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MODELING EMPLOYEE BURNOUT AND STRESS LEVELS USING 
GENERALIZED LINEAR MODELS  

MADELINE S. NEELY, BUTLER UNIVERSITY 
MENTOR: RASITHA R. JAYASEKARE 

 

Abstract 

In recent years, mental health has become a more prominent problem 
worldwide. One specific area of rising concern is the increase in the amount of stress 
and burnout that many people are experiencing. This research seeks to investigate the 
factors that are affecting stress and burnout as they pertain to the workplace 
environment. A series of multinomial logistic regression models and Poisson 
regression models are used to identify the factors affecting employees’ stress and 
burnout with respect to the workplace environment using the most recent Work, 
Family, and Health Study (WFHS) dataset from the Work, Family, and Health 
Network. This research found that important factors affecting stress and burnout 
include decision authority, job demands, and job satisfaction. 

 

Introduction  

Mental health has been a rising concern worldwide, as evidenced by the 13% 
increase in the incidence of mental health conditions within the past decade, 
according to the World Health Organization (n.d.). Additionally, the National Institute 
of Mental Health estimates that approximately one in five U.S. adults was living with 
some kind of mental illness in 2021 (n.d.). Stress and burnout at work have also been 
on the rise in recent years, and according to the American Institute of Stress (2019), 
83% of employees in the United States suffer from work-related stress. These 
alarming statistics speak to the need for a better understanding of the causes of 
employee stress and burnout in order to improve mental health outcomes.  

One area that has been heavily researched is the relationship between work and 
employee stress. This area of research is important for both employees’ personal 
health and well-being and for their employers’ overall success, as poor mental health 
can result in absenteeism, decreased work performance, bad attitudes and behaviors, 
and poor work relationships (Harnois et al., 2000). Because of these negative 
outcomes, many have begun to research what factors influence employee burnout and 
stress.  
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Christina Maslach and colleagues (2001) explain that some possible causes of 
burnout might include high job demands, a lack of autonomy, the absence of job 
resources, and individual factors such as personality characteristics and job attitudes. 
A case study in the UK came to similar conclusions, citing that a loss of control and 
feelings of powerlessness also contribute to employee stress (Harnois et al., 2000). 
Another source found sufficient findings in the literature that show the great impact 
that job satisfaction can have on workplace burnout (Friganović et al., 2019). Finally, 
another paper looked specifically at the difference between job stress and job burnout 
and discovered that they seem to be highly correlated with slightly different factors. 
Factors related to job strain were more highly correlated to stress, whereas burnout 
was more correlated with variables such as job dissatisfaction, a desire to quit, and 
emotions regarding perceived performance (Pines and Kinan, 2005).  

This paper will focus on one particular study, the Work, Family, and Health 
Study (WFHS), which was led by the Work, Family, and Health Network (2018). 
This study was created to better understand how different workplace practices and 
policies influence employees’ work, family lives, and overall health and well-being. 
Many researchers have already used this dataset to gain a better understanding of the 
employee experience and how different factors can affect employees’ overall health 
and well-being. For example, using general linear models on the WFHS dataset, 
Lawson, Lee, and Maric (2021) focused on work-to-family conflict and how it could 
influence physical and mental health, discovering that increased conflict seems to be 
correlated with individuals who report poorer sleep and higher psychological distress. 
Fan et al. (2019) used group-based multitrajectory modeling on the WFHS dataset and 
found that workers in higher-strain environments have much worse long-term well-
being outcomes than those in lower-strain environments. Vigoureux et al. (2020) have 
included stress as a predictor variable rather than a response variable in multilevel 
models to examine the relationship between sleep quantity and perceptions of stress. 
The researchers discovered that higher stress levels are strongly related to poorer 
metabolic health outcomes, showing that stress levels negatively affect employees’ 
mental and physical health.  

Overall, much research has been done investigating employee burnout and 
stress. Many publications have been written on the analysis of the WFHS, but few have 
focused solely on understanding the factors that influence employee stress and 
burnout. This paper seeks to fill this gap and investigate the factors that affect 
employee stress and burnout by using the previously mentioned publicly accessible 
WFHS dataset.  

About the Dataset  

The WFHS data were gathered through randomized field experiments that 
assessed individuals in the information technology department of a Fortune 500 
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company (Work, Family and Health Network, 2018). Each participant in the study was 
asked a series of questions on topics such as the number of hours they work, how 
flexible their job is, what their work-life balance is like, how satisfying their job is, and 
how stressed and burned out their job makes them feel (Work, Family and Health 
Network, 2018). Two important variables to note in the WFHS dataset that will be 
explored throughout the remainder of this paper are the variables Psychological 
Distress and Emotional Burnout.  

Psychological Distress  

The first variable that this research focuses on is Psychological Distress. The 
measure used by the WFHS to quantify Psychological Distress is known as K6 and will 
be discussed in greater detail later in this paper. The distribution for this variable is 
shown in Figure 1. As can be seen in Figure 1, most respondents’ stress levels fell 
between 7 and 11, indicating that they fell within the range of low mental stress; 
however, it is also apparent that a fair number of respondents had scores ranging from 
12 to 19, falling into the category of moderate mental stress, and a few fell into the 
category of severe psychological distress.  

 

 

Figure 1. Psychological Stress Variable Distribution 

 
 

 

Employee Burnout 

The second variable that this research will focus on is Burnout. This is a 
categorical variable that corresponds to the survey question “You feel burned out by 
your work. How often do you feel this way?” (Work, Family and Health Network, 
2018). The bar chart in Figure 2 shows the frequency of different responses to this 
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question. In this chart, it appears that most respondents fell into the category of feeling 
burnout a few times a year to a few times a month. Quite a few people also answered 
that they felt burned out a few times a week; however, it’s important to note that there 
were fewer responses for the extremes of never or always feeling burned out.  

 

 

Figure 2. Frequency of Respondent Burnout 

 
 

 

Kessler 6 Psychological Distress Metric  

The Kessler 6, or K6, is the measure used to evaluate the level of psychological 
distress of each employee. According to the WFHS (Work, Family and Health 
Network, 2018), “K6 is the most widely used mental health screening scale in the 
United States and has been used in numerous psychiatric and social epidemiology 
studies, including the National Household Survey on Drug Abuse.” The K6 metric is 
constructed by taking the sum of a respondent’s answers to six questions. These 
questions revolve around how often the respondent feels “nervous,” “hopeless,” 
“restless or fidgety,” “so depressed that nothing could cheer you up,” “that everything 
was an effort,” and “worthless” (Kim et al., 2016). The result is a discrete score ranging 
from 6 to 30. A score of 6 indicates that a respondent reported never feeling any of 
these feelings, and a 30 indicates that the respondent always felt each of these feelings.  

It is easiest to understand the K6 scores in terms of low, medium, and high 
stress. According to Prochaska (2012), a score between 5 and 13 on a K6 scale ranging 
from 0 to 24 indicates moderate mental stress, and a score greater than 13 indicates 
severe psychological distress. When adjusting this to the K6 scale used in this study 
(from 6 to 30), the cutoff points become 11 (5 + 6) for moderate mental stress and 19 
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(13 + 6) for severe psychological distress. Table 1 shows these cutoff points for 
psychological distress.  

 

 

Table 1. K6 Scores and Interpretations  

 
 

 

Objective 

The main objective of this research is to use the WFHS study data to identify 
how workplace practices and policies influence employee stress and burnout. The 
main objective will be achieved in two parts, by identifying the factors that affect 
employee stress and identifying the factors that affect employee burnout.  

Methodology  

Because of the types of response variables, we need two types of models to 
determine which factors are affecting employee burnout and employee stress. The 
response variable of the first model, Employee Stress, takes a discrete value between 
6 and 30. Poisson random variables are frequently used to model counts with a 
minimum value of 0 and a maximum value that is unbounded (in theory) (Roback and 
Legler, 2021). Because Poisson regression predicts responses for count data, it is a 
good choice for modeling the Employee Stress response variable.  

The response variable of the second model is Employee Burnout. This is a 
categorical variable that takes the values Never, A few times a year, Once a month, A 
few times a month, Once a week, A few times a week, and Every day. Multinomial logistic 
regression is used to model variables with a finite number of categorical outcomes. It 
does this by modeling the log odds of the outcomes in relation to a linear combination 
of predictor variables (UCLA: Statistical Consulting Group, 2021a, 2021b). Because 
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multinomial logistic regression can be used to classify variables with a set number of 
categorical responses, this is therefore a good fit for the Emotional Burnout response 
variable, which takes only one of seven possible values. 

Poisson Regression 

Poisson regression is an instance of the generalized linear model that is used 
when the response variable Y is a random variable that takes nonnegative integer 
values (Penn State: Eberly College of Science, 2016). Let Y be a Poisson random 
variable with mean λ. Connecting the mean of the Poisson response variable and the 
linear combination of x1, . . ., xk predictor variables using logarithm link function, the 
Poisson regression model can be written as  

ln(λ) = β0 + x1β1 + x2β2 + . . . + xkβk  . 

Then, by solving for λ, we have the equivalent expression 

λ = exp(β0 + x1β2 + x2β2 + . . . + xkβk)  . 

The model coefficients, β1, . . ., βk, can be interpreted in the following way: A 
one-unit increase in the predictor variable xi changes the log of the response variable 
by βi units when all other predictor variables remain fixed.  

Multinomial Logistic Regression 

Because the response variable Emotional Burnout is a multiclass response 
variable, we use a multinomial logistic regression model. The multinomial logistic 
regression handles multiple classes, in comparison to the two classes handled 
similarly by the logistic regression model (Cheng et al., 2021). The multinomial 
logistic regression model reserves one response category as the base case and 
maps the log odds of other response categories compared to the base case 
category. Let the base case response category be denoted as Y = y0 and the 
remaining categories be denoted as Y = y1, . . ., ym. Then the multinomial 
regression model looks like  

𝑙𝑜𝑔(𝑃(𝑌 = 𝑦𝑖) / 𝑃(𝑌 = 𝑦0) ) = β0i + x1β1i + x2β2i + . . . + xkβki  ,  

where yi = y1 , y2 , . . . , ym  . 
The model coefficients can be interpreted in the following way: When xi 

increases by one unit, the log odds of response variable category (yi) relative to the base 
case (y0) would be expected to change by βi units while keeping all other predictor 
variables fixed.  



 

BUTLER JOURNAL OF UNDERGRADUATE RESEARCH, VOLUME 10 

 

 140 

Data Preprocessing 

Prior to modeling, some data preprocessing had to be performed to clean the 
data and make them usable for the chosen models. The first thing as a part of the 
preprocessing was to relabel to make the data easier to interpret quickly. For example, 
the variables were given new meaningful names that corresponded to the survey 
questions. In addition to this relabeling, the responses were recoded from their 
numerical form back into their original survey response answers. For example, if a 
variable had the value 1, we converted this back to strongly agree or every day, 
depending on the written response corresponding to that numeric value for the given 
question. After the data were relabeled, observations with missing values had to be 
removed because the machine learning algorithms that we selected do not perform 
well on data with missing values. Prior to the removal of observations with missing 
values, there were 3,684 observations, and after their removal, there were 2,794 
observations. Another component of data preprocessing that we performed prior to 
modeling was outlier analysis. Other than missing values, however, no outliers were 
removed, because all data contained valid responses to the survey questions and we 
did not want to risk removing data that might give insights into important trends.  

We then performed a multicollinearity analysis between the predictor 
variables to evaluate a standard regression assumption of no multicollinearity 
between independent variables. When a pair of predictor variables had a correlation 
coefficient greater than 0.5, one was removed after they were carefully analyzed. Then 
the principal component analysis (PCA) allowed us to reduce the number of predictor 
variables included in the regression models. The original goal was to include only the 
variables that directly corresponded to the survey response data, rather than the 
constructed variables that were the mean of these responses for each category. When 
the original variables were used, however, there were complications with building the 
models because many of the variables took similar values, resulting in infeasible model 
solutions. We therefore decided to focus only on the constructed quantitative 
variables given in the dataset.  

The original dataset contained 21 quantitative variables. After a few of these 
attributes were removed because of multicollinearity, each model contained 18 
attributes, making PCA no longer necessary. Table 2 shows the selected quantitative 
variables at the end of data preprocessing. 
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Table 2. Attributes Selected for Modeling  

 

 

 

Results  

Identifying Factors that Affect Employee Stress 

The first objective of this paper is to determine the factors affecting employee 
stress. The response variable, in this case, is Psychological Distress. This discrete 
variable identifies the Kessler 6 psychological distress score for each individual. This 
variable ranges from 6 to 29. Because this variable is a discrete count, a Poisson 
regression model works well. After removing the variables that cause 
multicollinearity within the dataset, the model is as shown below: 

log(AvgPsychologicalDistress) = β0 + β1FamilyToWorkConflict + 
β2NumberHoursInBed + β3PositiveWorkToFamily + β4RatePerformance Others + 

β5PerceivedStress + β6WorkHours + β7RatePerformanceSelf + 
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β8OrganizationalCitizenship + β9LikelyToQuit + β10ExpectedWeekly Hours + 
β11SupervisorFamilySupport + β12ActualWeeklyHours + β13Job Demands + 

β14DecisionAuthority + β15WorkFamilyIssues + β16LowValueWork + 
β17EmotionalBurnout + β18TimeAdequacy 

 

After running this model, we evaluated the 95% confidence intervals for the 
coefficient estimate for each variable in the model. The 95% confidence intervals of 
the parameter estimate of the variables PerceivedStress, OrganizationalCitizenship, 
DecisionAuthority, and EmotionalBurnout did not contain zero in them, thus making 
them significant factors in the model. Table 3 shows all model coefficient estimates 
and confidence intervals.  

 

 

Table 3. Psychological Distress Model Outputs  
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Based on the parameter estimates, for PerceivedStress, a one-unit increase in 
PerceivedStress increases the log of PsychologicalDistress by 0.66 when all other 
predictor variables remain constant. For OrganizationalCitizenship, a one-unit 
increase in OrganizationalCitizenship increases the log of PsychologicalDistress by 
0.0404 when all other predictor variables remain constant. For DecisionAuthority, a 
one-unit increase in DecisionAuthority decreases the log of PsychologicalDistress by 
0.0244 when all other predictor variables remain constant. Finally, for 
EmotionalBurnout, a one-unit increase in EmotionalBurnout increases the log of 
PsychologicalDistress by 0.0343 when all other predictor variables remain constant.  

Each of the significant variables mentioned above will be explored in greater 
detail in their own subsections. Each subsection references survey questions from the 
WFHS (Work, Family and Health Network, 2018).  

Perceived Stress  

The variable PerceivedStress refers to the sum of a respondent’s answers to 
four questions: (1) “During the past 30 days, how often have you felt that you were 
unable to control the important things in your life?” (2) “During the past 30 days, how 
often have you felt confident about your ability to handle your personal problems?” (3) 
“During the past 30 days, how often have you felt that things were going your way?” (4) 
“During the past 30 days, how often have you felt difficulties were piling up so high that 
you could not overcome them?”  

As shown in the scatterplot in Figure 3, there is a moderately strong linear 
relationship (r = 0.7) between Perceived Stress and Psychological Distress. This same 
trend is also shown by the density graph, which breaks psychological distress into the 
four levels as described above. It is apparent that those with no psychological distress 
also tend to have lower perceived stress, and those with high psychological distress 
tend to have high perceived stress.



 

BUTLER JOURNAL OF UNDERGRADUATE RESEARCH, VOLUME 10 

 

 144 

Figure 3. Perceived Stress and Psychological Distress Scatterplot (left) and Density Plot 
(right)  

 

 

 

 

Decision Authority 

The predictor variable Decision Authority is created by taking the mean of 
individual responses to three statements: (1) “Your job allows you to make a lot of 
decisions on your own.” (2) “On your job, you have very little freedom to decide how 
you do your work.” (3) “You have a lot of say about what happens on your job.” 

In the scatter plot in Figure 4, there appears to be a weak negative relationship 
between psychological distress and decision authority. This means that as decision 
authority increases (i.e., when an individual feels they have more freedom to control 
their work), they have lower psychological distress. This same trend can be shown in 
the density plot, where it appears that those who have high psychological stress have 
lower median decision authority, and those with lower psychological stress have 
higher decision authority. 
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Figure 4. Decision Authority and Psychological Distress Scatterplot (left) and Density 
Plot (right) 

 
 
 

Emotional Burnout 

Emotional Burnout is a different variable than the categorical response 
variable BurnedOut, which is discussed in the next section. Emotional Burnout is the 
mean of the respondents’ answers to the following questions, which do include the 
other response variable BurnedOut. The respondents were asked to answer three 
questions: (1) “You feel emotionally drained from your work. How often do you feel this 
way?” (2) “You feel burned out by your work. How often do you feel this way?” (3) “You 
feel used up at the end of the workday. How often do you feel this way?” 

In the scatterplot in Figure 5, there appears to be a slightly positive relationship 
between employee burnout and psychological distress. This indicates that as feelings 
of emotional burnout increase, so do feelings of psychological distress. This is also 
much more clearly seen on the density plot, where those with high psychological stress 
have a much higher burnout compared to those with no or low psychological distress.  
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Figure 5. Emotional Burnout and Psychological Distress Scatterplot (left) and Density 
Plot (right)  

 
 

 

Additional Results 

In addition to the variables described above, the variable 
OrganizationalCitizenship was also found to be statistically significant in the model 
for Psychological Distress. There appeared to be little to no correlation between 
Psychological Distress and OrganizationalCitizenship, however. This indicates that 
this might be an area for further research to understand better how organizational 
citizenship might affect psychological distress. 

Identifying Factors That Affect Employee Burnout 

The second objective of this paper is to determine the factors affecting 
employee burnout. The response variable in this case is BurnedOut. This categorical 
variable corresponds to the survey question “You feel burned out. How often do you 
feel this way?” (Work, Family and Health Network, 2018). The possible responses to 
this question include Never, A few times a year, Once a month, A few times a month, 
Once a week, A few times a week, and Every day. For this reason, multinomial logistic 
regression is a good model for the data.  

Using the base case as y0 = Never, the multinomial logistic regression model is 
as shown below:  

𝑙𝑜𝑔(𝑃(𝑌	= 𝑦𝑖) / 𝑃(𝑌	= 𝑦0) ) = β0i + x1β1i + x2β2i + . . . + xkβki  ,  
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where yi = y1 , y2 , . . . , ym  , 

where yi = A few times a year, Once a month, A few times a month, Once a week, 
A few times a week, Every day  

Here, βki are the coefficients for the regression model. These coefficients correspond 
to each of the variables in the model, which are also listed below:  

 

SupervisorFamilySupport FamilyToWorkConflict PositiveWorkToFamily 

OrganizationalCitizenship LikelyToQuit NumberHoursInBed 

RatePerformanceOthers PerceivedStress ExpectedWeeklyHours 

RatePerformanceSelf ActualWeeklyHours LowValueWork 

TimeAdequacy JobDemands WorkHours 

DecisionAuthority JobSatisfaction WorkFamilyIssues  

 

After running this model, we evaluated the 95% confidence intervals for each 
coefficient estimate in the model. This output can be seen in Figures 6–11. 

 

Figure 6. Log Odds of A few times a year Relative to Never 
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Figure 7. Log Odds of Once a month Relative to Never 

 
 

 

Figure 8. Log Odds of A few times a month Relative to Never 
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Figure 9. Log Odds of Once a week Relative to Never 

 
 

 

Figure 10. Log Odds of A few times a week Relative to Never 
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Figure 11. Log Odds of Every day Relative to Never 

 
 

 

Our criterion for a predictor variable to be significant for a burnout frequency 
level (e.g., log odds of A few times a year relative to Never) follows: We will call a 
predictor variable for a burnout level significant if zero is not in the 95% confidence 
interval estimate for the predictor’s corresponding β parameter.  

Using this criterion, the predictor variables that are significant for at least one 
of the burnout frequency levels are FamilyToWorkConflict, JobDemands, 
JobSatisfaction, LowValueWork, OrganizationalCitizenship, PerceivedStress, 
PositiveWorkToFamily, RatePerformanceSelf, SupervisorFamilySupport, and 
WorkFamilyIssues. Figure 12 shows a summary of the significant results.  
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Figure 12. Summary of Employee Burnout Model Results 
 

  

 

 

Following are a few examples of interpretations of some of the variables that 
are significant in the model. For PositiveWorkToFamily, when 
PositiveWorkToFamily increases by 1 unit, the log odds for burned out a few times a 
year relative to never burned out would be expected to increase by 0.544 while keeping 
all other variables constant. For FamilyToWorkConflict, when 
FamilyToWorkConflict increases by 1 unit, the log odds for burned out once a month 
relative to never burned out would be expected to increase by 0.6002 while keeping all 
other factors fixed. For OrganizationalCitizenship, when OrganizationalCitizenship 
increases by 1 unit, the log odds for burned out every day relative to never burned out 
would be expected to decrease by 0.069 while keeping all other factors fixed. All other 
coefficients can be interpreted similarly.  

Now we will explore in greater detail each of the variables that was found to be 
significant in the model. Investigating these variables further leads to a greater 
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understanding of how different work conditions and environments are related to 
emotional burnout.  

Perceived Stress 

Perceived Stress is the same predictor variable as described in the 
Psychological Distress section. In the density plot in Figure 13, we see a clear 
relationship between the variables BurnedOut and Perceived Stress. Those who never 
or rarely feel burned out seem to have much lower perceived stress as compared to 
those who feel burned out every day. This indicates that there is likely some kind of 
relationship between burnout experience and the quantity of perceived stress that 
someone feels.  

 

 

Figure 13. Density Plot of Perceived Stress and BurnedOut 
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Job Demands 

JobDemands is a predictor variable that corresponds to the mean of the 
respondents’ responses to the following three statements: (1) “You do not have enough 
time to get your job done.” (2) “Your job requires very fast work.” (3) “Your job requires 
very hard work.” 

The density plot in Figure 14 again shows a clear relationship between the 
predictor variable of job demands and the response variable of feeling burned out. 
Those with lower burnout tend also to have lower job demands, and those with higher 
burnout tend to have higher job demands. This makes sense and could mean that 
decreasing job demands by ensuring employees have enough time to get their work 
done could lead to decreased burnout experience.  

 

 

Figure 14. Density Plot for Job Demands and BurnedOut 
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Job Satisfaction 

The variable JobSatisfaction corresponds to the mean of the respondents’ 
responses to the following statements: (1) “In general, you like working at your job.” 
(2) “In general, you are satisfied with your job.” (3) “You are generally satisfied with 
the kind of work you do in this job.” 

There appear to be a few key trends in the density plot in Figure 15. Those who 
experience burnout every day tend to have a much lower median level of job 
satisfaction, although there is also a much larger spread of job satisfaction for those 
who experience burnout every day. Another interesting thing to note is that those who 
never or rarely experience burnout have a much higher level of job satisfaction. This 
means if a company could determine how to help its employees achieve greater job 
satisfaction, the company could also potentially decrease how frequently employees 
feel burned out.  

 

 

Figure 15. Density Plot for JobSatisfaction and BurnedOut 
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Low-Value Work 

The variable LowValueWork corresponds to the mean of the responses to the 
following statements: (1) “You work on unnecessary things.” (2) “You spend time in 
unproductive meetings.”  

The density plot in Figure 16 shows a clear trend that those who rate their work 
as having lower value (meaning they feel their time is frequently wasted) often also 
experience burnout more frequently, whereas those who do not feel like time is wasted 
tend to have a lesser frequency of experiencing burnout. This could lead to some 
simple solutions for employers. For example, one idea might be limiting meetings to 
only necessary ones and decreasing busy work to help decrease employee burnout.  

 

 

Figure 16. Density Plot for LowValueWork and BurnedOut  
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Work-Family Issues  

The WorkFamilyIssues variable corresponds to the mean of the responses to 
the following three statements: (1) “In your workplace, employees are expected to take 
time away from their family or personal lives to get their work done.” (2) “In your 
workplace, employees are expected to put their families or personal lives second to 
their jobs.” (3) “In your workplace, employees are expected to make work their top 
priority.” 

The density plot in Figure 17 shows a few clear trends. For example, it shows 
that those with higher burnout experience tend to have lower work-family issues. 
Because this was a reverse-coded variable, this means that they feel as though work 
takes priority over their family or personal lives very frequently, whereas those who 
rarely or never experience burnout tend to have higher work-family-issue scores, 
indicating that they don’t often feel that work must be their top priority over their 
family and personal lives.  

 

 

Figure 17. Density Plot for WorkFamilyIssues and BurnedOut  
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Additional Findings 

In addition to the results discussed above, a few other variables were found to 
be statistically significant within the employee burnout model at the 5% significance 
level. These variables were PositiveWorkToFamily, OrganizationalCitizenship, 
RatePerformanceSelf, FamilyToWorkConflict, and SupervisorFamilySupport. When 
visualizations were created and the relationship between these variables and 
emotional burnout were investigated, however, no obvious meaningful trends or 
patterns were found. This indicates that in the future it will be important to dive 
deeper into the correlation between these variables and burnout, as they could help 
provide more insight on what affects burnout.  

Conclusion 

This research sought to identify the factors affecting psychological distress and 
burnout using a Poisson regression model and a multinomial logistic regression 
model, respectively. In addition to the models discussed in this paper, various other 
models were also tested throughout this research. Because of the number of 
categorical variables in the dataset, we suspected that the model might involve 
random effects. To incorporate mixed effects in a multinomial setting, we first used 
the MCMCglmm package, which fits multivariate generalized linear mixed models 
using Markov chain Monte Carlo techniques (Hadfield, 2010). This was a significantly 
more complicated model, however, and did not find any random effects to be 
significant in the model, regardless of the variable selected as the random effects 
variable. For this reason, we used the simpler multinomial logistic regression model. 
We also explored mixed-effects Poisson regression for the psychological distress 
response variable; however, again, no random effects were found to be significant in 
the model. For this reason, the simpler Poisson regression model was selected.  

The Poisson regression model for psychological distress concluded that 
PerceivedStress, OrganizationalCitizenship, DecisionAuthority, and 
EmotionalBurnout were significant based on coefficient estimates via 95% 
confidence intervals. The multinomial logistic regression model for emotional 
burnout concluded that PositiveWorktoFamily, OrganizationalCitizenship, 
PerceivedStress, JobDemands, RatePerformanceSelf, JobSatisfaction, 
LowValueWork, WorkFamilyIssues, FamilyToWorkConflict, and 
SupervisorFamilySupport were significant for at least one level of the multinomial 
values based on coefficient estimates via 95% confidence intervals.  

An interesting finding is that the variables PerceivedStress and 
OrganizationalCitizenship were found to be significant in both the psychological 
distress model and emotional burnout model. This indicates that there is at least some 
overlap between the factors that affect stress and burnout. Additionally, emotional 
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burnout and perceived stress were observed to be significant variables in determining 
(respectively) psychological distress and burnout; thus, there is a clear relationship 
between psychological stress and emotional burnout. 

This information can be used to help employers create work environments 
where employee burnout and stress are minimized. Based on the significant factors, 
some actionable items for employers would be to ensure that employees’ work is 
valued and that employers effectively use their employees’ time, as this corresponds 
to the low-value-work factor. In addition, properly training managers to be supportive 
supervisors who understand and promote work-life balance pertains to the factors of 
work-family issues, family-to-work conflict, and supervisor family support. Finally, 
employers should ensure that they effectively balance the workloads assigned to 
employees, reducing unnecessary job demands and therefore hopefully reducing 
employee burnout and stress as well.  

This research not only is beneficial for employers but can also be helpful for 
those looking to join the workforce or switch careers, as this gives insights on types of 
companies an individual might want to look for. First, they will want a job that brings 
them satisfaction, followed by a leader who will support their career growth and their 
work-life balance in a supportive community of workers.  

Research on psychological distress and emotional burnout are useful topics 
and can further be extended into many other avenues. One such is cluster analysis, 
which uncovers natural groupings of the data, potentially revealing more 
relationships between different variables.  

Finally, this research could also be expanded upon with examination of stress 
and burnout in different environments. For example, a similar study focused on 
college or high school students could help provide insights into how different learning 
environments and teachers or professors can affect student mental health. This 
research provides valuable insights into factors affecting employee stress and burnout 
and opens the door to future areas of investigation to help fight the ever-increasing 
mental health concerns in the world today.  
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