, Bayesian Network analysis is therefore well suited to
investigate complicated interrelationships among multiple psychosocial and behavioral outcomes
of stress.

In summary, it is worth noting that there has been no scientific study which integrates the
conceptual framework of Total Worker Health and the machine learning analytic framework as a
means to promote workplace health and well-being. No publication was found under the keywords
search of “Total Worker Health” and “machine learning” in PubMed and PsycINFO. To address
this gap, the present study adopted the Total Worker Health framework and Bayesian Network
analysis approach (1) to reveal the most probable ways that psychosocial and behavioral outcome
variables in corrections work are interrelated, and (2) to identify the key contributing factors of this
interdependency relationship within the unique occupational context of correctional work.

2. Method

2.1. Participants

Paper-and-pencil surveys were distributed at the correctional facilities with high (level 4) to
highest (level 5) security. The data from 353 employees at the Connecticut Department of Correction
was obtained from a study conducted by the Center for the Promotion of Health in New England
Workplace (CPH-NEW), a NIOSH center of excellence for Total Worker Health. In return for completing
the survey, monetary incentives were offered. Mean age of the sample was 42.84 (SD = 9.72) and 74.6%
were males. Average job tenure was 11.96 yrs (SD = 6.46). In terms of ethnicity, 71.5% were white,
15.8% were black, and the remaining 12.7% included Hispanic, Asian, and others. The vast majority of
the study participants were correctional officers (70.5%), followed by support staff, which included
administrative staff, maintenance staff, food service staff, teachers, chaplains (11.7%), counselors (5.7%),
medical staff (4.6%), lieutenants (4.3%), and others (3.2%). In general, the present study’s participants
were not considerably different from the correction workers from previous studies [40,41] in terms
of their demographic characteristics, such as mean age, proportion of male workers, and average
job tenure.

The total number of correction workers at the two correctional facilities in the present study was
862, and the number of total respondents in the final data set was 353 after removing the cases of
incomplete responses (i.e., more than 50% missing responses to survey; no response to the key study
variables), suggesting that the minimum response rate was 41.0%. This response rate might be partly
explained by the fact that correction workers often engage in shift work, are already dedicating a high
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degree of their attention to the volatile and dangerous environments they work in, and experience
high level of fatigue from this demanding work, all of which contribute to their lack of availability and
interest in participating in scientific studies. It can be noted that extant research on correction worker
samples reports similar response rates of 37% [40] and 43% [42].

2.2. Measures

Psychosocial and behavioral variables judged to be potential responses to stressful and demanding
working conditions were selected for Bayesian Network modeling. Physical assessment variables such
as systolic/diastolic blood pressure, waist circumference, hand grip strength, and body mass index
were excluded because the primary focus of the present study was on psychosocial and behavioral
factors of correction workers. Also, bio-physiological factors were excluded as they were more relevant
to chronic disease, having indirect long-term negative effects across the lifespan.

2.2.1. Exhaustion

Work-related fatigue and exhaustion were assessed with three items adopted from the Burnout
scale [43] and a 1–7 response scale (1: strongly disagree, 7: strongly agree). A sample item was; “After
work, I have enough energy for leisure activities (reverse scored)”. Internal consistency was satisfactory
with α = 0.70 [44].

2.2.2. Disengagement

Correction workers’ perception of disengagement from their work was assessed with the two
items adopted from the Burnout scale [43] and a 1–7 response scale (1: strongly disagree, 7: strongly
agree). The items were; “More and more often I talk about my work in a negative way” and “Sometimes
I feel really disgusted with my work.” Internal consistency was satisfactory (α = 0.82).

2.2.3. Depression

Depressed mood was measured with the 10 items of the Center for Epidemiologic Studies
Depression Scale [45]. All items had a 1–4 response scale (1: rarely or none of the time, less than 1 day
per week, 4: all of the time, 5–7 days per week). An example item was; “I was bothered by things that
usually don’t bother me.” Internal consistency was satisfactory (α = 0.76).

2.2.4. Stress

A slightly adapted single-item version of the Stress in General Scale, which was shown to be valid
by Stanton et al. [46], was utilized to assess stress. The item “On average, how stressful is your work?”
had a 1–5 response scale (1: not at all, 5: extremely).

2.2.5. Limitations to Regular Physical Leisure Exercise

Based on a series of focus group meetings with correction workers, and brainstorming with
subject matter experts in psychophysical health, such as medical doctors, epidemiologists, ergonomists,
as well as psychologists, a list of specific psychosocial and behavioral factors that are associated with
workers’ motivation and engagement to physical exercises was created by the CPH-NEW research
team [47]. Using a yes-no answer format, 12 factors that limit correction workers’ ability to get regular
physical exercise were evaluated. Example items included “Fatigue or need to schedule sleep,” “Pain
in joints or muscles,” and “Overtime or shift work.”

2.2.6. Work–Family Balance (Work to Family and Family to Work Conflict)

Perceived level of conflict between demands from work and family was assessed with four items
based on a 1–4 response scale (1: never, 4: always). The items were adopted from the questions used
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by Frone et al. [48]. An example item was “How often do things going on at work make you feel tense
and irritable at home?” Internal consistency was satisfactory (α = 0.75).

2.2.7. Workability

The Work Ability Index [49] was utilized to assess the correction workers’ perceived ability to
perform their work. The index consists of four items that are calibrated on a 0–10 response scale (0:
cannot work, 10: work at best). An example item was “How many points would you give your current
ability to work?”. Internal consistency was satisfactory (α = 0.91).

2.3. Analysis

Bayesian Network modeling was performed with GeNie [50], which is freely accessible to
researchers and practitioners. The study variables were all discretized into five equal intervals by
percent distribution (i.e., 0–20%, 21–40%, 41–60%, 61–80%, and 81–100%) in order to allow consistency
in making interpretations and to simplify the probabilistic dependency relationship between all
possible study variable pairs. By doing so, the strength of the probabilistic link between two variables
X and Y is defined as the chance of the specific state of Y (e.g., top 20 percentile) given the specific
state of X (e.g., bottom 20 percentile) in the identified Bayesian Network model. Furthermore, the
presumption is that a randomly-selected response category will be correct 20% of the time by chance
(i.e., one correct response out of five response options). Thus, if the classification accuracy of each
study variable’s state based on the Bayesian Network model is substantially greater than 20% (and
closer to 100%), it can be concluded that the model is valid.

In the Bayesian Network analysis framework, “learning” represents successful estimation of
probabilistic parameters and structure. After first randomly selecting half of the data (n = 182, 51.6%),
a Bayesian Network model was learned without any prior assumptions about the interrelations among
the interested psychosocial and behavioral factors. This enabled the modeling process to be completely
data driven. Specifically, the “learn parameter” function of GeNie [50] was utilized; it is based on an
expectation maximization (EM) algorithm with random restarts. EM is an iterative “hill-climbing”
algorithm, which attempts to maximize the expected log likelihood of the probabilistic model [51,52].
It is one of the most widely used Bayesian Network learning techniques, and is particularly useful
when data is incomplete (i.e., missing values) or when hidden variables are assumed.

The identified Bayesian Network model (learned with the first half of the data) was validated
by testing the variables’ state classification accuracy using the second half of the data (n = 171,
48.4%). Specifically, leave-one-out (LOO) cross-validation was utilized because it does not waste any
data points in contrast to other cross-validation approaches (e.g., k-fold cross-validation). The LOO
cross-validation attempts to answer how accurately the learned Bayesian Network model predicts the
state of a left-out data point given the second data set minus one data point. Accuracy is computed as
the percent of correct predictions, which can be compared with the minimum accuracy level, referred
to as the random classification accuracy [53].

2.4. Ethical Approval

All subjects gave their informed consent for inclusion before they participated in the study. The
study was conducted in accordance with the Declaration of Helsinki, and the protocol was approved
by the Internal Review Board (IRB) of UConn Health (IE-13-033S-2).

3. Results

3.1. Bayesian Network Model Specification

Descriptive statistics of the study variables as well as their inter-correlations are presented in
Table 1. Bayesian Network model was “learned” to reveal the mutual dependence of the seven
psychosocial and behavioral factors. The final Bayesian Network model is presented in Figure 1. This
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model represents the most probable scenario of how these factors are jointly associated with the health
and well-being of correction workers.
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3.2. Validation of the Bayesian Network Model

In the final Bayesian Network model, the accuracy of the study variables’ state classification
was well above the random classification level (in the present study, 20%), suggesting acceptable,
but somewhat less than optimal, model validity. The specific classification accuracies were: 31.0%
(3.7–65.9% across the states) for exhaustion, 35.7% (12.5–63.2% across the states) for disengagement,
27.5% (0–46.7% across the states) for stress, 41.5% (4.5–74.5% across the states) for depression, 56.1%
(0–72.4% across the states) for work-family balance, 38.6% (0–66.7% across the states) for limitations to
regular physical leisure exercise, and 40.9% (0–66.1% across the states) for workability. These accuracy
levels were all greater than the random state, even though variations were detected across different
states of each study variable. Relatively low accuracy levels for particular states of the study variables
were primarily due to small observations for these particular states of the study variables, either in the
learning or validation data sets.

3.3. Conditional Probabilities

The final Bayesian Network model suggested that work-related exhaustion may lead to derivative
occupational stress as well as a loss of workability, and that work-related exhaustion also limits
a correction worker’s ability to get regular physical exercise. These three outcomes (i.e., stress,
workability, and limitations to regular physical leisure exercise) were also consistently interrelated
with the psychosocial factors of depressed mood, disengagement, and lack of work-family balance.
Particularly, depressed mood served as an important “hub factor”, being directly related to most of the
study variables. The likelihood of having a high (top 20 percentile) depressed mood increased from 6
to 38% as the level of work-related exhaustion changed from low (bottom 20 percentile) to high (top 20
percentile). The likelihood of having poor (bottom 20 percentile) workability increased from 4% to 48%,
as the level of depressed mood increased from low (bottom 20 percentile) to high (top 20 percentile).
The likelihood of having poor (bottom 20 percentile) ability to get regular physical exercise increased
from 4 to 17%. Graphical representation of the study variables’ conditional probability distribution
based on the final Bayesian Network model is presented in Figure 2.
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Table 1. Means, Standard deviations (SD), and correlations of the study variables.

Study Variables Mean (SD) 1 2 3 4 5 6 7 8 9 10

1. Exhaustion 30.88 (10.21) -
2. Disengagement 30.82 (10.53) 0.49 ** -
3. Depression 10.63 (0.44) 0.51 ** 0.40 ** -
4. Stress 10.56 (10.02) 0.47 ** 0.46 ** 0.34 ** -
5. Exercise Limit 20.36 (10.73) 0.40 ** 0.29 ** 0.40 ** 0.22 ** -
6. Work-Family balance 30.37 (0.79) −0.40 ** −0.24 ** −0.45 ** −0.27 ** −0.23 ** -
7. Workability 80.76 (10.40) −0.38 ** −0.30 ** −0.54 ** −0.32 ** −0.35 ** 0.43 ** -
8. Healthy diet 20.95 (0.54) −0.18 ** −0.10 ns −0.19 ** −0.05 ns −0.31 ** 0.15 ** 0.09 ns -
9. Nutrition 20.58 (0.84) −0.18 ** −0.14 * −0.29 ** −0.02 ns −0.28 ** 0.21 ** 0.16 ** 0.51 ** -
10. Readiness to Improve Health 30.80 (10.00) −0.17 ** −0.14 ** −0.27 ** −0.04 ns −0.24 ** 0.28 ** 0.26 ** 0.44 ** 0.49 ** -

Notes: Exercise limit = Limitations to regular physical leisure exercise; ** p < 0.01; * p < 0.05; ns p < 0.01.
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Notes: P(Y|X) = conditional probability of Y given X (i.e., probability of a particular state of Y given
the particular state of X); Exercise Limit = Limitations to regular physical leisure exercise.

The establishment of a final model permits the simulation of many different “what if” scenarios,
allowing the researcher to explore any revealed relationship in greater detail. In the present study,
the probabilities of correction workers’ stress, workability, and limitations to regular physical leisure
exercise were calculated for two specific situations: (1) when other variables, such as exhaustion,
disengagement, depression, and work–family balance are at their poorest (worst case scenario), and
(2) when these same variables are optimal (best case scenario). As expected, the more desirable states
of these variables—low stress, high workability, and reduced limitations to regular physical leisure
exercise—were much more probable in the best case scenario than in the worst case scenario (Table 2).

Table 2. Probabilities at the Simulated Worst and Best Scenarios.

Outcome Variables At Worst Scenario At Best Scenario

Exercise Limit Low (Bottom 20 percentile) = 20% Low (Bottom 20 percentile) = 49%
Workability High (Top 40 percentile) = 1% High (Top 40 percentile) = 89%

Stress Low (Bottom 20 percentile) = 3% Low (Bottom 20 percentile) = 52%

Notes: Low = Bottom 20 percentile; High = Top 20 percentile; Exercise Limit = Limitations to regular physical
leisure exercise.

4. Discussion

Psychological and physical health problems and concerns are diverse and prevalent among
correction workers. In order to reveal the interplay among potential outcomes within their unique
occupational context in a manner consistent with socio-technical systems approaches, the present
study adopted the Bayesian Network analytic framework because of its flexibility and efficiency
in exploring all possible interrelations among the study variables. Guided by well-established
frameworks for workplace stress mechanisms, including the Job Demands-Resource Model [12],
Spillover Theory [22,32], and Conservation of Resources Theory [23], study variables were selected
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based on assumptions about their potential interrelations. Subsequently, use of the data-driven
Bayesian Network approach identified a model showing a probable scenario in which correction
workers’ exhaustion had dominant influence over a chain reaction that significantly raised the risk
of several other negative psychosocial and behavioral outcomes. Correction workers’ exhaustion
was found to be associated with a lack of work engagement, depressed mood, and also interfered
with work-family balance. Additionally, increased disengagement was found to be associated with
work-related stress, while depressed mood was closely associated with less regular physical activity.
At the same time, depressed mood and work-family imbalance were jointly associated with reduced
work ability.

The results extend the previous finding of a close relationship between psychological distress
and work-family imbalance among correction workers [54]. The identified joint processes of how the
impact of exhaustion can be enhanced or mitigated by other factors also extends to previous findings
regarding the impact of exhaustion on depression, absenteeism, depersonalization, and reduced
personal accomplishment that were based on a French correctional officer sample [55].

4.1. Theoretical and Analytic Implications

First, the study findings complement relationships predicted by the Job Demands-Resource
Model. In this model, job demands that result in exhaustion can negatively impact worker engagement,
and this in turn is associated with work-related stress. Also, this model suggests that job demands
that are closely associated with exhaustion will be negatively associated with psychosocial (i.e.,
mood and work-family imbalance) and organizational behavior outcomes (i.e., work ability). These
same relationships were supported by the data-driven Bayesian Network model identified in the
present study.

However contrary to relationships posited in the conventional stress models, relationships
between stress to outcomes (i.e., engagement, workability) were not detected in the present study.
This may be partly explained by the fact that other factors, such as depressed mood and work-family
imbalance, were considered simultaneously along with the engagement and stress variables, speaking
to the importance of examining psychosocial variables in combination with occupational context
variables. Our findings indicate that the Job Demand-Resource Model may be a reasonable framework
to first approach occupational health and safety issues, but it is also important to account for workers’
adjustment to their particular work context, as is the case in the present study of correction workers.

Second, although a stress-to-burnout directional relationship has been widely accepted in previous
studies [8,9], the present study showed that burnout (i.e., exhaustion) may be associated with derivative
stress, which is subsequent to employee disengagement. In fact, there have been previous reports
that disengagement, which may be followed by burnout, leads to more stress in workplace [56] and
also a distressed mental state [57]. It should be noted that the finding here of a burnout-to-stress
relationship doesn’t necessarily reject the well-established causal link from stress to burnout, and also
that our findings were based on the unique context of correctional work for which well-established
causal linkages may not apply. Nonetheless, the results do suggest the need for adopting an unbiased
perspective on how stress may be exacerbated by burnout in a particular population of workers.
Within an autoregressive model framework [58], an outcome at one point in time can serve as a cause
at another future point in time, and this may also be the case for the reciprocal stress and burnout
relationship. Future studies could take a longitudinal approach to further examine the nature of the
causal mechanisms behind the stress-burnout relationship.

4.2. Practical Implications

The results support use of the Total Worker Health framework for considering a wide range of
factors impacting worker health and wellbeing. Integrated interventions that promote safety, health,
and well-being among correction workers appear to be warranted, given the complex interplay of the
psychosocial and behavioral factors reported on here. The results also suggest that taking steps to
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reduce the level of exhaustion in this working population may provide the most efficient way to reduce
depressed mood, interruption of work-family balance, and a lack of work engagement. These factors
were also shown to increase the risks of work-related stress, a reduction of regular physical exercise,
and lowered work ability. Continued failure to manage workers’ exhaustion would be ignoring an
apparent primary risk factor.

However, management of this primary risk factor may prove particularly challenging if there is
short staffing and also overtime requirements in an organization that functions 24/7 and that cannot
afford to be understaffed at any time. If work-related exhaustion cannot be avoided, then intervention
efforts can next focus on the proper management of workers’ depressed mood because this was also
shown to be strongly associated with the loss of work-family balance, increased negative attitudes
toward their job, and reduced workability. Establishing a hierarchy of risk factors and then selecting the
most attainable intervention is compatible with a participatory approach to intervention planning [28]
which aims at identifying and addressing workers’ needs and concerns that are most salient given
their present circumstances.

4.3. Limitations and Suggestions for Future Study

Some limitations of the present study need to be addressed in future research. Generalizability of
the findings is limited given the uniqueness and relatively small size of the sample. In particular, it
can be noted that only half of the data was utilized for Bayesian Network model learning, while the
remaining half of the data was utilized for the validation of the learned Bayesian Network model. Also,
the present study was cross-sectional, which did not allow examination of the dynamic relationships
among study variables across time. Moreover, the final Bayesian Network model’s accuracy level was
not at an ideal level, although it was found to be meaningfully above chance. To resolve this issue, a
larger sample can be used for Bayesian Network model learning to enable more robust and reliable
modeling. More data points generally ensure more reliable estimation of probability, particularly
when the probability is smaller. Also, future studies are needed to more clearly demonstrate the
distinct roles of job demands, job control, and support in the extended mechanisms affecting stressors,
stress, strain, and the exacerbation of the strain symptoms. The role of individual differences, such as
gender, age, and tenure in the interrelations among stress and stress outcomes can also be examined in
future studies.

5. Conclusions

The present study demonstrated the value of using a machine learning algorithm, like Bayesian
Network analysis, to explore the complicated interrelations among multiple psychosocial and
behavioral factors in a specific socio-technical work context, and the ways these interrelations may
be contributing to correctional officer health and wellness. Regardless of some limitations, like the
relatively small sample size for a machine learning approach and the use of cross-sectional data,
the findings of the present study suggest the importance of joint consideration of psychosocial
and behavioral factors when investigating variables that may impact the health and wellbeing
of correction workers. Moreover, the present study supported the value of adopting a Total
Worker Health framework with integrated intervention approaches as a means to benefit workers in
high-risk occupations.

Author Contributions: Conceptualization, J.L., R.H., and M.C.; methodology, J.L.; software, J.L.; validation,
J.L., R.H., and M.C.; formal analysis, J.L.; investigation, M.C., R.H., and J.L.; resources, M.C., and R.H.; data
curation, M.C., R.H., and J.L.; writing—original draft preparation, J.L.; writing—review and editing, M.C. and
R.H.; visualization, J.L.; supervision, M.C. and R.H.; project administration, M.C. and R.H.; funding acquisition,
M.C. and R.H.

Funding: This work was supported by grant no. U19-OH008857 from the National Institute for Occupational
Safety and Health (NIOSH) at the Centers for Disease Control and Prevention. The contents of this article are
solely the responsibility of the authors and do not necessarily represent the official views of NIOSH.



Int. J. Environ. Res. Public Health 2019, 16, 282 12 of 14

Acknowledgments: Publication of this article was funded in part by the Kansas State University Open Access
Publishing Fund.

Conflicts of Interest: The authors the present study have no involvement in or affiliations with any organization
or entity with any financial interest, such as employment, consultancies, stock ownership, or other equity interest,
or non-financial interest, such as personal or professional relationships in the subject matter or materials discussed
in this study.

References

1. Cherniack, M.; Dussetschleger, J.; Dugan, A.; Farr, D.; Namazi, S.; El Ghaziri, M.; Henning, R. Participatory
action research in corrections: The HITEC 2 program. Appl. Ergon. 2016, 53, 169–180. [CrossRef] [PubMed]

2. Morse, T.; Dussetschleger, J.; Warren, N.; Cherniack, M. Talking about Health: Correction Employees’
Assessments of Obstacles to Healthy Living. J. Occup. Environ. Med. 2011, 53, 1037–1045. [CrossRef]
[PubMed]

3. Punnett, L.; Warren, N.; Henning, R.; Nobrega, S.; Cherniack, M. CPH-NEW Research Team. Participatory
Ergonomics as a Model for Integrated Programs to Prevent Chronic Disease. J. Occup. Environ. Med. 2013, 55,
S19–S24. [CrossRef] [PubMed]

4. Faghri, P.; Mignano, C. Overweight and Obesity in High Stress Workplaces. J. Nutr. Disord. Ther. 2013, 3, 3.
[CrossRef]

5. Lazarus, R.S.; DeLongis, A.; Folkman, S.; Gruen, R. Stress and adaptational outcomes: The problem of
confounded measures. Am. Psychol. 1985, 40, 770–779. [CrossRef]

6. U.S. Department of Justice. Addressing Correctional Officer Stress Programs and Strategies: Issues and Practices;
NCJ No. 183474; U.S. Government Printing Office: Washington, DC, USA, 2000.

7. Armstrong, G.S.; Griffin, M.L. Does the job matter? Comparing correlates of stress among treatment and
correctional staff in prisons. J. Crim. Justice 2004, 32, 577–592. [CrossRef]

8. Dignam, J.T.; Barrera, M.; West, S.G. Occupational stress, social support, and burnout among correctional
officers. Am. J. Community Psychol. 1986, 14, 177–193. [CrossRef] [PubMed]

9. Pines, A.; Aronson, E. Career Burnout: Causes and Cures; Free Press: New York, NY, USA, 1988.
10. Triplett, R.; Mullings, J.L.; Scarborough, K.E. Work-related stress and coping among correctional officers:

Implications from organizational literature. J. Crim. Justice 1996, 24, 291–308. [CrossRef]
11. Hurst, T.E.; Hurst, M.M. Gender differences in mediation of severe occupational stress among correctional

officers. Am. J. Crim. Justice 1997, 22, 121–137. [CrossRef]
12. Bakker, A.B.; Demerouti, E. The job demands-resources model: State of the art. J. Manag. Psychol. 2007, 22,

309–328. [CrossRef]
13. Muraven, M.; Baumeister, R.F. Self-regulation and depletion of limited resources: Does self-control resemble

a muscle? Psychol. Bull. 2000, 126, 247–259. [CrossRef] [PubMed]
14. Wright, T.A.; Cropanzano, R. Emotional exhaustion as a predictor of job performance and voluntary turnover.

J. Appl. Psychol. 1998, 83, 486–493. [CrossRef]
15. Lecca, L.; Campagna, M.; Portoghese, I.; Galletta, M.; Mucci, N.; Meloni, M.; Cocco, P. Work Related Stress,

Well-Being and Cardiovascular Risk among Flight Logistic Workers: An Observational Study. Int. J. Environ.
Res. Public Health 2018, 15, 1952. [CrossRef] [PubMed]

16. Molero Jurado, M.; Pérez-Fuentes, M.; Gázquez Linares, J.; Simón Márquez, M.; Martos Martínez, Á. Burnout
risk and protection factors in certified nursing aides. Int. J. Environ. Res. Public Health 2018, 15, 1116.
[CrossRef] [PubMed]

17. Voltmer, J.B.; Voltmer, E.; Deller, J. Differences of Four Work-Related Behavior and Experience Patterns in
Work Ability and Other Work-Related Perceptions in a Finance Company. Int. J. Environ. Res. Public Health
2018, 15, 1521. [CrossRef] [PubMed]

18. Auerbach, S.M.; Quick, B.G.; Pegg, P.O. General job stress and job-specific stress in juvenile correctional
officers. J. Crim. Justice 2003, 31, 25–36. [CrossRef]

19. Leventhal, H.; Tomarken, A. Stress Illness: Perspectives from Health Psychology In Stress and Health: Issues in
Research Methodology; Kasl, S.V., Cooper, C.L., Eds.; Wiley: Chichester, NY, USA, 1987; pp. 27–55.

20. Zapf, D.; Dormann, C.; Frese, M. Longitudinal studies in organizational stress research: A review of the
literature with reference to methodological issues. J. Occup. Health Psychol. 1996, 1, 145–169. [CrossRef]
[PubMed]

http://dx.doi.org/10.1016/j.apergo.2015.09.011
http://www.ncbi.nlm.nih.gov/pubmed/26542616
http://dx.doi.org/10.1097/JOM.0b013e3182260e2c
http://www.ncbi.nlm.nih.gov/pubmed/21860329
http://dx.doi.org/10.1097/JOM.0000000000000040
http://www.ncbi.nlm.nih.gov/pubmed/24284754
http://dx.doi.org/10.4172/2161-0509.1000e110
http://dx.doi.org/10.1037/0003-066X.40.7.770
http://dx.doi.org/10.1016/j.jcrimjus.2004.08.007
http://dx.doi.org/10.1007/BF00911820
http://www.ncbi.nlm.nih.gov/pubmed/3717088
http://dx.doi.org/10.1016/0047-2352(96)00018-9
http://dx.doi.org/10.1007/BF02887343
http://dx.doi.org/10.1108/02683940710733115
http://dx.doi.org/10.1037/0033-2909.126.2.247
http://www.ncbi.nlm.nih.gov/pubmed/10748642
http://dx.doi.org/10.1037/0021-9010.83.3.486
http://dx.doi.org/10.3390/ijerph15091952
http://www.ncbi.nlm.nih.gov/pubmed/30205457
http://dx.doi.org/10.3390/ijerph15061116
http://www.ncbi.nlm.nih.gov/pubmed/29848982
http://dx.doi.org/10.3390/ijerph15071521
http://www.ncbi.nlm.nih.gov/pubmed/30022016
http://dx.doi.org/10.1016/S0047-2352(02)00197-6
http://dx.doi.org/10.1037/1076-8998.1.2.145
http://www.ncbi.nlm.nih.gov/pubmed/9547043


Int. J. Environ. Res. Public Health 2019, 16, 282 13 of 14

21. Tennant, C. Work-related stress and depressive disorders. J. Psychosom. Res. 2001, 51, 697–704. [CrossRef]
22. Zedeck, S.; Mosier, K.L. Work in the family and employing organization. Am. Psychol. 1990, 45, 240–251.

[CrossRef]
23. Hobfoll, S.E. Conservation of resources: A new attempt at conceptualizing stress. Am. Psychol. 1989, 44,

513–524. [CrossRef]
24. Gordon, R.S., Jr. An operational classification of disease prevention. Public Health Rep. 1983, 98, 107–109.

[PubMed]
25. Emery, F.E.; Trist, E. The causal texture of organizational environments. Hum. Relat. 1965, 18, 12–32.

[CrossRef]
26. Kleiner, B.M. Macroergonomics: Analysis and design of work systems. Appl. Ergon. 2006, 37, 81–89.

[CrossRef] [PubMed]
27. Haro, E.; Kleiner, B.M. Macroergonomics as an organizing process for systems safety. Appl. Ergon. 2008, 39,

450–458. [CrossRef] [PubMed]
28. Henning, R.; Warren, N.; Robertson, M.; Faghri, P.; Cherniack, M.; CPH-NEW Research Team. Workplace

health protection and promotion through participatory ergonomics: An integrated approach. Public Health
Rep. 2009, 124 (Suppl. 1), 26–35. [CrossRef] [PubMed]

29. NIOSH. Total Worker Health® Program. 2015. Available online: http://www.cdc.gov/niosh/twh/ (accessed
on 1 September 2015).

30. Tamers, S.L.; Goetzel, R.; Kelly, K.M.; Luckhaupt, S.; Nigam, J.; Pronk, N.P.; Rohlman, D.S.; Baron, S.;
Brosseau, L.M.; Bushnell, T.; et al. Research Methodologies for Total Worker Health®: Proceedings from a
Workshop. J. Occup. Environ. Med. 2018, 60, 968–978. [CrossRef] [PubMed]

31. Schill, A.L.; Chosewood, L.C. The NIOSH Total Worker Health® program: An overview. J. Occup. Environ.
Med. 2013, 55, S8–S11. [CrossRef]

32. Westman, M. Crossover of stress and strain in the family and in the workplace. Res. Occup. Stress Well-Being
2002, 2, 143–181.

33. Korb, K.B.; Nicholson, A.E. Bayesian Artificial Intelligence; Chapman & Hall: Boca Raton, FL, USA, 2004.
34. Murphy, K. A Brief Introduction to Graphical Models and Bayesian Networks. 1998. Available online:

http://www.cs.ubc.ca/~{}murphyk/Bayes/bayes.html (accessed on 19 November 2018).
35. Cooper, G.F.; Herskovits, E. A Bayesian method for the induction of probabilistic networks from data. Mach.

Learn. 1992, 9, 309–347. [CrossRef]
36. Curtis, S.M.; Ghosh, S.K. A Bayesian Approach to Multicollinearity and the Simultaneous Selection and

Clustering of Predictors in Linear Regression. J. Stat. Theory Pract. 2011, 5, 715–735. [CrossRef]
37. Sebastiani, P.; Perls, T.T. Complex Genetic Models. In To Appear in Bayesian Belief Networks: A Practical Guide

to Applications; Pourret, O., Nam, P., Marcot, B.G., Eds.; Wiley: New York, NY, USA, 2007; pp. 53–72.
38. García-Herrero, S.; Mariscal, M.A.; Gutiérrez, J.M.; Ritzel, D.O. Using Bayesian networks to analyze

occupational stress caused by work demands: Preventing stress through social support. Acc. Anal. Prev.
2013, 57, 114–123. [CrossRef]

39. García-Herrero, S.; Saldaña, M.Á.M.; Rodriguez, J.G.; Ritzel, D.O. Influence of task demands on occupational
stress: Gender differences. J. Saf. Res. 2012, 43, 365–374. [CrossRef] [PubMed]

40. Brough, P.; Williams, J. Managing occupational stress in a high-risk industry: Measuring the job demands of
correctional officers. Crim. Justice Behav. 2007, 34, 555–567. [CrossRef]

41. Finney, C.; Stergiopoulos, E.; Hensel, J.; Bonato, S.; Dewa, C.S. Organizational stressors associated with job
stress and burnout in correctional officers: A systematic review. BMC Public Health 2013, 13, 82. [CrossRef]
[PubMed]

42. Ghaddar, A.; Mateo, I.; Sanchez, P. Occupational stress and mental health among correctional officers: A
cross-sectional study. J. Occup. Health 2008, 50, 92–98. [CrossRef] [PubMed]

43. Demerouti, E.; Bakker, A.B.; Nachreiner, F.; Schaufeli, W.B. The job demands-resources model of burnout. J.
Appl. Psychol. 2000, 86, 499–512. [CrossRef]

44. Nunnally, J.C.; Bernstein, I.H. Psychometric Theory; McGraw-Hill Series in Psychology; McGraw-Hill:
New York, NY, USA, 1994; Volume 3.

45. Radloff, L.S. The CES-D Scale: A Self-Report Depression Scale for Research in the General Population. Appl.
Psychol. Meas. 1977, 1, 385–401. [CrossRef]

http://dx.doi.org/10.1016/S0022-3999(01)00255-0
http://dx.doi.org/10.1037/0003-066X.45.2.240
http://dx.doi.org/10.1037/0003-066X.44.3.513
http://www.ncbi.nlm.nih.gov/pubmed/6856733
http://dx.doi.org/10.1177/001872676501800103
http://dx.doi.org/10.1016/j.apergo.2005.07.006
http://www.ncbi.nlm.nih.gov/pubmed/16226212
http://dx.doi.org/10.1016/j.apergo.2008.02.018
http://www.ncbi.nlm.nih.gov/pubmed/18407244
http://dx.doi.org/10.1177/00333549091244S104
http://www.ncbi.nlm.nih.gov/pubmed/19618804
http://www.cdc.gov/niosh/twh/
http://dx.doi.org/10.1097/JOM.0000000000001404
http://www.ncbi.nlm.nih.gov/pubmed/30407366
http://dx.doi.org/10.1097/JOM.0000000000000037
http://www.cs.ubc.ca/~{}murphyk/Bayes/bayes.html
http://dx.doi.org/10.1007/BF00994110
http://dx.doi.org/10.1080/15598608.2011.10483741
http://dx.doi.org/10.1016/j.aap.2013.04.009
http://dx.doi.org/10.1016/j.jsr.2012.10.005
http://www.ncbi.nlm.nih.gov/pubmed/23206509
http://dx.doi.org/10.1177/0093854806294147
http://dx.doi.org/10.1186/1471-2458-13-82
http://www.ncbi.nlm.nih.gov/pubmed/23356379
http://dx.doi.org/10.1539/joh.50.92
http://www.ncbi.nlm.nih.gov/pubmed/18285652
http://dx.doi.org/10.1037/0021-9010.86.3.499
http://dx.doi.org/10.1177/014662167700100306


Int. J. Environ. Res. Public Health 2019, 16, 282 14 of 14

46. Stanton, J.M.; Blazer, W.K.; Smith, P.C.; Parra, L.F.; Ironson, G. A general measure of work stress: The stress
in general scale. Educ. Psychol. Meas. 2001, 61, 866–888. [CrossRef]

47. University of Massachusetts Lowell, University of Connecticut. (n.d.). Center for the Promotion of Health in
the New England Workplace (CPH-NEW). Available online: http://www.uml.edu/Research/centers/CPH-
NEW/ (accessed on 19 November 2018).

48. Frone, M.R.; Russell, M.; Cooper, M.L. Antecedents and outcomes of work-family conflict: Testing a model
of the work-family interface. J. Appl. Psychol. 1992, 77, 65–78. [CrossRef]

49. Ilmarinen, J.; Tuomi, K.; Eskelinen, L.; Nygård, C.H.; Huuhtanen, P.; Klockars, M. Background and objectives
of the Finnish research project on aging workers in municipal occupations. Scand. J. Work Environ. Health
1991, 17 (Suppl. 1), 7–11.

50. Druzdzel, M.J. SMILE: Structural Modeling, Inference, and Learning Engine and GeNIe: A development
environment for graphical decision-theoretic models. In Proceedings of the AAAI/IAAI, Orlando, FL, USA,
18–22 July 1999; pp. 902–903.

51. Friedman, N. The Bayesian structural EM algorithm. In Proceedings of the Fourteenth Conference on
Uncertainty in Artificial Intelligence, Madison, WI, USA, 24–26 July 1998; Morgan Kaufmann Publishers Inc.:
Burlington, MA, USA, 1998; pp. 129–138.

52. Murphy, K. An Introduction to Graphical Models. 2001. Available online: http://www2.denizyuret.com/
ref/murphy/intro_gm.pdf (accessed on 19 November 2018).

53. Cakmak, A.; Kirac, M.; Reynolds, M.R.; Ozsoyoglu, Z.M.; Ozsoyoglu, G. Gene ontology-based annotation
analysis and categorization of metabolic pathways. In Proceedings of the 19th International Conference on
Scientific and Statistical Database Management (SSBDM’07), Banff, AB, Canada, 9–11 July 2007; pp. 33–42.

54. Obidoa, C.; Reeves, D.; Warren, N.; Reisine, S.; Cherniack, M. Depression and work family conflict among
corrections officers. J. Occup. Environ. Med. 2011, 53, 1294–1301. [CrossRef] [PubMed]

55. Neveu, J.P. Jailed resources: Conservation of resources theory as applied to burnout among prison guards. J.
Organ. Behav. 2007, 28, 21–42. [CrossRef]

56. Wagner, R.; Harter, J. The Elements of Great Managing; Gallup Press: New York, NY, USA, 2006.
57. Robison, J. Disengagement Can Really Be Depressing. Gallup Business Journal Online. 2010. Available

online: http://www.gallup.com/businessjournal/127100/disengagement-really-depressing.aspx (accessed
on 19 November 2018).

58. MacCallum, R.C.; Austin, J.T. Applications of structural equation modeling in psychological research. Annu.
Rev. Psychol. 2000, 51, 201–226. [CrossRef] [PubMed]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1177/00131640121971455
http://www.uml.edu/Research/centers/CPH-NEW/
http://www.uml.edu/Research/centers/CPH-NEW/
http://dx.doi.org/10.1037/0021-9010.77.1.65
http://www2.denizyuret.com/ref/murphy/intro_gm.pdf
http://www2.denizyuret.com/ref/murphy/intro_gm.pdf
http://dx.doi.org/10.1097/JOM.0b013e3182307888
http://www.ncbi.nlm.nih.gov/pubmed/22005395
http://dx.doi.org/10.1002/job.393
http://www.gallup.com/businessjournal/127100/disengagement-really-depressing.aspx
http://dx.doi.org/10.1146/annurev.psych.51.1.201
http://www.ncbi.nlm.nih.gov/pubmed/10751970
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Socio-Technical Systems Framework and Total Worker Health® Paradigm 
	Analytic Approach: Bayesian Network Analysis 

	Method 
	Participants 
	Measures 
	Exhaustion 
	Disengagement 
	Depression 
	Stress 
	Limitations to Regular Physical Leisure Exercise 
	Work–Family Balance (Work to Family and Family to Work Conflict) 
	Workability 

	Analysis 
	Ethical Approval 

	Results 
	Bayesian Network Model Specification 
	Validation of the Bayesian Network Model 
	Conditional Probabilities 

	Discussion 
	Theoretical and Analytic Implications 
	Practical Implications 
	Limitations and Suggestions for Future Study 

	Conclusions 
	References

