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The purpose of this research was to explore expectancy violations and emotional features 

of online mental health messages utilizing a mixed-method, hybrid human coded and 

computer coded approach to content analysis. Scholarship that explores the genesis and 

prevalence of mental health illnesses typically investigate cognitive variables such as 

thwarted belonging, perceived burden, hopelessness, defeat, and entrapment (Witte, 

Fitzpatrick, & Joiner, 2005; Cornette, Abramson, & Bardone, 2000). However, emotional 

states have long been implicated in contributing to suicide risk, as well as clinical 

depression, anxiety, and other mental health-related mood disorders (Dekel, Goldblatt, 

Keider, Solomon, & Polliack, 2005; Figley, 1995). Moreover, involvement in computer-

mediated communication (CMC) platforms encourages both empowering and 

disempowering processes among individuals coping with mental health illness, and the 

emotional experience is at the crux of these interactions prompting possible increased 
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engagement. Given that CMC is a novel space to study social interactions, and the role of 

emotion in communication is still largely unknown in this context, studies investigating 

emotion message features and its impact on our online interactions is warranted. The 

research aimed to address two overarching questions: What are the expectancy violation 

and emotion features of mental health messages shared in computer-mediated 

communication and 2) How do emotion message features influence social media 

response behaviors? Mental health narratives disseminated online, and their associated 

Facebook posts, were analyzed and a series of content analyses studies were done 

employing Grounded Theory methodology, hierarchical regression, textual sentiment 

analyses and an unsupervised learning algorithm in the R programming language. An 

integrated theoretical model guided by the Emotional Broadcaster Theory, Expectancy 

Violations Theory, and the Elaboration Likelihood Model was used to explore and 

identify the factors of expectancy violations, emotion, and additional linguistic message 

variables that prompt social media engagement, thereby promoting information contagion 

of mental health messages. Results provided insight into the violation experiences of 

those suffering from mental health illness. Findings additionally enhance our current 

understanding of the impact of emotion features on computer-mediated communication. 
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CHAPTER ONE: INTRODUCTION 

 

 

 

According to the World Health Organization, one death from suicide occurs every 

40 seconds (WHO, 2018). Suicide is the tenth leading cause of mortality in the United 

States and reflects a substantial socio-economic burden, with the cost of self-injury and 

suicide reported to be 69 billion dollars in 2015 alone (AFSP, 2017). Negative emotional 

states, such as depression and anxiety, have been known to activate dysfunctional thought 

patterns leading to suicide, especially among vulnerable individuals (Fresco, Heimberg, 

Abromowitz, &Bertram, 2006; Conner et al., 2001; Palmier-Claus, Taylor, & Pratt, 

2012). Research that explore the genesis and prevalence of suicide, and related mental 

health illnesses, typically investigate cognitive variables such as thwarted belonging, 

perceived burden, hopelessness, defeat, and entrapment (Witte, Fitzpatrick, & Joiner, 

2005; Cornette, Abramson, & Bardone, 2000). However, emotional states have long been 

implicated in contributing to suicide risk, as well as clinical depression, anxiety, and 

other mental health-related mood disorders.  

Clearly our emotions have an effect on our well-being, and negative emotions can 

reach boundaries propelling susceptible people towards attending to their own mortality. 

What is more alarming is that poor mental health states have been known to spread across 

vulnerable populations. Scholars agree that traumatic experiences, and by extension 

dysfunctional emotional patterns and cognitions, can be transmitted from primary 
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caregivers to children  (van Dijke, Ford, van Son, Frank, & van der Hart, 2013). In 

essence, trauma and emotions are contagious through our social interactions. For 

example, indigenous peoples bear a disproportionate burden of mental illness through 

historical trauma (Kirmayer, Tait, & Simpson, 2009).  

Similarly, research shows that Holocaust survivors tend to absorb the 

psychological burdens of their parents, also known as parental transmission (Kellerman, 

2001). However, intergenerational relationships are not the only significant relations that 

are influenced by the transmission of trauma and its associated emotional dimensions. 

For countless war veterans, the difficulties surrounding Post-traumatic Stress Disorder 

(PTSD) has been shared by their intimate partners. Men and women who are romantically 

involved with Veterans with PTSD have been shown to experience secondary traumatic 

stress from interactions with their veterans (Figley, 1995; Dirkswager, Bramsen, Ader, & 

Van der Ploeg, 2005). 

The pervading research of emotion’s influence on mental health is clear. 

Emotions play a critical role in our mental health, and negative emotions contribute to 

illness, depression, anxiety, and suicide and its comorbidities. Moreover, adverse 

emotions could be carried on from generation to generation in the form of historical 

trauma or parental transmission, and can be transferred in social interactions such as is 

found in secondary traumatization. This is a startling point given that 7.4 percent of 

global disability-adjusted life years (DALY) are caused by conditions in the mental and 

behavioral disorders category (National Institute of Mental Health [NIMH], n.d.). The 
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question is, how much are these disabling conditions a result of socially contagious 

interactions, and the negative emotional states permeating critical social relationships? 

Scholarship from a wide range of disciplines have investigated contagious social 

phenomenon, or social contagion, by analyzing experiences such as vicarious trauma 

(McCann & Pearlman, 1990), secondary traumatic stress (Figley, 1995; Zeidner, Hadar, 

Matthews. & Roberts, 2013), compassion fatigue (Stamm, 2009), and burnout contagion 

(Bakker, Blanc, & Schaufeli, 2005). A commonly measured element in the investigations 

of social contagion is emotion, and a key perspective said to account for the transference 

of various mental health states is emotional contagion. Thus, I assert that in order to 

better understand the transference of various mental health states from our significant 

relationships, it is important to explore the mechanisms of emotional transmission 

through communication channels in all our social interactions. It is also important to 

identify and investigate the affective and cognitive elements activating, transporting, and 

propagating the contagion of emotion and its associated messages through our social 

networks.  

Emotions infect our communication interactions. In the reputed laws of emotional 

contagion, contagion transpires when the emotional properties, or “essence” of a source 

object, ensues through indirect or direct contact to a target (Morales & Fitzsimons, 2007; 

Nemeroff & Rozin, 1994). In persuasive communication, emotions transmitted from 

messages have been found to infect brands, targets, as well as people (Hasford, Hardest, 

& Kidwell, 2015). This burgeoning research of social contagion within computer-
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mediated communication (CMC) suggests we can become infected by the feelings of 

others online, just as much as in our offline interactions.  

For example, according to the extant literature, emotions influence CMC 

behaviors, and actively engaging on CMC platforms furthers impact our wellbeing. In 

fact, it has been demonstrated in members of groups who suffer from Breast Cancer, 

Arthritis, and Fibromyalgia, that online participation contributes to empowering 

processes including exchanging information, finding recognition and understanding, and 

encountering emotional support (Uden-Kraan et al., 2008). The, coping strategies from 

interactions in online support groups clearly help in managing the psychological and 

physical challenges of illness. However, negative interactions in CMC can also 

negatively influence our well-being. One online study found that cyberbullying had a 

significant impact on self-harming, and the association between the bullying and self-

harm was mediated by negative emotions (Hay & Meldrum, 2010).   

Moreover, involvement in computer-mediated platforms encourages both 

empowering and disempowering processes among individuals coping with a number of 

chronic health conditions, and the emotional experience is at the crux of these 

interactions. Given that CMC is a novel space to study social contagion, and the role of 

emotion in communication is still largely unknown in this context, studies investigating 

emotion message features and its impact on our online interactions is warranted. In this 

dissertation, I advance the notion when exposed to emotionally evocative messages, the 

emotion features of the message can be “infectious” and spread to the receiver. 

Furthermore, these emotions arouse and influence computer mediated communication, 
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specifically online social media response behaviors, which may further halt or maintain 

the contagion of both emotion and information. 

Purpose of the Study 

 

The purpose of this study was to investigate mental health messages to answer 

two overarching questions: 1) What are the emotional features of mental health messages 

shared in computer-mediated communication and 2) How do emotion message features 

influence social media response behaviors? Mental health narratives disseminated online 

and their associated Facebook posts were analyzed in a series of mixed-method, hybrid, 

content analysis studies. Key to understanding message features are the in-depth 

narratives that are explored here. According to Nabi and Green (2015), immersion in a 

narrative enhances its persuasive potential, and the outcomes of emotional shifts created 

by a story can impact post-message engagement, including social sharing. Using an 

integrated theoretical model guided by Emotional Broadcaster Theory, Expectancy 

Violations Theory, and the Elaboration Likelihood Theory, I explored and identified the 

factors of expectancy violations, emotion, and additional linguistic message variables that 

prompt social media engagement, thereby promoting information contagion of mental 

health stories. 

To answer these overarching research questions, I employed a mixed-method 

hybrid approach to conducting content analysis (Lewis et al., 2013). Such a method 

employs qualitative and quantitative research, and incorporating both human coding and 

computational social scientific techniques to investigate messages. Additionally, the 

study is predicated under the assumption that the construct of emotion is a type of 
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information, and thus subject to the properties of encoding, decoding, and transmission. 

The extant scholarship supports this perspective of emotion as information (Schwarz & 

Clore, 2003; Hasford, Hardest, & Kidwell, 2015). Under this information-processing 

paradigm, the dissertation utilized the Emotional Broadcaster Theory (EBT) of social 

sharing as predominating guidance to understand behavioral reactions to emotionally 

evocative messaging (Harbor & Cohen, 2005).  

In general, EBT posits that individuals disclose information to satisfy an 

intrapsychic need to restore self-worth, and provide meaning to significant and 

sometimes difficult emotional experiences. This process of emotional unburdening leads 

to the broadcasting of information across social networks. In the EBT scholarship, 

emotional tensions arise from violations interrupting our personal schemas (Mandler, 

1965). Thus, to better understand the cognitive and affective processes intimated by EBT 

that arise from mental health message violations, I integrated the communication theories 

of Expectancy Violation Theory (EVT) and the Elaboration Likelihood Model (ELM). 

The integration necessitates the investigation of violation message themes, discrete and 

dimensional aspects of emotions, and relevant linguistic features representing possible 

heuristic mechanisms that prompt CMC behavioral responses, specifically through the 

Facebook social media platform.  
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CHAPTER TWO: LITERATURE REVIEW 

 

 

 

Emotions and Mental Health 

 

It is well documented in the literature that negative emotional states, such as 

depression and anxiety, contribute to suicidal thoughts. (Conner et al., 2001; Palmier-

Claus, Taylor, & Pratt, 2012). Additionally, widespread in mental health scholarship is 

the association between unstable moods and perceptions of hopelessness and entrapment, 

all of which greatly heighten poor mental health (Palmier-Claus et al., 2012; Kuo, Gallo, 

& Eaton, 2004). Research exploring the prevalence and cause of suicide, and its 

comorbidities, typically investigate cognitive variables such as thwarted belonging, 

perceived burden, hopelessness, defeat, and entrapment (Witte, Fitzpatrick, & Joiner, 

2005; Cornette, Abramson, & Bardone, 2000). However, emotional states have long been 

connected to suicide risk and ideation. Moreover, negative emotional states have been 

known to activate dysfunctional thought patterns, especially among vulnerable 

individuals leading to depression, anxiety, and other mood disorders (Fresco, Heimberg, 

Abromowitz, & Bertram, 2006).  

In social and psychological research, unstable moods have been investigated in 

studies related to emotional instability, emotion regulation, and dysregulation. Emotional 

instability is “characterized by repeated bursts of negative emotion leading to patterns of 
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unstable and rapidly fluctuating moods” (Palmier-Claus et al., 2012, pg. 6). For example, 

individuals with borderline personality disorder, whose principle symptom is emotional 

instability, have been shown to have elevated rates of suicide (Palmier-Claus et al., 

2012). Emotion regulation encompasses the “internal and external processes involved in 

initiating, maintaining, and modulating the occurrence, intensity, and expression of 

emotions” (Morris, Silk, Steinberg, Myers, & Robinson, 2007, p.363).  

According to the literature, neurophysiology and cognitive development play a 

large role in emotional regulation. Moreover, family context affects the development of 

emotional regulation among children in three ways: a) observation, b) parenting practices 

and behaviors through the socialization of emotion, and c) the emotional climate of the 

family including attachment, style of parenting, and expressiveness (Morris et al., 2007). 

In contrast, emotion dysregulation is an inability to manage the intensity and duration of 

negative emotions (Franco, 2018). Childhood interpersonal trauma is associated with 

emotion dysregulation, and is documented as a central symptom of trauma disorders 

(Franco, 2018). One study indicates traumatizing experiences by a primary caregiver 

(TPC) during childhood leads to emotion dysregulation (van Dijke, Ford, van Son, Frank, 

& van der Hart, 2013). A path analysis found that approximately 63% of individuals in 

the sample with borderline personality disorder reported experiencing childhood TPC 

(van Dijke et al., 2013).   

Social scientists agree that traumatic experiences, and by extension emotional 

states, can be transmitted from parent to child. In essence, trauma can be contagious. For 

example, indigenous people bear a disproportionate burden of mental illness through 
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historical trauma (Kirmayer, Tait, & Simpson, 2009). In studies of colonialist effects on 

Native Americans, an overemphasis of substance use and suicide permeates the mental 

health literature for these native communities across generations (Kirmayer et al., 2009). 

Similarly, research shows that Holocaust survivors tend to absorb the psychological 

burdens of their parents, also known as parental transmission (Kellerman, 2001).  

Intergenerational relationships are not the only interpersonal relationships that are 

influenced by the transmission of trauma and its associated emotional repercussions. The 

transmission of trauma is experienced by many populations and can lead to the spread of 

poor mental health. As an example, for countless veterans, the challenges of PTSD has 

been shared by their intimate partners who play multiple and complex roles in managing 

post-deployment stressors. Yet, despite an intimate partner’s active caregiving role, 

health care providers often overlook them, even when they display symptoms of distress 

themselves (Maloney, 1988).  

In a review of the literature, the men and women romantically involved with 

Veterans with PTSD have been shown to experience stress from their veterans (Figley, 

1995; Dirkswager, Bramsen, Ader, and Van der Ploeg, 2005), and increased mental 

distress among these partners is strongly associated with continued PTSD symptoms 

among veterans (Dirkswager et al., 2005).  Partners often exhibit PTSD-like symptoms 

such as somatic complications, depression, and anxiety (Dekel, Goldblatt, Keider, 

Solomon, & Polliack, 2005). Figley (1995) categorizes the PTSD-like symptoms of these 

partners as secondary traumatization, a form of compassionate stress that occurs in 

interaction with the veteran. Figley further asserts that in these cases there is a “lessened 
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ability to contain one’s emotional response when in close contact with a trauma victim” 

(Figley, 1995, p.459).   

The inability of Veterans’ intimate partners to manage emotional reactions 

resonates in the literature. For example, in a qualitative study of wives of PTSD veterans, 

Dekel et al. (2005, p.27) found that “the wives lived in constant fear of possible disaster 

as a result of the illness and their husband’s suicidal tendencies.” In the depictions of 

their veteran spouse’s condition, the wives expressed experiencing symptoms of PTSD 

alongside their husbands. Wives voiced that the immersion in their husband’s mental 

state brought them overwhelming emotional turmoil mixed with a sense of duty, all the 

while they lived with the loss of personal space and time (Dekel et al., 2005).  

The pervading scholarship of emotion’s part in the mental health literature is 

clear. Emotions play a central role in mental health, and negative emotions contribute to 

mental illness, depression, anxiety, and suicide and its comorbidities. Moreover, adverse 

emotions could be carried on from generation to generation in the form of historical 

trauma or intergenerational transmission, and can be transferred in social interactions 

such as secondary traumatization. This is a disconcerting point because neuropsychiatric 

disorders, which includes mental, behavioral, and neurological disorders, are the leading 

cause of disability in the United States, leading cardiovascular and circulatory disease, 

while accounting for 18.7% of DALYs in America (NIMH, n.d.). The question is, how 

much are these disabling conditions a result of socially contagious trauma, and their 

associated negative emotions? In order to mitigate the negative emotions, and the 

repercussions that could lead to poor mental health, more research is needed to 



11 
 

understand the nature of emotions in mental health and the associated mechanisms that 

transmit socially contagious phenomenon.  

Social Contagion  

 

Researchers from a wide range of disciplines have investigated contagious social 

phenomenon, or social contagion, by analyzing experiences such as vicarious trauma 

(McCann & Pearlman, 1990), secondary traumatic stress (Figley, 1995; Zeidner, Hadar, 

Matthews. & Roberts, 2013), compassion fatigue (Stamm, 2009), and burnout contagion 

(Bakker, Blanc, & Schaufeli, 2005). One study indicated perceived burnout complaints 

communicated to nurse colleagues were a significant predictor of emotional exhaustion in 

a sample of Intensive Care Unit nurses (Bakker et al., 2005). The authors speculate the 

nurses were infected by the burnout-virus, and “automatically” mimicked the emotions 

and behaviors expressed by their colleagues (Bakker et al., 2005). 

In another study, college students were randomly assigned to mildly depressed 

and non-depressed roommates. Those placed with the mildly depressed roommates were 

increasingly depressed over time, and like infectious diseases, were said to have been 

victim to contagion (Howes, Hokanson, & Loewenstein, 1985; Joiner & Katz, 1994). A 

more current study found no significant overall contagion of mental health among college 

student roommates matched together. The authors discovered that happiness did not 

trigger contagion. However, poor mental health, measured as the three dimensions of 

psychological distress, depression and anxiety, was found to significantly impact male 

students through a contagion effect, suggesting a difference by gender (Eisenberg, 

Goldberstein, Whitlock. & Downs, 2012).  
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A commonly measured element in the investigations of social contagion is 

emotion, and a key perspective said to account for the transference of various mental 

health states is emotional contagion. In their early work, Hatfield and Cacioppo (1994, 

p.5) explained emotional contagion as “The tendency to automatically mimic and 

synchronize facial expressions, vocalizations, postures, and movement with those of 

another person and, consequently, to converge emotionally.” Emotional contagion has 

been employed to better understand how people “catch” feelings from others and imitate 

these corresponding feelings (Hatfield & Cacioppo, 1994; Bakker et al., 2005). 

 At first, the concept of emotional contagion operated under the assumption that 

face-to-face interaction was crucial for emotions to spread. Scholars also characterized 

the contagion as automatic, fast, and so fleeting that it couldn’t be accounted for in 

association with cognitive, or self-perceptive processes (Doherty, 1997). Modern-day 

understanding of emotional contagion takes an expanded view, no longer limiting 

unconscious transference through facial expressions, or mimicry.  

For example, experimental evidence of massive-scale social networks on 

Facebook found that in-person interaction and nonverbal cues were not necessary for 

emotional contagion to occur (Kramer, Guillory, & Hancock, 2014). The experiment 

tested whether emotional content would lead to posting on Facebook that is consistent 

with message exposure, examining whether verbal affective expressions that were either 

positive or negative led to similar verbal expressions on personal newsfeeds. Results 

revealed that those who had positive content reduced in their newsfeed responded with 

more negative status updates, and vice versa (Kramer et al., 2014). Further, the authors 
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found a withdrawal effect, in which individuals who were exposed to fewer posts of 

either valence, were less expressive overall in the following days (Kramer et al., 2014). 

Findings suggest that emotions have a role in social engagement, and specifically in 

social media behaviors found in CMC.  

Another major assumption of emotional contagion was that previous associations 

must exist, or direct contact must happen between the source and the target (Howard, 

1992; Gengler, 2001; Nemeroff & Rosin, 1994). However, Hasford, Hardest, & Kidwell 

(2015) discovered that mere availability of emotion was enough to elicit a contagion 

effect. To explain how targeted emotions in persuasion impacts unrelated brands or 

products, Hasford and colleagues (2015) fashioned a simulated retail environment and 

found that emotion-evoking images affected consumer spending on unrelated objects. 

Their study demonstrated that emotional processing ability moderated transfers of 

emotion between indirect advertisements (Hasford, Hardest, & Kidwell, 2015). The 

research further establishes persuasive communication can elicit a contagion effect on 

products and brands, with just the exposure to emotions, and without prior direct 

connection. 

Health in Computer-mediated Communication 

 

The Internet, in which strangers from across the world can interact, is an engaging 

public space for positive emotions to spread, especially among those suffering with 

chronic and debilitating health conditions. CMC makes it easy for stories about illness 

and health to propagate. A key feature of the Internet, for example, is the accessibility to 

first-person accounts of a number of health circumstances, including discussions about 
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diseases that many are too afraid to communicate about offline. These shared stories have 

been shown to contribute to emotional well-being by facilitating coping (Zhou et al., 

2010), normalizing often challenging illness (Daine et al., 2013, Ziebland & Wyke, 

2012), and reinforce positive behaviors (Daine et al., 2013) among those suffering from 

chronic health conditions.  

Coping strategies from beneficial online interactions clearly help in managing the 

psychological and physical challenges of illness. In fact, it has been demonstrated in 

members of online supports groups who suffer from Breast Cancer, Arthritis, and 

Fibromyalgia, that participation in groups contribute to empowering processes including 

exchanging information, finding recognition and understanding, and encountering 

emotional support (Uden-Kraan et al., 2008). Research also demonstrated that patients 

with strong perceived social support tend to cope better with their disease (Zhou et al., 

2010; Uden-Kraan et al., 2008). For example, social support has been found to be a 

significant longitudinal predictor of emotional well-being among men faced with prostate 

cancer (Zhou et al., 2010).  

Additionally, communication resources online have been found to be the primary 

route for people who seek health information. Parents of children with genetic disorders 

felt that doctors were not their most trusted and valued source for information, and other 

parents in online communities who have children with similar conditions were their 

preferred source (Schaffer, Kuczynski, & Skinner, 2008). However, rampant 

misinformation permeates the digital space, and the reliability, and quality, of 
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information found online are often questioned by members of online support groups 

(Uden-Kraan et al., 2008; Ziebland & Wyke, 2012). 

What is clear in the literature is that participating in CMC interactions can have a 

positive impact on our emotional well-being. As an example, expression, in addition to 

reception, of emotional support online has been shown to improve cancer patients’ 

coping strategies (Namkoong et al., 2013). A study exploring computer-mediated social 

support revealed that group participation had a significant and positive effect on patients’ 

perceived bonding (Namkoong et al., 2013), and the perceived bonding was positively 

related to coping strategies such as positive reframing, planning, and humor (Namkoong 

et al., 2013). Moreover, Bareket-Bojmel and Shahar (2011) investigated the emotional 

and interpersonal consequences of self-disclosure online and found that positive self-

disclosure produced positive feelings in the discloser and the exposed partner. Negative 

disclosure was also found to be similarly “contagious” (Bareket-Bojmel & Shahar, 2011). 

Mental Health in Computer-Mediated Communication 

Participation in online interactions, and positive self-disclosure has an uplifting 

emotional effect, and is evidence that our online behaviors can be the result of the need to 

feel empowered, especially for those who are suffering from challenging health 

conditions. This notion is supported by the Emotional Broadcaster Theory, which 

suggests that we depend on the cognizance of others for emotional recovery of our 

experiences (Harbor & Cohen, 2005). Thus, people have a compulsion to disclose 

emotional information to satisfy an intrapsychic need; talking about experiences makes 

hardships meaningful, and restores feelings of self-worth (Harbor & Cohen, 2005).   
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However, there are disempowering aspects of CMC that is important to mention 

here. Members of online support groups are often confronted by the negative side of their 

disease, including death, which can be difficult when a key social connection and support 

online passes away (Mo & Coulson, 2014; Uden-Kraan et al., 2008). Moreover, 

unfavorable behaviors typically considered deviant offline, have taken on normalized 

qualities online. For example, self-harm behaviors have been found to be normalizing in 

online forums (Smithson et al., 2011).  

Negative interactions have also been shown to promote negative behaviors. One 

study found that cyberbullying had a significant impact on self-harming, and the 

association between the bullying and self-harm was mediated by negative emotions (Hay 

& Meldrum, 2010). Additionally, there is some indication that specific platforms lend 

itself to more negative interactions. For example, the use of online discussion forums 

have been significantly associated with increased suicidal ideation, while use of social 

network sites have not (Dunlop, More, & Romer, 2011). In the same study, the use of 

forums was associated with feelings of hopelessness. And in another study, the internet 

was revealed as the originating source of exposure to suicide among youth, with 59% of 

participants saying they learned about suicide online (Dunlop, More, & Romer, 2011). 

Clearly, participation in computer-mediated platforms encourages both empowering and 

disempowering processes among individuals coping with a number of health conditions, 

and emotion is at the crux of these interactions.  
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What is Emotion?  

 

Fundamental to the human condition is the need to build a meaningful frame of 

reference for our experiences (Epstein 1989). In essence, we construct our own personal 

realities. Cognitive schemas are built based on our appraisals of experiences, and the 

perceived causality of those encounters, as well as the attributions about why events 

occur (McCann & Pearlman, 1990). These cognitive structures, or schemas, evolve over a 

lifespan, and are greatly impacted by relationships and social interactions (Piaget, 1971; 

Morris et al., 2007).  

When it comes to mental health illness, dysfunctional patterns have been 

described as suicidogenic cognitive structures (Tarrier, Gooding, Gregg, Johnson, & 

Drake, 2007), and suicide schema (Pratt, Gooding, Johnson, Taylor, & Tarrier, 2010), 

which are triggered by undesirable emotional stimuli. In research that explores the 

activation of suicide cognitions, an initial depressive state can directly trigger suicide 

cognitions, while subsequent and repeated depressed moods re-activate and build suicide 

schema to the extent of strengthening and elaborating the cognition and schema itself 

(Lau, Segal, & Williams, 2004; Williams, Barnhofer, Crane, & Beck, 2005). In essence, 

the repeated experience of negative emotions, and its tendency to activate and re-activate 

cognitions, is a substantial risk factor for suicidal behavior. Moreover, it contributes to 

the advancement of suicide from ideation to action.  

McCann and Perlmann (1990) assert exposure to trauma disrupts schemas that 

help us view our world. We can also experience disruptions in our personal schemas 

when we are exposed to individuals who have experienced traumatic events, much like 
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the vicarious traumatization felt among intimate partners of Veterans with PTSD 

(Dirkswager et al., 2005; Dekel et al., 2005), or the burnout contagion experienced by 

nurses in the ICU (Bakker et al., 2005). Sadly, aside from research on negative emotion’s 

influence on mental health conditions, there are few studies on the relationship between 

emotion, specifically, and the construction of cognitive schemas originating from the 

interactions in less-critical interpersonal relationships.  

Part of the problem is that there is yet to be a consensus on what emotion truly is. 

One way to view emotion is as an emotional episode, which is characterized as a 

“complex set of interrelated sub-events concerned with a specific object” (Russel & 

Barret, 1999, p. 806).  However, the sub-events, as well as the primacy of sub-events in 

an emotional experience are deeply contested. Social scientists have embraced affect 

(Russel & Barret, 1999; Zajonc, 1980), cognitions (Lazarus, 1982), and autonomic and 

endocrine response (Kagan, 2007; Suchy, 2011) as underlying mechanisms of emotion, 

arguing for each as separate as well as interdependent components.  

For the purpose of this dissertation, my investigation into social contagion is 

predicated under the assumption that individuals are experiencing an emotional episode 

when exposed to messages in CMC. Russel and Barret (1999) contend that emotional 

episodes can be broken down to its core constituents, which are comprised of co-

occurring elements to include a) core affect, b) behavior congruent with emotion, c) 

attention towards a stimulus, d) cognitive appraisals of meaning and stimulus 

implications, e) attribution of the origin of emotion evoking stimulus f) conscious 

experience of an emotion, and physiological changes in neural and endocrine activity.  
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Researchers continue to add to the understanding (and confusion) of emotion by 

investigating the functions, activation, and regulation of its different components. Yet, 

underlying all attempts to understand emotion is one key tenant: emotion occurs as a 

response to an eliciting object. According to Russel and Barret (1999), the object can be a 

person, event, or thing. It can be real or imagined, having existed at any point in the past, 

present, and future (Russel & Barret, 1999). In the emotional contagion literature, 

contagion transpires when the emotional properties or “essence” of a source object ensues 

through indirect or direct contact to a target (Morales and Fitzsimons, 2007; Nemeroff & 

Rozin, 1994). For the purpose of this dissertation, I contend the eliciting object can be a 

perceived violation, also considered to be a disruption of the schemas one would hold as 

significant to make sense of the world.  

This fundamental quality of an eliciting object distinguishes the notion of emotion 

from the terms core affect, and mood.  Core affect is described as a “neurophysiological 

state consciously accessible as a simple, primitive, non-reflective feeling” (Russel & 

Barrett, 2009, p.104). Core affects can be a part of a mood or an emotion.  Moods, on the 

other hand, are understood as affective states experienced in the long-term, and 

potentially having no particular stimulus. In essence, moods are global, not having an 

easily identified origin or cause (Frijda, 2009). Presently, the three concepts of emotion, 

affect, and mood have been used interchangeably to describe states such as happiness, 

fear, anxiety, sadness, and hope. As you can see, the body of scholarship aiming to 

explicate emotion is so broad that any proposed definition is unlikely to escape some 

disagreement.  
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According to the research, specific emotions or patterns of emotions, arise due to 

a diverse range of external variables, including message valence (Sontag, 2018), stress 

(Bakker et al., 2005; Ciarrochi et al., 2002), social support (Zhou et al., 2010; Uden-

Kraan et al., 2008; Namkoong et al., 2013) and social networks (Coviello et al., 2014; 

Davis & Pimpleton-Gray, 2017; Fowler & Christakis, 2008). Additionally emotions are 

dependent on any number of personal factors such as motivation (Yan, Dillard, & Shen, 

2012), or personality traits like self-criticism and experiential avoidance (Bareket-Bojmel 

& Schaufeli, 2005). Sadly, fundamental to all investigations into emotion is the 

ambiguous riddle- how can scientists truly know if a person is experiencing an emotion? 

In the absence of agreement in meaning, and for the purpose of gaining a deeper 

understanding of emotion and its contemporary conceptualizations, it is important to 

bring to light the historical evolution of emotion’s semantics, juxtaposed with modern-

day scholarship. 

Emotion as Passion. Philosophers in the age of antiquity contend emotions were 

“passions,” a violent force that could clash with reason (Augustine, 2006). The 

association between health and emotion may have been linked as early as in Greco-

Roman times, when Greek scholars held that passions were diseases of the soul, and 

individuals should aim to be free of them (Greenberg, 2016). Since Greek and Romans 

were concerned with the nature of society, an individual’s ability to restrain actions that 

might disrupt the community was applauded. Thus, controlling actions incited by bad 

passions were encouraged, while praiseworthy rational actions were celebrated. 

This conceptualization is not too far off from modern-day representations of 
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prolonged negative emotions as maladaptive. Psychological research indicates that an 

inability to adaptively cope with challenging emotions are related to depression, 

borderline personality disorder, eating disorders, substance abuse, and other 

psychopathological conditions (Berking & Wupperman, 2012). Furthermore, a study of 

life stress, emotional intelligence, and mental health among University students found 

that stress was associated with greater reports of depression, hopelessness, and suicidal 

ideation among people high in emotional perception (Ciarrochi, Deane, & Anderson, 

2002). In inadvertent support of Greco-Roman era attitudes, this modern study found that 

emotional intelligence (EI) moderated the relationship between stress and mental health, 

with EI measurements encompassing measurements of emotion management, emotion 

perception, and emotion utilization.  It appears emotionally perceptive people are 

impacted by stress more so than their less perceptive counterparts, and controlling 

emotions was key to addressing the mental health variables of depression, hopelessness, 

and suicidal ideation (Ciarrochi et al., 2002). 

Emotion and Cognition. Historically, emotions have also been linked to 

cognition. During the age of enlightenment, passions were increasingly characterized as 

“affections.” Philosopher Baruch Spinoza in his aim to bring in modern 

conceptualizations of the Self in relation to the universe, asserted that “the human mind 

does not know the human body itself, nor does it know that it exists, except through ideas 

of affections, by which the body is affected” (Greenberg, 2016, p. 38). Spinoza’s view 

brought into the forefront the prospect of emotions as part and parcel to mental processes, 

affections, from which concepts of the body and Self arose.   
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In 1982, psychologist Richard S. Lazarus declared cognitive appraisal was a 

necessary and sufficient condition for emotion (Lazarus, 1982). He championed the 

notion of cognitive appraisals giving rise to particular emotions. Moreover, “a full 

experience of emotion normally included three fused components: thoughts, actions, 

impulses, and somatic disturbances” (Lazarus, 1982, pg. 1019). Many theorists disagreed 

with his view of the primacy of cognition in emotional events. Zajonc (1980) criticized 

the disregard of affect in Lazarus’ model, arguing the importance of affective judgment as 

independent of, and preceding, actual cognitive encoding. Ultimately, the two scientists 

waged a semantic war in which Lazarus asserted Zajonc conflated cognitive appraisal 

with rationale, awareness, and deliberation (Lazarus, 1982).  

Throughout the review of literature, one of the ways the relationships between 

emotion and cognition have been characterized are as mutually exclusive variables, and 

specific emotions have been said to impact cognitive outcomes differently. In one study 

exploring the Elaboration Likelihood Model (ELM) and emotion, sad participants were 

persuaded by counterarguments when the strength of the argument was strong, indicating 

participants were engaging in issue-relevant thinking. In contrast, happy participants were 

persuaded by both strong and weak arguments (Bless, Bohner, & Schwartz, 1990).  

Specific emotions have also been found to work in unison with cognition. For 

example, in Psychological Reactance Theory, Brehm (1966) asserted when individuals 

face a threat to their freedom, they would be motivated to engage in behaviors to restore 

such freedom. However, reactance as a motivational state did not provide clarity as to 

how to measure the phenomenon. Frustrated with the ambiguity, Dillard and Shen (2005) 
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conducted experiments investigating exactly what variables might better explain 

“reactance” and found it best understood as an intertwinement of affective and cognitive 

variables, namely anger and counterargument. Rain (2013) later conducted path analysis 

of their findings and successfully validated Dillard and Shen’s model of Psychological 

Reactance. 

Emotion and Physiology. In addition to emotion’s interplay with cognition in the 

literature, there is a plethora of scientific research on emotion’s neurophysiological 

substrates. Many theorists believed human emotions to be a universally-shared 

characteristic with animals. Decades of research on aversion among rats equated to 

predict likely outcomes of human emotion (Kagan, 2007). Examples include present-day 

research on drugs and genetic polymorphisms that influenced animal response, namely 

mice, which have been found to have implications for human anxiety (Kagan, 2007).    

In fact, the modern-day studies investigating physiology and emotions were 

driven by Darwin’s observations of emotion and the continuity of human expressions 

with its similarity with animal involuntary muscle movement (Darwin, 1872). Darwin 

saw emotions, reflected by the facial expressions of man as an adaptive mechanism 

necessary for survival, much like the animal adaptive contrivances he studied. 

Interestingly, in the past few decades research has shown these adaptive mechanisms 

could be spread. Hatfield and Cacioppo (1994) argued that, “the sight of a face that is 

happy, loving, angry, sad, or fearful can cause the viewer to mimic elements of the face 

and consequently, to catch the others’ emotions,” giving rise to the concept of emotional 

contagion.  
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When it comes to the physiology of emotion, understanding human emotions 

through exploration of animal behavior was not the only springboard for human 

physiological research. Work exploring the primal nature of emotion goes as far back as 

Heraclitus who proposed that emotion could be measured by the amount of human 

perspiration and the body’s temperature (Arikha, 2007). Hippocrates extended this model 

to include the brain as essential to emotion, and further stressed the role of temperature as 

reflecting the state of the brain. As a result, Hippocrates proceeded to match variations of 

Heraclitus’s variables with specific emotions (Arikha, 2007).  

Physiologic responses have been studied similarly in recent history. During the 

early investigations of Expectancy Violation Theory (Burgoon, 1993) the dimension of 

arousal was comprised of both cognitive and physiological components (Burgoon, 1988). 

These prior studies explored autonomic (physiological) arousal by obtaining blood 

pressure, EEG, galvanic skin response, temperature and heart rate from participants and 

have shown that differing physiological manifestations are associated with different types 

of arousal (Grayson 1982). Today, the scholarship has yet to establish clear associations 

between physiological activity and specific emotions (Cacioppo, Klein, Bernston, & 

Hatfield, 1993; Suchy, 2011).  

Nevertheless, we do know there are certain human anatomical and physiological 

structures responsible for aspects of emotion. For example, in functional imaging studies 

emotionally loaded stimuli was found to activate the amygdala (Ohman, 2005; Suchy, 

2011). Likewise, a large swath of research reveals individuals with bilateral amygdalar 

damage fail to demonstrate normal physiological and cognitive response when exposed to 
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stimuli, such as emotional words and sentences, and scary or sad music (Berntson, 

Bechara, Damasio, Tanel, & Caccioppo, 2007; Adolphs, Baron-Cohen, & Tranel, 2002; 

Gosselin, Peretz, Johnsen, & Adolphs, 2007).  

Emotion and Motivation. As has been shown, emotion’s function as a 

provocateur of cognitive appraisals and physiologic effects, leading to action (and 

reaction), is abundant in the literature. Overall, studies have shown that people invariably 

respond in some way to emotion-evoking stimuli. Participants in one study exploring 

response time and emotion were exposed to pictures ranging from snakes, flowers, 

spiders, and mushrooms. They were shown a 3x3 matrix card configurations in which 8 

out of the 9 pictures belonged in the same category. Those whose one differentiating 

picture was a spider or snake were able to make judgments of categories faster than those 

who experienced flowers as their differentiating image (Ohman, Flykt, & Esteves, 2001). 

The response time was interpreted as greater motor readiness in association with emotion 

that could not be explained by greater attentional resources to the stimuli (Flykt & 

Caldara, 2006).  

Social scientists have long suggested emotions can motivate us towards a 

behavioral response. For example, fear appeal research is predicated under the 

assumption that fear promotes a drive-like state, where people become motivated to adopt 

behaviors in order to ease the unpleasant effects of the fear-provoking stimuli (Hovland, 

Janis, & Kelly, 1953; Witte, 1992). The Extended Parallel Process Model (EPPM) 

suggests that the persuasive outcomes of fear appeal messages and the activation of 

danger control or fear control processes is a function of the degree of perceived threat and 
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efficacy (Witte, 1992). Thus, emotions such as fear are suggested to act as a protective 

mechanism from a perceived threat, and henceforth triggers within us purposeful control 

processing.  

Despite EPPM being a promising model, no research to date captures fear’s effect 

on decision-making or action (Nabi, 2015), or intention and action (O’Keefe, 2016). 

Moreover, there are glaring problems in EPPM research. In the message construction of 

fear appeals, scientists argue there are two messages created targeting multiple emotions: 

one posited to heighten threat (or fear), and another posited to elicit protective adaptation. 

In essence, as has been mentioned in the emotion scholarship, fear appeals is not just 

about fear itself, it’s a combination of fear and relief, or fear and hope (Nabi, 2015). In 

fact, in prior studies, fear appeals have been found to invoke at least two emotions, yet 

scholars typically only measure one (Dillard & Shen, 2005).  

As a way forward in emotion research, Nabi (2015) proposes that we should study 

emotional shifts, also called emotional flow. These sequences in emotional experiences 

may add value to existing scholarship. This dissertation undertakes Nabi’s 

recommendation of emotional shift research by investigating whether narratives that are 

crafted with evocative emotional sequences, or emotional shifts, can lead to patterns in 

CMC behavioral responses.  

Components of Emotion. In an attempt to sharpen the understanding of emotion, 

Izard (2010) surveyed distinguished emotion scientists about the nature of emotions. 

While no one definition of emotion could be reached, Izard identified six broad and 

relatively distinct functions of emotions. In summary, emotion can help us: a) focus 
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attention and direct responses, b) motivate cognition and action, c) increase (or decrease) 

the salience and value of an event, d) contribute to behavior and emotion regulation, e) 

acts as social signal, and a neural workspace (Izard, 2010). Based on these functions, 

particularly emotional regulation and the role of emotion as a social signal, it is not 

inconceivable to imagine emotions, as Izard has compiled, influencing CMC engagement.  

Dimensional versus Discrete Emotions. Thus far, I have discussed the 

complexity of exploring emotion under what is considered the dimensional approach. 

Typically, a dimensional point of view asserts emotion as a motivational state 

characterized by two affective dimensions of arousal and valence (Nabi, 2010). In this 

dissertation, EVT addresses the dimensional model of emotion by exploring patterns in 

valence and arousal of message factors. Research, however, suggests that having merely 

two dimensions are insufficient to capture the nature of emotional episodes (Fontaine, 

Scherer, Roesch, & Ellsworh, 2007).  

Another significant model of investigating emotions found in the scholarship is to 

view affect as a basic or “natural” experience, also known as discrete emotions (Barrett, 

Gendron, & Huang, 2009; Harris & Isaacowitz, 2015; Nabi, 2010). Under this basic 

model approach, “Each discrete emotion triggers a set of evolutionarily derived 

biological responses” (Harris & Isaacowitz, 2015, p. 461).  For example, an emotionally 

evocative message can initiate a cascade of autonomic nervous system, neuroendocrine, 

and behavioral outcomes specific to the emotion. In essence, the processual response of 

an emotion-eliciting stimulus activates patterns of physiological and behavioral outcomes 

that occurs rapidly and without conscious awareness.  
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The discrete emotions approach is pervasive in appraisal theories of emotion, in 

which the underlying assumption is that the environment is either at odds or supportive of 

individual goals, and the corresponding emotions arise as a result of the signal value of 

the person-environment relationship (Dillard & Shen, 2006). Likewise, an underlying 

premise of the model is that affect is an evolutionary mechanism leading to an action 

tendency, and such tendencies lead to forms of engagement or withdrawal (Dillard & 

Shen, 2006). As an example, we can see this model play out in fear appeals research in 

which messages can lead to danger control or fear control motivated behaviors (Witte, 

1992).  

Communication scholars argue the need to study discrete emotions, as well as 

dimensions of emotions, because it allows for more precise prediction of outcomes in 

association with the emotional message (Nabi, 2010). To account for the variability of 

discrete emotions, scholars additionally assert that the relationship between affect and 

action is context dependent warning researchers that, “it is essential to remain cognizant 

of various contextual factors such as setting, message topic, and response options” 

(Dillard & Shen, 2006, pg. 328). Thus, this dissertation limits its finding to the context of 

mental health experiences, and communication in computer-mediated settings.  

Social Contagion and Social Media 

 

According to the literature, emotions can influence CMC behaviors, and specific 

CMC behaviors can impact our wellbeing. In a study analyzing tweets using prior 

aggregated data, negative tweets were found to follow an over exposure of negative 

stimuli (Ferrara & Yang, 2015). Exogenous variables, such as rainfall, can also influence 
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our emotions and yield more positive or negative posts on Facebook (Coviello et al., 

2014). Coviello and colleagues (2014) found that a rainy day decreases the number of 

positive posts by 1.19% and increases negative posts by 1.16%. Upon further analysis, 

they also found evidence of contagion in which one positive post yielded an additional 

1.75 posts, while each negative yielded an additional 1.29 negative post. According to the 

researchers, emotions permeate through online social networks to generate large-scale 

synchrony, or clusters of happy or unhappy groups (Coviello et al., 2014). The synchrony 

is largely due to the technologies available on the webs that provide greater avenues for 

people to express themselves and spread information.  

CMC behaviors also have the effect of influencing our emotions and well-being. 

Specific social media behaviors have been known to influence loneliness. Deters and 

Mehl (Deters & Mehl, 2012) conducted an online experiment, and tested whether 

individuals who increased Facebook status updates over seven days would experience 

less loneliness. They speculated that the effect of the experiments reflected how 

“connected and in touch one feels to friends on a daily basis” (Deters & Mehl, 2012, p. 

580). As expected, the social network experiment reduced loneliness for those who 

updated their status more. Surprisingly, direct social feedback, such as likes and 

comments, were not necessary for the positive social effects to arise, supporting the fact 

that expression and participation, as demonstrated by active social media behaviors, can 

improve wellbeing.  

Overall, positive emotions have been shown to be more contagious than negative 

emotions (Coviello et al., 2014; Davis & Pimpleton-Gray, 2017). Davis and Pimpleton-
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Gray (2017) explored the influence of Facebook friends’ posting on mental health. 

Results showed Facebook had an effect on anxiety and depression, but had a greater 

effect on happiness. Approximately 22 percent of participants felt depressed when 

Facebook friends posted depressing comments, as opposed to an estimated 57 percent 

stated feeling happy when friends posted uplifting or happy comments (Davis & 

Pimpleton-Gray, 2017).  

Studies have additionally indicated that communities form networks that display 

complex and adaptive collective behaviors, including collective mood states (Chistakis, 

2004; Fowler & Christakis, 2008). A longitudinal analysis of the Framingham Heart 

Cohort Study captured the effect of social ties on happiness across generations. The 

researchers concluded that happiness depended on the happiness of other people that 

individuals are connected to (Fowler & Christakis, 2008). Thus, individual happiness 

differs based on whether an individual’s social network is found to be happy. Moreover, 

the spread of happiness was found to reach up to three degrees of separation (Fowler & 

Christakis, 2008). Likewise, research illustrates that positive moods are highly correlated 

with social people, and can stimulate pro-social behavior (De Choudhury, Counts, & 

Gamon, 2012). 

The findings that happiness is a function of not only the individual choice, but 

also the social network connected to a person, can be extended to online social networks. 

Bollen and Colleagues (2011) explored the subjective wellbeing of Twitter users by 

reviewing a 6-month record of individual tweets. They found that general happiness, or 

subjective wellbeing, is assortative across networks, meaning that people clearly seek 
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meaningful connections to others with similar characteristics (Bollen, Goncalves, Ruan, 

& Mao, 2011). In their study they found that Twitter users who had similar characteristics 

connected to each other at the level of subjective wellbeing and such connections have 

implications for how positive and negative sentiments might be diffused or maintained 

through online networks.  

Bollen and colleagues further speculate that the assortative mixing could happen 

due to two potential processes: homophilic attachment, or contagion (Bollen et al., 2011). 

Homophily is a reflection of individual preference to engage in relations with others who 

share like characteristics. Thus, in homophilic attachment, generally happy Twitter users 

have a tendency to connect to other happy Twitter users. Homophily suggests that people 

may control their subjective wellbeing by selecting the same birds of a feather to flock 

together, while new connections are biased towards others with similar wellbeing 

tendencies. This concept is supported in CMC literature, specifically in the maintenance 

of relationships online. A study by Craig and Wright (Craig & Wright, 2012) indicated 

that a Facebook partner with similar attitudes influenced the perceived friendliness and 

likeability of a Facebook partner, and the greater the levels of social attraction, the greater 

the depth and breadth of self-disclosure online. Thus, attitude similarity was a significant 

predictor of social attraction, and greatly impacts the degree of disclosure we engage in 

(Craig & Wright, 2012).  

Increasingly, research indicates that social sharing is not just a function of social 

support, but is the result of transferring emotionally arousing information across networks 

(Harbor & Cohen, 2005). The Emotional Broadcaster theory can be one way to 
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understand at the phenomenon of self-disclosure online and the manner that emotion can 

be transmitted in online interactions. In EBT, emotional disclosure forms a process of 

unburdening in which individuals fulfill an intrapsychic need by disclosing emotional 

information across their social network (Harbor & Cohen, 2005). EBT theory posits that 

the greater the reporting of emotional information, the greater the emotional release for 

an individual, and the more intense the emotional information by the sender, the wider 

the spread of messages (Harbor & Cohen, 2005).  

Emotion’s impact on the diffusion of information online has been supported in 

studies of virality in news information. A study by Berger and Milkman (2012), 

investigating the sharing of New York Times articles via email, found that valence alone 

is not the only variable that leads to virality. While the results in their study supported 

prior research indicating that positive content (awe inspiring) is more contagious, and 

also found negative content (sadness inducing) to be less contagious, they also discovered 

high arousal articles were more viral, including articles that elicited anger. Thus, while 

sadness hindered transmission, anger and anxiety were associated with more virality, and 

a greater likelihood to share news via email communication. Moreover, participants 

stated they would be more likely to share information when it induced amusement 

(Berger & Milkman, 2012).  

Henceforth, attitude similarity, social attraction, arousal, and the need to lift 

emotional burdens are obviously important precipitants of the spread of information 

across online networks, but no theoretical guidance, thus far, has been found to account 

for all of these attributes at one go. To add to the complication, one study revealed that 
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most information diffusion on Facebook was driven from exposure of individual weak 

ties (Bakshy et al., 2012). Facebook researchers tested the role of social network ties on 

information diffusion via a large-scale field experiment and found despite stronger ties 

being influential at the individual level, weak ties were accountable for the transmission 

of novel information, supporting the concept that simple contagion occurs in CMC due to 

mere exposure of information (Bakshy et al., 2012).  

The Power of Emotionally Evocative Narratives 

 

One of the ways emotions have been transmitted successfully is through the 

power of narratives. Hearing and telling stories are a way to reframe personal experiences 

around a positive personal narrative and social identity (Somers, 1994). Across the 

literature the act of storytelling has been found to greatly benefit individuals who 

experience stigmatizing and traumatic events. Narrative storytelling among women 

experiencing gender-based violence in Afghanistan, for example, revealed sharing stories 

provide positive emotional support by creating a space for a hoped future (Mannell, 

Ahmad, & Ahmad, 2018).  

In a study exploring lymphoma storylines in television drama, Murphy, Frank, 

Chatterjee, and Baexconde-Garbanati (2013) found that transportation or involvement 

with a narrative was the best predictor of change in relevant knowledge, attitudes, and 

behavior. Moreover, character involvement heightened transportation and emotion. Thus, 

narratives are regarded as persuasive communication tools by means of character 

involvement (Nabi & Green, 2014; Coplan, 2004). Empirical research reveals that readers 

engage in a story by taking up the point of view of the characters, particularly the 
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protagonist (Coplan, 2004). By doing so, receivers of narratives process information from 

the standpoint of the main characters. This process is often referred to as “perspective 

taking” (Coplan, 2004). Thus, people exposed to narratives will experience empathy 

when they deeply engage with the story, and they learn to process the emotional 

implications of the narrative through the eyes of the characters.  

This empathy is found to unlock a psychological perspective that involves both 

cognition and emotion. Yet, empathy is not to be confused with emotional contagion.  

Emotional contagion does initiate cognitive and affective processes as well. However, in 

empathy an individual retains the notion of the self in relation to the story, in emotional 

contagion there is a boundary confusion in which there is a lack of self-other 

differentiation (Coplan, 2004).  In essence, feelings can be blurred, and emotions are felt 

as one’s own when contagion occurs. When narratives result in the social contagion of 

emotion, the emotional arousal can prompt a desire to communicate and interact with the 

story in order to resolve the emotional confusion (Harbor & Cohen, 2005). Consequently, 

individuals enact social sharing behaviors, such as emailing, or instant messaging, as a 

way to release the emotional tension (Harbor & Cohen, 2005).  

According to Nabi and Green (2015), a narrative’s emotional flow can be a key 

motivating force leading to attention. Nabi and Green further explain that attention can 

sustain narrative transportation and engagement throughout a story. Thus, immersion in a 

narrative enhances its persuasive potential, and the outcomes of emotional shifts created 

by the story can impact post-message engagement. Further, messages with emotional 

shifts are found to outperform single valence messages, while complex emotion-evoking 
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narratives have the power to change attitudes, beliefs, and behaviors (Nabi & Green, 

2014). An effectively persuasive narrative has implications for mental health research. If 

the emotionality of a message is associated with successful diffusion, as is found in the 

present scholarship, then emotionally evocative narratives will prompt beneficial post-

message behaviors such as information seeking, and social sharing.  

Crafting messages that contain evocative emotional shifts can be applied in persuasion 

research . In CMC especially, narratives are available in a multitude of channels 

including blogs, YouTube videos, Snapchat stories, Instagram, and Facebook feeds. The 

opportunities are endless to infuse persuasive elements into features found in these CMC 

tools. Moreover, Nabi (2003) asserted that emotions can act as frames that are used by 

individuals to interpret the world around them and to deny this variable in burgeoning 

CMC research is to disregard a very important piece of the health communication impact.   

Encoding and Decoding 

Messages travel, and how we interpret and translate stories (also known as 

encoding and decoding), influences our post-message behaviors. To explain the important 

ways encoding and decoding processes can influence computer-mediated sharing of 

mental health messages, and promote emotional contagion, it is first necessary to discuss 

the scholarship related to the essential components of information processing. In this 

section, I will first speak to the literature on encoding and decoding. Next, I will then 

illustrate factors and processes that can be examined in online communication, 

specifically under the purview of emotion as information. Subsequently, I will explain 

why it is important to investigate emotion’s role in communication within the online 
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context, which may allow us to better understand the way online communicators encode 

and decode, and are susceptible to social contagion. In the next chapter, I will propose a 

theoretical model utilizing EBT, EVT and ELM to guide us in investigating the processes 

of emotional contagion.  

 Encoding is concerned with the process of creating messages that are then 

transmitted to a receiver of the message. Typically, this involves any number of verbal 

and non-verbal signals governed by codes that generally guide the way people 

communicate. Decoding is the process of message interpretation wherein verbal and 

nonverbal transmissions undergo a procedure of translation. Both encoding and decoding 

are vital components of communication. Multiple theories have been proposed to provide 

an overarching view of communication. Earlier works have omitted these two important 

components however. For example, the most simplified model, the transmission model of 

communication (Shannon & Weaver, 1948), depicts communication as starting with a 

source transmitting messages, that is then sent via a channel to a receiver who 

deconstructs the message. However, numerous critiques of this model assert that such a 

linear manner of communication did not consider the receiver processes, and completely 

omitted influences such as power relations, culture, and differing interpretations 

(Chandler, 2002).  

As a result of continuous criticisms that the model of communication was not 

complete, Schramm (1954) emphasized the need to regard economic, social, and political 

evolution as changes in communication structure. Bringing social complexity to the 

communication framework places encoding and decoding at the center of how and why 
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we interact. It explains why variables shaped by personal experiences, culture, 

socioeconomic status, and social norms can be the lens by which messages are crafted 

and interpreted. Barnlund (1962) extended the framework by advancing the transactional 

model of communication wherein communication involved the sender and the receiver 

developing a shared meaning of the messages together. No longer was communication 

thought of as linear, but the responsibility of both the sender and receiver, with encoding 

and decoding at the crux of the interaction, as communicators and communicated 

undergo interpersonal and intrapersonal processes. Thus, communication can be 

understood currently as an amalgamation inclusive of the processes of information 

creation, transmission, and reception, as well as the product of social interaction. 

Emotion as Information. A growing body of scholarship has grown over the past 

two decades to demonstrate feelings as experiential “sources of information assigned an 

important role to the subjective experiences that accompany the thought processes” 

(Schwarz & Clore, 2003). Schwarz and Clore (2003) assert that emotions inform about 

the source, and feelings are embodied information linked to an individual’s immediate 

concerns. This line of thinking establishes emotions, affects, and moods as a form of 

information, and subjective experiences as sources of information that must be placed 

within an information-processing paradigm.  

For this dissertation, it is important to view emotion as information that is subject 

to identification by researchers replete with properties of encoding, decoding, and 

transmission. Encoding includes the expression of emotions, and communicators often 

incorporate emotions in a message, such as was done in the narratives explored here. 
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Typically, emotions are expressed via verbal and nonverbal cues. Verbal cues include 

words such as sad, happy, anxious, and angry. Nonverbal cues consist of facial gestures, 

stance, and body posture that confirm or disconfirm verbal expressions. Much like all 

other types of communication, emotion is transmitted through any number of media 

channels, including CMC. Receivers, who interpret emotional messages online, may then 

experience emotional episodes upon exposure.  

Emotion as a type of information has been studied in CMC and computational 

linguistics, and has been shown to help understand mental health behaviors. Online 

narratives found in blogs and forums have been shown to reflect the authors’ mental 

health risks, for example. Ren, Kang, and Quan (2016) examined accumulated emotional 

traits in blogs, characterized by emotional texts and topics from blogger’s daily writing. 

They found that traits of accumulation covariance, and emotion transition, are predictive 

of suicidal behaviors. In Public Health, lexical and semantic features of language have 

also been found to be an adequate way to predict suicide risks. For example, suicide risks 

for poets can be detected through the analysis of their poetry (Stirman & Pennebaker, 

2001). 

Encoding and Decoding in Media Research. Encoding and decoding plays a 

pivotal role in influencing the communication process, and especially so when 

investigating media channels. Hall (1973) characterized encoding and decoding as 

determinate moments in television and asserted that audience members were active 

participants in the communication process because of the reliance on their own social 

context to interpret messages and their capability of organizing themselves through 
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collective social action as a response to information. Hall’s approach led communication 

researchers to understand conditions for the production and circulation of meaning on 

television and other main sources of news. However, more recently, social media has 

become the space where meaningfulness is managed in increasingly complex ways and 

research has alluded to the fact that computer-mediated communication can blur the 

meaning of social phenomenon typically ascribed in face-to-face situations. For example, 

computer mediated communication has been found to distort the perceived consequences 

of shame (Skoric, Chua, Liew, Wong, & Yeo, 2010).  

In general, the features of the digital world have changed the way we 

communicate, offering the opportunity to establish and maintain relationships and 

extended networks while delivering and receiving messages in real-time, two-way 

platforms. By studying the encoding and decoding of emotion as information, researchers 

can shed light on online behaviors such as online bullying and shaming, virality, blogging 

effects, normative interactions (also known as netiquette), and social network information 

diffusion. The online space is especially interesting for communication researchers 

because of the variety of outcomes that can be surmised, promoted by sharing behaviors 

such as e-mailing, likes, comments, sharing on feeds and social media, and participation 

in discussion forums.  

Unfortunately, there is a dearth of research that addresses the antecedents to CMC 

behaviors (e.g. intentions, beliefs, attitudes, etc). For example, a systematic review of the 

literature by Teng, Khong, and Goh (2015) focusing on the utilization of five attitude-

behavior theories of Social Judgment Theory, Cognitive Dissonance, Elaboration 
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Likelihood Model, and Heuristic-Systematic models, and the Theory of Planned Behavior 

resulted in only 50 applications of the theories in a social media context from 2006 

through 2014. While the Elaboration Likelihood model held the most robust spot (n = 

26), Cognitive Dissonance came in at a paltry zero applications.  

Encoding and Decoding in CMC. Studying the encoding and decoding of 

emotion in online communication is important for many reasons but I will highlight three. 

First, interactions online can reflect our own offline social expectations and the meaning 

attributed to our events and actions. However, there is some indication that perceived 

social variables (e.g. emotion, efficacy, outcomes, etc.) become blurred in a digital 

environment. Research focused on encoding and decoding can provide clarity 

surrounding the distortive property. Next, the features of online communication facilitate 

and extends our communication ability, our organizing power if you will, and our 

potential to reach our communicative goals, whether it is to persuade others towards 

better mental health or inspire social movements. Learning more about encoding and 

decoding in this space can shed light on our communication reach in a complex digital 

world.  

Lastly, the importance of studying emotion in CMC is practical, in that studying 

encoding and decoding of emotion can help us understand the features and mechanisms 

of mental health narratives that can lead to particular intentions, behaviors, and actions. 

For example, understanding aspects of decoding mental health narratives, specifically, 

can shed light on the features of stories that can be beneficial and tailored to the needs of 

those suffering from anxiety and depression, and thus lead to positive wellbeing and 
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behavioral change. In the next section, I will discuss these three reasons and provide 

examples of research application to understand encoding and decoding of emotions in 

CMC.  

Emotion and Distortion in CMC. Many studies have examined how online 

interactions reflect offline norms indicating that our normative values permeate through 

all our social spaces, digital or otherwise. An online soap opera discussion group study by 

Baym (1998) found that offline norms translated into online rules and standards that, 

when violated, led to reprimands by the users. Along the same vein, Martey and Stromer-

Galley (2007) study of interaction in the online Sims platform found that behavioral 

interactions reflected offline expectations of politeness.  

However, despite the proclivity to assume offline expectations extend to online 

space, there appears to be a distortive quality to computer-mediated communication. 

Skoric and colleagues (2010) found that people perceived outcomes of shame-based 

messages online differently from outcomes of shaming done offline despite many studies 

indicating otherwise (Cheung, 2014). Studies in guilt appeals have found that the more 

explicit the guilt appeals the more guilt was experienced, but it did not necessarily lead to 

persuasive outcomes in media-based studies like it would in face-to-face communication 

(O’Keefe, 2002). In contrast, studies of interpersonal (face-to-face) transgression suggest 

that people are significantly more likely to comply with the advocated position when 

exposed to guilt appeals. What the research has revealed is that in media-based research, 

the increase in guilt for instance, did not translate to more attitude change and some 

participants encountered emotions such as anger, which spurred defensive responses.  
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Nabi (2015) asserted that this could be due to the interpersonal distance that is 

characteristic of media studies as opposed to face-to-face communication. This 

interpersonal distance experienced by online communicators can be implicated in 

influencing any number of computer-mediated behaviors and thus communication 

researchers cannot assume that messages that work offline can work online as well. 

Consequently, researchers must consider that effective communicators must encode and 

decode information differently in CMC than in face-to-face communication. 

Moreover, Macnamara (2010) observed that online content is not centrally located 

and is triggered by the self-organizing principles of communities. Unlike in offline 

interactions, these features allow online communicators to organize and disseminate 

information that is not held to a geographical boundary. It also allows communicators to 

target specific groups, allowing messages to be tailored to a particular audience. Thus, 

better understanding of the encoding and decoding properties that prompt communication 

dissemination, such as those variables leading to virality or increased engagement, can 

shed light on groupthink, or civil unrest and civic engagement.  

Likewise, the organizing features of the online channel (creating Facebook 

groups, calendar sharing, online discussion forums, etc.) have been the tools to deliver 

campaigns related to the Arab Spring, the Syrian Refugee Crisis, and the Ice Bucket 

Challenge. Thus, the capability of people to organize and participate in group activities is 

an aspect of CMC research that has huge potential, and especially in the investigation of 

emotions and its movement through online social networks. In general, as communication 

scholars we can ask such overarching research questions as “What events are occurring 
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that influence the way people are feeling, organizing and disseminating information 

online? What symbols and signs represent particular grievances? And how are people 

interpreting these messages and the emotional episode associated with it? Moreover, do 

the decoding properties of emotion influence our online behaviors and lead to sharing or 

crafting messages a certain way?  
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CHAPTER THREE: THEORY 

 

 

 

A plethora of communication theories can be applied in the CMC context to 

understand the socially contagious phenomenon of mental health messages. However, it’s 

important to integrate multiple theories to produce an overarching framework on the role 

encoding and decoding play among online communicators, especially due to the 

complexity of the digital space. The reasonable integration of multiple theories can 

provide a comprehensive picture for understanding social contagion and the emotion 

message features that influence social media response behaviors. 

The Emotional Broadcaster Theory of Social Sharing (EBT) 

 

 This dissertation primarily advances  EBT as principal guidance to investigate 

mental health narratives. Particularly, EBT can explain the “why” of social media 

response behaviors. As previously mentioned, EBT posits that individuals generally 

depend on others for emotional recovery of important experiences (Harbor & Cohen, 

2005). As a result, people broadcast information to satisfy intrapsychic needs that restore 

self-worth, and provide meaning to these significant and sometimes difficult experiences. 

This process of emotional unburdening leads to the sharing of information across social 

networks. Harbor and Cohen (2005, p. 383) propose EBT has four basic tenets:  
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“a) people who have experienced major events are emotionally compelled to 

communicate their experiences, b) disclosures are more therapeutic when they 

succeed as reportage, c) emotionally motivated disclosures often contain 

important information for listeners, and d) the potency of tellers’ own emotional 

experience will predict how far stories travel across their social networks.”  

Simply put, the wider the spread of emotional information in a social network, the more 

therapeutic the effects are to the individuals who are sharing them.  

This particular theory is important in the dissertation because it underlines the 

concept of emotional arousal as an impetus for contagion of information through social 

media response behaviors like comments, use of emojis, and shares. In the case of those 

experiencing mental health and chronic diseases, there is a healing quality in interacting 

through social media discourse. Moreover, EBT explains the intensity of the emotion in a 

message will influence how far-reaching the online messaging can go, indicating that 

emotional arousal is a critical component to the engagement with, and spread of, 

information. Additionally, EBT suggests that social support is not the only motivation for 

sharing information online, and that emotion is both the activator and the key player in 

the encoding, decoding, and transmission process.  

Expectancy Violations Theory (EVT)  

I specifically utilize Expectancy Violations Theory (Burgoon, 1993) to explore 

violations and its influence in CMC. In conjunction with EBT and ELM, EVT can 

explain the process, the “how” of social media response behaviors triggered by emotional 

pressure. Though this particular theory does not expressly focus on affect or emotion, the 
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theory’s dimensions of expectancy violation, arousal, and interpretation are key 

components that parallel the tenants of EBT. In EVT, expectancies are thought of to be 

enduring patterns of anticipated behaviors (Burgoon, 1993). These expectancies can be 

violated along any number of factors including communicator, relational, and contextual, 

all of which can be found in emotionally evocative mental health messages found online.  

Much like cognitions and schema expressly studied in psychology, in 

Communication studies, expectancies in EVT are said to act as framing devices by which 

we interpret the world around us. These expectancies shape the behaviors we might 

typically accept in any given event or situation. The strength of EVT lies in the 

parsimonious nature of its processes. Simply stated, a person might be exposed to 

violations in mental health narratives, become aroused by the emotional experiences 

shared in the story, and proceed to interpret the message factors and violation, thereby 

responding and sharing accordingly to resolve emotional tensions. One way to think of 

this process is through an example in health communication. A physician can violate the 

expectations of a patient, by exhibiting poor and unfriendly verbal and nonverbal 

behaviors. As a result, there is risk that a patient will get angry, lose trust, and not comply 

with the treatment regimen recommended. This dynamic can also be true in interpersonal 

interactions online, regarding any type of violations committed by interpersonal actors 

discussed in the mental health messages.  

This dissertation study proposed that when expectancy is violated, such as when 

an individual is exposed to online mental health messages, and such communication 

further contains robust violations of  personal schemas, an individual will experience 
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heightened arousal. The heightened arousal increases scrutiny of the violation and then 

leads to an interpretation stage where violation valence, importance and expectedness are 

appraised. In this stage, an individual undergoes cognitive and affective processes in the 

interpretation of violation valence, which is the degree to which the violation exceeds 

expectations (positive valence) or does not meet expectations (negative valence). Further, 

violation importance is examined, which refers to the salience of the topic. Lastly, 

violation expectedness is determined, which is concerned with the degree of surprise a 

person might feel. After the interpretation stage, a person then proceeds to specific online 

response behaviors as a result of the communication they were exposed to.  

Arousal and Emotion in EVT. The aspect of EVT that is especially pertinent to 

this study of emotion, is the arousal component. The earlier conceptualization of arousal 

in EVT was primarily comprised of cognitive and physiological components (Burgoon, 

1988). In early studies, physiological measures of temperature, heart rate, ECG, and 

blood pressure were utilized to determine arousal and these findings were wide and 

varied. Such measures fell away as there was not one clear indication of what aspects of 

physiology lead to which communication outcome. However, Burgoon asserted that 

while physiological arousal, alertness, or cognitive activation are good ways to address 

this aspect of EVT, there is an emotional component that is critical to the theory. This 

emotional component has not yet been clarified in the literature, as far as I have found. 

This dissertation study has the secondary purpose of understanding the role of emotion in 

EVT, and will additionally aim to contribute to the theoretical expansion of EVT in the 

scholarship.  
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Overall, EVT is the appropriate theory to address the process of online social 

contagion because it allows for the exploration of violated expectedness, arousal, and 

interpretation valence one may experience when exposed to an emotionally evocative 

provocation online. Despite EVT’s parsimonious nature, I admit that it will likely not 

provide us with a comprehensive explanation of the mechanisms underlying contagion in 

CMC. For that very reason, I argue the need to integrate EVT with another theoretical 

perspective so that we can better understand the nature of contagious phenomenon 

experienced internally, and the role of specific emotions in influencing CMC response 

behaviors. As stated previously, EVT can provide guidance as to the mechanisms moving 

emotion into a state of contagion, under the greater umbrella that is EBT. However, the 

theory cannot entirely provide us with the model to discover the internal mechanisms 

individuals may experience as a result of emotionally evocative stimuli. Thus, I 

additionally employed the Elaboration Likelihood Model as guidance to explore the 

cognitive appraisals associated with discrete emotions.   

Elaboration Likelihood Model (ELM) 

A theoretical framework that can shed light on the differing influential factors 

associated with specific discrete emotional episodes experienced in CMC is the 

Elaboration Likelihood Model. ELM posits that the nature of persuasion, and thus 

attitude change, depends on the likelihood that a receiver will engage in the elaboration 

of the information relevant to an issue (Petty & Cacciopo, 1986). In ELM, elaboration of 

information is accomplished through two routes, the central and peripheral route. An 

individual who engages in extensive issue-relevant thinking is said to be applying central 
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route processing of information thereby making relatively deeper cognitive effort to 

evaluate messaging. In contrast, when elaboration of issues are low, an individual will 

engage in peripheral route processing where quick decision rules, such as heuristic 

principles, are used (O’Keefe, 2016). Moreover, attitude change resulting from central 

processing is said to lead to persistent attitude change (Haugtvedt & Petty, 1989) that is 

more predictive of subsequent behavior (Petty & Cacciopo, 1983). In contrast, attitude 

changes resulting from the use of the peripheral route is suggested to be not as predictive 

of subsequent behavior, and short-lived in nature (Petty & Cacciopo, 1983).  

As has been discussed in a review of the literature, cognitive processes and affect 

appear to be a necessary pre-requisite for emotional episodes, though there remains 

debate on which act as antecedents. Some appraisal theories of discrete emotion regard 

cognitive appraisal as triggers to biological and emotional responses characterized by 

behavioral or physical outputs, thereby forming an action tendency (Harris & Isaacowitz, 

2015).  However, there is some argument that these action tendencies are loosely 

coordinated and are heavily reliant on context to come into being (Dillard & Shen, 2006; 

Harris & Isaacowitz, 2015). Thus, current models of emotion should involve the 

dimensional and discrete emotions approach to investigate emotional experiences, 

alongside cognitive appraisals. Likewise, since emotions are contextually impacted, 

investigating the cognitive appraisals of setting (CMC) and messaging (in this case 

mental health messages) will allow for a comprehensive view of emotion’s role in 

decoding, encoding, and transmitting emotion and information in CMC.   

Emotion and ELM. Research in ELM typically places emotion under the 
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umbrella of peripheral route processing. Persuasion scholarship suggests affect is a 

mediating variable of elaboration likelihood (Kitchen, Kerr, Schultz, McColl, and Pals, 

2014).  However, Petty and colleagues (2003) have clarified emotion’s role in ELM by 

advancing affect as situational, with instances of high elaboration likelihood associated 

with greater scrutiny of feelings. One particular study on ELM and emotion supports this 

broader influence. Sad participants were persuaded by counterarguments when the 

strength of the argument was strong, suggesting sad participants were engaging in issue-

relevant thinking and central processing. In contrast, happy participants were persuaded 

by both strong and weak arguments (Bless, Bohner, & Schwartz, 1990).  

Unfortunately, current literature still views affect as being associated primarily 

with the peripheral route (Kitchen et al, 2014; Miller et al., 2009;). Morris, Woo, and 

Singh (2005) argue the lack of support for affect having a wider reach in processing, as 

described by ELM, is due to the key principle of the model recognizing cognition as a 

primary factor leading to attitude change. This notion is strangely ironic given that 

attitude, by definition, has been described as positive or negative feelings about an object, 

issue, or person (Petty & Cacciopo, 1996). Thus, Morris and colleagues advance the 

notion that cognitions must have an emotional core (Morris et al., 2005), an argument 

that parallel’s the intertwinement of affect and cognition in EBT. Overall, emotion’s 

place in the ELM framework continues to be contentious and unclear, and is a major gap 

in the extant scholarship. Due to the inherent debate over emotion’s role in ELM, this 

dissertation study has an additional purpose of investigating the role of emotion in social 
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media response behaviors, with social media response signifying varying degrees of 

cognitive processing.  

Social Media Response Behaviors and ELM. The influence of narrative 

violation and emotion features on post-message response behaviors are investigated in 

the dissertation and are represented by the total number of shares, comments, and the 

accumulated counts of all six emoji reaction options: like, love, haha, wow, sad, and 

angry associated with each post and narrative. Advanced in the literature is the idea that 

social media behaviors and interactions result from differing cognitive efforts (Kim & 

Yang, 2017; Cho et al, 2014). For example, in a study of Facebook posts of multiple 

organizations, Kim and Yang (2017) found relationships between cognitive and affect-

related message features and the three main Facebook responses. In their research, likes 

were affectively triggered by messages that elicited all the five senses. Furthermore, 

rational and logical information was associated with comments, while sensory strategies 

alongside visual features such as photos and videos, prompted more sharing (Kim and 

Yang, 2017). Kim and Yang (2017) assert that patterns of cognitive and affective 

processing do in fact influence social media response behaviors. 

Likewise, based on a study to understand consumer motivation behind online 

engagement, Mutinga, Moorman, and Smit (2011) developed consumer behavior 

typologies to classify three online interaction types: consuming, contributing, and 

creating. In their study, the motivations behind engagement suggested a cognitive 

hierarchy by which the act of consuming represented the minimum level of participation, 

while contributing required further involvement in user-to-user interactions. Moreover, 
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creating was considered the most active form of participation (Mutinga et al, 2011). Such 

research implicates the application of ELM when studying social media in that cognitive 

effort may be a key in classifying online participation such as social media responses.  

However, this notion appears unclear as Muttinga and colleagues make the case 

that online activities are additionally driven by different motivations when considering 

consumer behavior in social media platforms (Mutinga et al., 2011). Moreover, while 

Kim and Yang’s study assert that Facebook behaviors could be characterized as discrete 

levels with increasing degrees of commitment and cognitive effort, there has been no 

other studies I am aware that corroborate their findings with well-defined associations 

between cognitive effort, affect, and specific social media response types. Instead, social 

media response behaviors differ based on a wide breadth of variables from symmetrical 

versus asymmetrical communication (Cho, Scweickart, & Haase, 2014), motivations of 

personal identity and empowerment  (Mutinga et al., 2011), as well entertainment and 

renumeration (Hennig-Thurau, Gwinner, Walsh, & Gremler, 2004).   

In summary, it has been argued that different message features can generate 

different social media response behaviors, with some behaviors being likely affectively 

driven, cognitively driven, or some combination of the two (Kim & Yang, 2017). The 

dissertation seeks to refine these relationships in the domain of mental health. However, 

given the lack of clarity on the association between social media responses and emotional 

processes, this dissertation will focus on identifying violation and emotion features in 

messages to discover patterns in social media responses, and whether message factors are 

significant in influencing these behaviors. 
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Integrated Theoretical Model 

I advance the incorporation of EBT, EVT, and ELM to explain the violation and 

emotional experiences of sufferers of mental health illness. Moreover, I explore patterns 

in social media response behaviors of Facebook post commenting, sharing, and emojis as 

a result of the message features investigated. EBT outlines the rationalization of 

emotional arousal as an impetus for social media response behaviors arising from 

emotional tension. For example, for those who are experiencing mental health illness, 

there is a healing quality in the release of emotional tensions through sharing, emoji 

clicks, commenting, and responding to the messaging that echo their own personal 

experiences.   

Further, I assert that the process of emotional unburdening through social media 

engagement can be explained by the communication and persuasion theories of EVT and 

ELM. In summary, the authors of the narratives, spurred by violations and the subsequent 

emotionally evocative experiences, have chosen to contribute their stories due to aspects 

of arousal, interpretation, and cognitive processing as explained in EVT and ELM. 

Moreover, exposure to violations and emotions in the narratives can act as message cues 

thereby activating issue-relevant thinking in individuals reading the narratives, and 

further prompting the subsequent social media response behaviors as a result of 

emotional tensions explained in EBT.  

Guided by EVT, I explore the interpretation and emotional arousal process, 

represented by the narrative author’s expectancy violations shared in their mental health 

narratives. I additionally posit that when expectancy is violated for the reader, they too 
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may experience heightened emotional arousal. The heightened arousal increases scrutiny 

of the violation and leads to an interpretation stage where violation valence, importance 

and expectedness of the mental health narratives read are appraised. Consequently, the 

reader then proceeds to specific social media response behaviors in order to cope with the 

violation and the associated emotional tensions felt.  

Accordingly, the analyses in this dissertation explored whether these violation and 

emotion features in mental health messages generate different response behaviors. I look 

to ELM as direction for understanding patterns in engagement and explore the notion that 

when messages showcase a higher number of violations and emotions, the more 

individuals will be prompted to consider the message via the central route. In their study 

of posts from organizations on Facebook, Kim and Yang advance the study of Facebook 

behaviors as discrete levels in which a like represents low commitment, and comments 

and shares represent actions of high commitment and cognitive effort (2017, p. 442). 

Thus, behavioral responses from exposure to mental health messages indicate higher 

elaboration when users are crafting comments or sharing, in comparison to clicking on a 

like or other emoji icon.  

Figure 1 displays the proposed integrated model. The combination of the three 

theories can explain why people engage in specific computer-mediated communication 

behaviors in order to cope with an emotionally contentious violation experienced in 

mental health messages. As suggested, just as with narrative authors, readers might also 

undergo the tensions explicated by EBT from exposure to message violations, thereby 

experiencing emotional tensions spurring specific behavioral responses. However, it is 
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beyond the scope of this dissertation to address the exact emotions the audience is 

feeling. I am merely interested in investigating violation and emotion message features 

encoded in Facebook posts and narratives to determine whether the emotions 

communicated generate patterns in response behaviors. More studies are needed to 

extend this exploration towards better clarifying audience sentiments perceived when 

exposed to violation messages.  

 

 

Figure 1. Integrated Theoretical Model 

 

 

 

Research Methods Overview 

I employed a mixed-method, hybrid (traditional human coding and computer 

coding) approach to content analysis of mental health messages (Riffe, Lacy, Watson, & 

Fico, 2019), utilizing an embedded correlational study design to address research 

questions (Creswell & Plano-Clark, 2018). This variant of a mixed-method research 

design utilizes qualitative data as supportive, secondary data, embedded into a principal 
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primary quantitative investigation. This is in contrast to triangulation models, which 

typically use two different data sets that converge to address research questions. In this 

dissertation’s embedded design, the qualitative grounded theory study, and the 

algorithmic textual analysis, provide meaningful context to violation and emotion 

variables conducted in the chief quantitative content analysis.  

Data Collection. The primary units of analysis are mental health narratives and 

their associated Facebook posts shared by an international nonprofit called Mind and 

Rethink Mental Illness. Mind and Rethink Mental Illness is dedicated to raising 

awareness and improving attitudes and behaviors towards mental health illness sufferers.   

They developed the Time to Change Campaign to “share stories, call out stigma and 

discrimination, and help others to talk about mental health” (Mind and Rethink, 2018).  

At the center of the campaign is the dissemination of personal narratives written by those 

suffering from mental health illness, and it was this focus that made me choose this 

specific organization’s messages for analyses. The availability of narratives from the 

campaign allowed for a sufficient sample of cases to be analyzed in this dissertation, in 

contrast to a prior exploration of multiple nonprofit organizations whom despite sharing 

stories, it was clear that personal stories were secondary to advocacy, educational, and 

promotional messaging.  

In alignment with the literature proposing the persuasive potential of narratives 

through emotionally evocative message features, I gathered data from a convenience 

sample of Time to Change Facebook posts and  full-text stories shared by the nonprofit 

organization from January 2019 through July 2020. The Facebook posts were crafted by 
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the organization to provide a brief synopsis of the narratives and a link was provided in 

the post to connect to the personal stories from the campaign. Narratives were the 

primary message units used in all studies done in this research and are fitting 

communication mechanisms for evoking emotions and influencing health behavior 

change (Nabi & Green, 2015). Furthermore, engaging narratives that prompt immersion 

into the story and its characters have been shown to transfer emotion and information in 

effective ways (Coplan, 2004; DeWit, Das, and Vet, 2008; Green and Brock, 2000).  

Data was gathered in two phases. The first collection phase took place over a 

twelve-month period, from January 2019 through January 2020, culminating in 287 

Facebook posts shared and the associated full-text version of narratives on the 

organization website from January 1, 2019 through December 31, 2019.  During phase 

one data collection, I excluded the following Facebook posts from the analysis: messages 

that were not text formatted, including videos and images (n = 68); messages that focused 

on “how to” without personal narrative involvement (n = 22); messages that were 

purposed for education and awareness, without personal narratives (n = 10); messages 

that were advocacy oriented, requiring a call to action, without an associated personal 

narrative (n = 36). The culminating sample, after exclusions, resulted in 151 Facebook 

posts announcing a personal story from the campaign. Each Facebook posts provided a 

hyperlink to a personal story, and I followed the hyperlink to gather the narratives 

promoted on Time to Change’s website, all of which represented a full-text version of the 

personal stories highlighting mental health experiences. This resulted in a collection of 



58 
 

narratives and Facebook posts  that were utilized in the studies (See Appendix A and B 

for examples). 

After the initial data collection phase, I conducted a power analysis using 

G*Power to determine if the 151 narratives sample size gathered was sufficient for 

regression analysis intended for subsequent studies. I ran three separate calculations with 

a standard alpha of .05 and effect size of .15 using different power calculations of .75, 

.85, and .95. I was given a sample size range of 128 to 199, depending on the range of 

power values selected in G*Power. It was determined that a second phase of data 

collection was necessary to achieve greater power for regression analysis.  

Similar to data collection phase one, a convenience sample from the same 

international nonprofit was gathered for the second phase, and 134 Facebook message 

posts were collected from January 2020 through July 2020. I excluded posts that were not 

text formatted, such as images and videos (n = 57); “how to” messages without personal 

anecdotes (n = 7); education-based messages (n = 10); and advocacy messages delivered 

by the organization (n = 6).  With the remaining 54 messages from collection phase II, I 

followed the Facebook post link to the full-text version of stories found on the website 

and collected the text portions of the narratives. I further compiled all narratives from 

phase I and phase II of data collection in a total of 205 narrative and post records to be 

applied to study two and three.  

To recap, the narratives and posts were shared by an international nonprofit 

dedicated to raising awareness of mental health illness through personal stories. The 

organization operates international hubs and promotes stories via Facebook, and 
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disseminates the narratives on their website throughout the world. At the point of data 

collection completion, there were a total of 436,141 active followers on Facebook, with 

consistent engagement throughout the year-and-a-half of data gathering. Thus, all 

narratives and post messages were publicly accessible online. According to the George 

Mason University Internal Review Board (2020)  policies, procedures, and guidelines, 

existing data and document sources publicly available are exempt from IRB review. No 

additional IRB requirements were needed for the narratives. Moreover, consistent with 

guidelines, narrative data and information derived from analysis are recorded in a manner 

that subjects cannot be identified directly.  

The dissertation is comprised of a series of studies meant to explore the impact of 

mental health message features on CMC behaviors, specifically social media response 

behaviors. The Facebook platform allows for easily measured variables of the CMC 

response, including an accurate count of shares, comments, and emojis associated with 

messages. The Facebook post messages, and full-text narratives associated with them, 

allowed for analysis of multiple message factors that impact social media engagement. 

The following provides an overview of studies conducted in this dissertation.  

Study One. In study one of this dissertation, my aim was to determine the 

violation features of mental health narratives. specifically,  that might lead to arousal and 

the subsequent emotional unburdening described by EBT. I conducted a thematic analysis 

using Grounded Theory methodology (Strauss and Corbin, 1998) to identify features of 

violations that shed light on what might activate emotions and ensuing social media 

response behaviors. The 151 full-text narratives collected from phase one were used for 
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this study. Violation themes derived from investigating the patterns in the narratives can 

give us an understanding of the eliciting objects in messages that are effective in 

activating CMC behaviors within the context of mental health.  

Study Two. Next, algorithmic textual analyses was conducted to explore the 

sentiments and topical themes found in the narratives. In the analysis, frequency word 

and bigram patterns, sentiments, and topics were computationally investigated via the R 

programming language. Two sentiment lexicons and an unsupervised learning algorithm 

were employed with the purpose of gaining insight into the emotion message features and 

associated violation topics shared in the narrative text. The 205 full-text narratives 

collected from phase one and phase two of data collection were used for this study.  

Study Three. Finally, a quantitative content analysis was conducted to investigate 

the relationship between independent variables representing violations and emotions, and 

dependent variables representing social media response behaviors. The third study 

investigated both the narratives and the Facebook post messages collected from January 

2019 through July 2020, leading to a sample size of 205 adequate for regression analysis. 

A series of hierarchical regressions were done to observe how emotion variables present 

in Facebook posts and the full-text narratives can impact the differing social media 

responses above and beyond control variables of message length, readability, and 

violation predictors.  

Research Questions & Hypotheses  

Research Questions. The goal of this research is to explore how violation and 

emotion message features in mental health narratives and posts influence social media 
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response behaviors. Given the aforementioned discussion in the literature and theory 

review, I advance the following general research questions to be addressed by three study 

phases of this dissertation.  

RQ1: What is the nature of violations shared in online mental health messages?  

 

RQ2: What is the nature of emotions shared in online mental health messages?  

 

RQ3: What is the relationships between mental health message features (violation  

 

and emotion variables) and social media response behaviors?  

Hypothesis. The following section will explain the hypotheses I tested based on 

research found in the literature. As thoroughly discussed by Harbor and Cohen (2005), 

EBT is founded on discrepancy theories of emotional arousal whose fundamental 

principle is that emotion arises from the violation of expectations (Mandler 1965; Simon, 

1967). Discrepancy theories explain that when there are violations interrupting our 

schemas, people have a need to assimilate (or resolve) an event and its associated 

discrepancies in beliefs. They do so by exposing others to the violating event, as is done 

when sharing personal stories. Therefore, one can assume that when people are exposed 

to a violating mental health narrative, as a way to assimilate and resolve the emotional 

tension one might feel, they would be motivated to engage with the information in CMC. 

As a result, the following hypothesis indicates: 

H1: Violations are positively related to social media response behaviors. 

 

As has been discussed extensively in the scholarship, communication with 

positive messaging have been found to be more contagious than negative messaging 

(Coviello et al., 2014; Davis & Pimpleton-Gray, 2017). Likewise, research shows that the 
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valence of CMC behaviors are influenced by the valence of precipitating message 

exposure, as was found in a study of negative aggregated tweets prompting additional 

negative posts on Twitter, and experimental reduction of positive and negative Facebook 

in newsfeeds prompting the corresponding valenced content among respondents (Ferrara 

& Yang, 2015; Kramer et al., 2014). Thus I advance the following hypotheses: 

H2: Violation valence is positively related to social media response behaviors. 

 

H3: Positive emotions will be positively related to social media response. 

 

H4: Negative emotions will be negatively related to social media response  

 

behaviors. 

 

A study by Berger and Milkman (2012), found that valence alone is not the only 

variable that leads to virality, a type of CMC sharing phenomenon. While the results in 

the study support that positive content (awe inspiring) is more contagious, and also found 

negative content (sadness inducing) to be less contagious, they additionally discovered 

high arousal messages were more viral, including articles that elicited anger and 

amusement from surprise. Since EVT is concerned with the violation of expectancies, 

leading to arousal prompting behaviors to relieve emotional tensions, narratives sharing 

surprising or angry experiences may lead to increased CMC engagement behaviors. 

There is a paucity of research to support this connection, and this dissertation intends to 

account for the gap in the literature. Thus the following hypothesis was additionally 

tested: 

H5: The discrete emotion of surprise is positively related to social media response  

 

behaviors. 
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H6: The discrete emotion of anger is positively related to social media response  

 

behaviors. 

 

Lastly, Nabi (2015) asserts that exploring emotional flow could be a motivating 

force leading to attention, thereby sustaining transportation and engagement throughout a 

narrative. The sustaining of attention in mental health narratives has great persuasive 

potential in that evoked emotions may change attitudes and beliefs of readers who 

resonate with characters in the story. Little is known about emotional shifts and its impact 

on social media engagement in the mental health context that I am aware. I seek to test 

this relationship. From what is known in the literature, messages with emotional 

sequences outperform single valence messages (Nabi & Green, 2014). Thus, I advanced 

the following final hypothesis in this dissertation:  

H7: Emotional shifts are positively related to social media response behaviors.  
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CHAPTER FOUR: STUDY ONE, QUALITATIVE CONTENT ANALYSIS 

 

 

 

Introduction  

This chapter describes the first study phase in the dissertation, which addresses 

the exploration of violations in online mental health narratives using a Grounded Theory 

methodology (Corbin & Strauss, 1990; Glaser & Strauss, 1967). The qualitative research 

seeks to answer RQ1: What is the nature of violations shared in online mental health 

messages? Under the assumption advanced in the literature that emotions occur as a 

response to eliciting objects (Russel & Barrett, 1999), I propose expectancy violations 

can elicit emotional response in their role of disrupting the schemas one would place to 

understand the world. This concept also parallels EBT, in that emotional arousal arise 

from schema violations (Mandler 1965; Fiske, 1982).  

The Grounded Theory methodology allows for a systematic, inductive form of 

investigating personal experiences in the online mental health narratives, allowing a 

researcher to examine violation phenomenon arising from the data. Furthermore, 

grounded theory enables researchers to examine topics, related behaviors, underlying 

actions, logic, and emotions, tied to an event’s action and interactions (Corbin & Strauss, 

2015). The systematic qualitative procedures to this approach have been expressly tied to 

the development of substantive theories, a key goal of this dissertation, specifically in the 
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role violations play in personal schema and emotional arousal within EVT and EBT. 

Thus, the study was exploratory in nature, used to develop comprehensive explanations 

of mental health violations,  and the actors said to commits mental health violations, that 

may inform the heightened emotional arousal and scrutiny evident in the encoding 

process.  

Data Analysis  

Data collection from phase one culminated in gathering the initial 151 narratives 

primarily used for this analysis. The process of data collection was iterative in nature, to 

culminate in a framework providing insight on the violation experience among the 

authors of the stories, who are suffering from mental health illness. I analyzed narratives 

consistent with the constant comparison method (Corbin & Strauss, 1990), which led to 

the point of theoretic saturation when I reached 89 narratives. Ultimately,  I completed 

analysis of the entire sample of 151 narratives to ensure all conceptual violation themes 

could be found.  

The process of data analysis commenced as follows: First, I immersed myself in 

the textual analysis by reading and re-reading a random selection of narratives as a 

whole. After this phase, I proceeded towards initial open coding, in which a paragraph by 

paragraph analysis commenced for each narrative. Concepts arising from the textual data 

were identified as potential categories, subcategories, and properties seeking to describe 

what mental health violations are, and by whom are violations committed. Importance of 

concepts were determined by how often concepts surfaced (frequency),  the 
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representation of concepts across narratives (extensiveness), and the valence with which 

the violation was expressed.  

 I then proceeded towards axial coding, in which conceptual representations with 

similar meaning were continuously grouped together into larger-order categories. The 

constant comparison method was employed in this phase, a procedure in which 

categories were continuously modified, added, and subtracted based on the comparative 

analysis of the textual data units, which further represent the conceptual properties of 

violations. After axial coding, analysis led to category integration with the goal of linking 

categories around central, or core themes, developed to organize the relationships among 

all conceptual understandings of violations. Categorical groupings were organized into 

subordinate and superordinate core themes, further discriminating between positive and 

negative violation, which were generated as explanatory markers for developing an 

emergent mental health violation experience framework.   

 I proceeded through the grounded theory process through theoretical saturation. 

The complexity of the mental health violation experience permeated all the 151 stories. 

Saturation is a general criterion indicating that the completion of analysis is reached 

when no more categories or themes can be assumed (Corbin & Strauss, 1990). As a 

researcher, I am aware that this qualitative methodology can be limited by subjective 

bias, and as much as is possible, I wrote notes and memos meant to bracket my personal 

understanding of the data. I additionally journaled as a point of self-reflection wherein I 

examined my research process, tasks, and any potential biases influencing the outcomes.  
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 In total, 738 violations were found across the 151 narratives. They were diligently 

coded, compared, counted, and reasonably discriminated based on the actors who 

committed the violations (intrapersonal and interpersonal), and organized into six 

dominant themes describing mental health violations. Tables 1 and 2 presents the number 

of narratives where a given intrapersonal or interpersonal violation theme was found, and 

their frequency.  

 

 

 

Table 1   

Frequency of Intrapersonal Mental Health Violations 
   
Category N Frequency 

(%)    

Fight or Flight   
Uncontrolled thoughts and emotions 33 21.9% 

Feeling threatened 21 13.9% 

Response internal struggle 28 18.5% 

Diminished self-care 22 14.6% 

Personal acceptance 23 15.2% 

Symptom recognition 6 4.0% 

Protective   
Hiding 30 19.9% 

Silencing 25 16.6% 

Self-isolation 24 15.9% 

Avoidance 24 15.9% 

Seeking outlets 17 11.3% 

Accomplishment 12 7.9% 

Self-Worth   
Feeling like a burden 27 17.9% 

Carried traumatic life hardship 22 14.6% 

Perceived daily pressures 11 7.3% 

Surrounded by similar others 13 8.6% 

N is number of narratives with violations out of 151. 
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Table 2   

Frequency of Interpersonal Mental Health Violations 
   
Category N Frequency 

(%)    

Response   
Ridiculed 15 9.9% 

Rejected 10 6.6% 

Immediate negative reactions 25 16.6% 

Lack of understanding 16 10.6% 

Not believed 13 8.6% 

Unwarranted advice 22 14.6% 

Lazy and unmotivated 5 3.3% 

Listened and not judged 19 12.6% 

Disclosing led to support 29 19.2% 

Encouraged to talk  18 11.9% 

Systemic   
Institution 23 15.2% 

Health System 11 7.3% 

Inaccurate media portrayal 11 7.3% 

Healthcare access 14 9.3% 

Multi-system support 13 8.6% 

Positive work environment 15 9.9% 

Attitudes and Beliefs   
Physical illness comparison 13 8.6% 

Stigma and stereotypes 14 9.3% 

Doesn't exist 20 13.2% 

Everyone has it 10 6.6% 

Negative connotation 23 15.2% 

Easy fix 17 11.3% 

Attention-seeker 13 8.6% 

Too soft or weak 14 9.3% 

Seeking education 6 4.0% 

N is the number of narratives with violations out of 151 
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Results                                                                       

The analysis sought to address the following questions: RQ1. What is the nature 

of violations shared in online mental health messages?  An emergent model of mental 

health violation experiences is depicted in Figure 2. Overall, the mental health narrative 

authors’ experiences explained a multi-faceted model of mental health violations that are 

faced internally and externally in their real-world experiences. Each of the themes reveal 

the challenges of mental health illness, and the cognitive and emotional processes those 

suffering from MHI experience. 

 

 

Figure 2. Emergent Model of Mental Health Violations 

 

 

 

As is depicted in the model, the intrapersonal violations are: a) fight or flight; b) 

protective; and c) self-worth.  The interpersonal violations are split into: a) response; b) 

systemic; and c) attitudes and beliefs. Each theme has multiple negative and positive 
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violation categories, and are constructed based on the concept of violation valence in 

EVT. Violation valence is the degree to which the violation exceeds expectations 

(positive valence) or does not meet expectations (negative valence), thus positive and 

negative violations in this study parallel this definition (Burgoon, 1993). The following 

sections will describe details of each theme with examples. 

Intrapersonal Violations 

 

 Fight or Flight Intrapersonal Violations. Fight or Flight violations arise from 

the narrative authors’ challenges with mental health illness itself. There were four 

negative violation categories and two positive violation categories. The authors often 

describe the illness experience as though they are in battle, threatened, and engaging in 

negative and positive behavioral responses to diminish threats. The themes violate the 

expectations of normalcy and sense of control over every-day-life. The negative 

experience includes uncontrolled thoughts and emotions, feeling threatened, a response 

struggle, diminished self-care. The positive categories are personal acceptance and 

symptom recognition. The following describes the process encountered by fight or flight 

violations: 

Uncontrolled thoughts and emotions. MHI has a propensity to create stress 

through uncontrolled thoughts and emotions. While there is pressure to decrease these 

forces, the uncontrolled thoughts and emotions are unpredictable, swinging high and low, 

making it difficult to reduce the intensity of fluctuations for those suffering from MHI.  

The obsessive thoughts that go through your mind control you. The obsession is 

always followed by a compulsion to try to remove these thoughts from your mind. 

It is a vicious cycle of obsessive thoughts, compulsions to stop these thoughts, and 



71 
 

then a sense of relief. It doesn’t end; sometimes the obsessive thoughts can go 

through your head for weeks, even months. 

 

The symptom that affects me the most is the intense fluctuations of emotions. It 

can be very hard to stay centered because my highs are very high, and my lows 

are very low. There is often no in between. 

 

Feeling threatened. The uncontrollable thoughts and emotions further enhance 

perceived threats in day-to-day situations. Many violations used words that implicate 

war-like circumstances. In fact, underlying themes suggested that simple tasks such as 

talking, or going to the grocery store, felt so overwhelming that it triggered a fight-or-

flight response, developing a cycle in which the authors are internally inundated with 

additional uncontrollable thoughts and emotions.  

I worry about a minor quibble or mistake until it evolves into an apocalypse-style 

scenario. Logically, I know what I'm thinking is implausible or even impossible, 

but in that moment, the fear is incredibly real.  

 

Response Struggle. Narrative authors expressed struggling with how to respond 

to threats. Much of the confusion they felt were accompanied by feelings of stress, worry, 

and anxiety. The authors have reflected that to the outside world, this may appear as 

different personas, one energetic and happy in the moment, to appearing fatigued and 

unresponsive to discussions in the next. In some narratives, physical arousal is also 

reported to increase the anxiety and negative perceptions surrounding the experience.  

It’s so much more than being sensitive, it’s reacting to any situation, big or small, 

and not knowing what the rational thing to do is. It’s feeling overwhelmed by 

physical symptoms, a tightness in my chest, gasping for air, my head beginning to 

hurt. Trying to calm myself until eventually it passes, leaving me in a state of 

confusion and fatigue. 

 

Diminished self-care. The struggles with MHI additionally lead to an inability to 

function in day-to-day self-care at times. The negative behavioral response to the 
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perceived threats concerning self-care tasks have led to avoidance of the tasks altogether.  

Thus, brushing the teeth, getting dressed in the morning, or going to work became too 

overwhelming to accomplish. Consumed with daily struggles, self-care activities were 

further likened to distressing vulnerable states, and insurmountable goals such as 

climbing Mt. Everest. In fact, self-care tasks are often perceived as impossible. 

What people don't see are the days when leaving the house seems like an 

impossible feat, when just the process of getting dressed is exhausting and 

distressing, the days where I can't seem to stop crying, when sleeping is the only 

way to get away from my thoughts, or alternatively when I feel numb. 

 

 Personal Acceptance. In contrast to a response struggle and diminished self-care, 

many authors have used the MHI experience to build resilience against, and acceptance 

of, the mental illness experience. Learning to accept the full range of thoughts and 

emotions has led to an understanding that some days will be good or bad as a result. 

Many authors express that they have built strength, and have responded with pride in 

overcoming the bad days, with clarity as to how to approach threatening stressors through 

the acceptance that there is no right way to address the uncontrolled thoughts and 

emotions.   

I spent a long time trying to find the ‘right’ way to act, and the truth is, there isn’t 

a ‘right’ way; you have to just follow your instinct. My aim was to wear my scars 

with pride, and I do now, although I think in the beginning, I was only just about 

comfortable with them. 

 

 Symptom Recognition. Learning to identify threatening thoughts and emotions 

was pivotal to overcoming some of the challenges of MHI. Authors have pointed out that 

distinguishing between healthy and negative thought patterns and emotions have helped 

them understand their condition. Early identification of underlying symptoms has led to 
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understanding the appropriate behavioral response alternatives, resulting in MHI having 

less control over their lives.  

When thinking about how I was able to stop, it was a combination of getting to 

know myself better, gaining a better understanding of the underlying feelings I 

was experiencing, and finding distraction techniques, alternatives to self-harming 

and other coping strategies. 

 

Protective Intrapersonal Violations. Protective violations are intrapersonal 

violations in which the authors engaged in coping mechanisms to diminish the stressors 

and distress felt concerning MHI. These violations appear to challenge personal schemas 

surrounding the self and identity. The four negative violation categories often lead to 

behaviors that are disingenuous to the personal expectations of the self, and include 

hiding their feelings, remaining silent about MHI, self-isolation, and avoidance through 

risky behaviors. The two positive protective violations typically diminish the stressors of 

MHI in a healthy way, and include having an outlet or routine, and engaging in tasks that 

promote a sense of accomplishment. 

 Hiding. Hiding behavior pervaded much of the narratives. Authors conveyed 

having to portray a facade that was remarkedly different from what was felt inside, and 

disingenuous to their identity. Some authors describe the need to hide out of fear or 

embarrassment that people will have negative perceptions of them. When describing their 

hiding behaviors, they often remarked of having a secret, or containing their negative self 

behind a door or curtain to protect others from MHI.  

It seemed like the easiest way to hide my anxiety was to hide myself. People have 

always commented that I am laid-back and relaxed, but if only they knew how I 

really felt inside and the struggle I go through to put on that facade. 
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Silencing. Narrative authors decide not to disclose their MHI and describe their 

silence as a direct result of their fears. The fears often surround being judged by others, or 

the fear of the repercussions when revealing their MHI among their social network. Other 

authors indicate they didn’t know how to talk about MHI and their experiences. Overall, 

silencing was done to maintain the status quo, neither inciting additional stress nor 

diminishing the symptoms of MHI.  

Having borderline personality disorder (BPD) can be both challenging and 

confusing. Due to the stigma surrounding personality disorders, I was too 

embarrassed to tell anyone. I was scared that I would be judged and abandoned 

by people.  

  

Self-isolation. Narrative authors have made the decision to engage in behaviors to 

isolate from their social network. The rationale behind self-isolation behaviors is due to a 

fear of rejection and abandonment to the point that they felt the need to push people 

away. This is in contrast to silencing in that authors did not engage in group interactions. 

Many felt that distrust of others was a key reason to self-isolate. 

I love deeply, I laugh heartily, and I care very deeply about other people. I also 

hit the absolute depths of despair and can hurt with my whole being. I have an 

unstable relationship with people and fear rejection and abandonment deeply to 

the point where I push people away.  

 

Avoidance. Authors describe an avoidance of mental health illness through risky 

behaviors, such as drinking alcohol, substance abuse, self-harm, or over and undereating.  

Avoidance through risky health behaviors was discussed as a way to numb the pain and 

suffering they felt through MHI. The risky health decisions, such as disordered eating 

behaviors, were said to provide a sense of control over their MHI.  
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I had to stop working completely, the flashbacks occurred every day and I had 

developed physical pains as a result of my anxiety. I eventually turned to self-

harm again. I took 4 more overdoses between the ages of 21 and 23. 

 

I started using disordered eating behaviors as a sense of control due to being in 

an abusive relationship. Food was the one thing I could control in my life. 

 

Seeking Outlets. While negative protective violations permeated much of the 

narratives, those that found an outlet or a routine felt it benefitted their healthy and gave 

them strength when overcoming symptoms of MHI. Authors expressed that outlets and 

routines helped in planning their day, by providing an outlet, and sense of control.  

I’ve discovered new hobbies like singing in a choir and going to the gym. I 

thought they were extravagant, but I and others noticed how much my health 

deteriorated when I stopped doing them. I’ve also started meditating - originally 

I’d pooh-poohed the idea, but taking time each day to just “be” is so grounding. 

 

Accomplishment. Similarly, when narrative authors engaged in activities that 

were once difficult for them to do, they found the distress from MHI diminished. Many 

authors felt these tasks brought them back to doing the things they loved, and many felt 

that accomplishing one task would make it possible to accomplish more tasks they feel 

passionate about. The sense of accomplishment allowed for a sense that something they 

felt impossible, such as the struggles of MHI, could be overcome. Accomplishment 

provided hope.  

The biggest achievement was going back to passion, my football. Never did I think 

I would ever attend a football match again in my life - and here I was sitting 

among 90,000 people at Wembley. 

 

 Self-Worth Intrapersonal Violations. The final intrapersonal violation 

categories are those that impact an author’s perception of worthiness. There are three 

negative violations and one positive. The first indicates in the narratives that those with 
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MHI generally feel as though they are an inconvenience or a burden. The second negative 

violation suggests authors attributed worthiness possibly to a history of trauma, such as 

bullying, or traumatic life hardship. In some cases daily pressures led to the perpetuation 

and heightening in the symptoms of MHI and one’s belief they can overcome it. Positive 

violations in this regard include being surrounded by people who also have MHI allowing 

for normalization of their condition, which greatly enhanced perceived self-worth.  

 Feeling like a Burden. A predominant theme in the narratives is the sense that 

many authors felt they were an inconvenience or burden because of their MHI. They 

especially expressed dislike of being a burden to those they cared about. Moreover, 

despite how large their social network, there is a sense they feel as though being difficult 

to deal with prevents their reaching out to others.  

I feel incredibly guilty a lot of the time about being ‘too hard to deal with’ or 

being a burden on the people that I love. When things aren’t great, I hurt, and I 

don’t want you to hurt too. 

 

Carried Traumatic Life Hardships. Narrative authors talked about their history 

of being bullied, physical abuse, and life loss as trauma that has been carried throughout 

their lives. Often these violations promote protective coping mechanisms, such as self-

isolation, but more than this, these violations appear to cause long term triggers that 

negatively impact the self by inhibiting feelings that they can overcome MHI. These 

traumatic life hardships have been known, instead, to maintain and heighten the 

symptoms of MHI over time, prompting coping mechanisms that may be detrimental to 

their health.  
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Anxiety has been my constant companion since I was a small child. Depression 

entered in my teens, after years of homophobic bullying, and I was diagnosed 

with BPD at age 20, while battling a severe eating disorder at university. 

 

I have used dissociation as a way to cope when I feel I can’t, due to previous 

trauma and abuse as a child. I first did this as a way of protecting my mind. To 

me, this feels like I’m in a bubble and I can’t quite touch and connect with the 

real world. 

 

Perceived Daily Pressures. When accumulated pressured of daily life occur, 

authors express the experience of increased symptoms of MHI, including anxiety and 

depression. The pressures of increased responsibilities, or the demands of securing a good 

job and education, are some examples of daily struggle. As these pressures increase, it 

impacts their feelings of whether they can accomplish task, spurs protective violations, 

and additionally influencing uncontrolled thoughts and emotions. 

The pressure to get into a good University in order to have a good education and 

secure a good job, really began to take it’s toll on me. My anxiety skyrocketed, 

causing me to not eat as much. Every time I would open a textbook to start 

revision, my mind would race with anxious thoughts that would cause me to 

become so anxious that I’d feel drained, and I’d end up needing to sleep in order 

to cope.  

 

Surrounded by similar others. Narratives underscore the importance of being 

surrounded by others with similar experiences, as a way to feel accepted and understood. 

The key message from these positive violations is that when authors made the decision to 

seek social support among those who also have MHI,  they felt less judged, and it led to 

feeling inspired and confident to keep going. In the narratives, authors express feeling 

inferior, and ascribe a lower value to their place in society due to their MHI. However, 

being treated the same as others is met with an internal appraisal of their sense of self as 

higher in value, not made to feel they were broken, or lesser than. It underlines the 
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importance of support groups in managing mental illness, as a way to preserve positive 

self-worth and self-efficacy. 

Meeting others with an array of different mental health struggles helped me as I 

don’t judge them, nor do they judge me. This makes me feel accepted and 

understood. As a result, we all support each other. 

 

I was allowed to take things at my own pace, and no one made me feel inferior. I 

wasn’t seen as a special case, or broken in anyway, which helps to normalize 

things. 

 

Interpersonal Violations 

Interpersonal Response Violations. The first of the three interpersonal 

violations are predominantly committed by the author’s family and friends, and comprise 

the largest number of violations. These violations arise as a response to any type of 

mental health disclosure, such as verbal, behavioral, or physical (e.g. scars from self-

harm). The negative response violations are organized into seven categories and include 

being ridiculed, rejected, negative communication reactions, lack of understanding, not 

believed, unwarranted advice, and perceptions of laziness. The three positive violations 

include, feeling listened to and not judged, being encouraged to talk, and when disclosing 

leads to support.   

Ridiculed. Many narratives described the instances of ridicule that authors 

encountered from reactions to MHI disclosure. They talked about how those that 

ridiculed them didn’t understand the impact  and the struggle of MHI, and would instead 

in engage in behaviors meant to demean their illness. Often, the ridicule led to protective 
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violations, such as self-isolation, or silencing due to fears of being judged again from 

disclosures.  

When I confided in two girls that I trusted about this, they took the medication 

from my bag and started reading the side effects on the pamphlet that came with 

the medication out loud, laughing whilst doing so. 

 

Rejected. Likewise, authors described how friends and family began to avoid 

them once they disclosed their MHI, perpetuating feelings of anxiety and depression. The 

social rejection violations have led to magnified feelings of helplessness and loneliness.   

I found a great group of friends but as soon as my anxiety/OCD peaked they 

quickly didn’t want to know me. I felt so lonely and ended up having so much time 

off, it was inevitable that I wasn’t going to return. 

 

Immediate Negative Reactions. Immediate negative reactions such as 

questioning, or inappropriate nonverbal responses were predominant in the narratives. 

These violations have led authors to feel as though disclosing was not the best course of 

action. When a negative reaction occurred, such as uncomfortable glances, or shifting, 

they felt they needed to bury any mention of MHI as a result. For many, silencing ensues, 

or they consider an alteration to the disclosure of their MHI condition so it is more 

palatable to be accepted by others.   

I hate how people perceive BPD. How people instantly roll their eyes, or turn 

their noses up or dismiss me altogether. I find it much easier to just say 

depression and anxiety, which is only ¼ of my BPD. 
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Lack of Understanding. Narrative authors describe a lack of understanding as to 

how to react to MHI disclosure. Though at times, family and friends may show support 

initially, they can often be unsure as to what to do next. Those with MHI understand that 

their loved ones are coming to terms with a difficult diagnosis, but also hope they can 

educate them about how to support those with MHI.  

I realized that they had no idea how to treat me once they knew that I had been 

struggling in silence. They blamed themselves, they referred to it as a phase, they 

suggested remedies, they trod on eggshells.   

 

Not Believed. The narratives describe responses where the authors are not 

believed when they disclose their MHI. Some of the reasons for disbelief include the 

appearance of being “too normal” or “too happy” to have MHI. Often this violation is 

related to the stigma of mental health illness as a person who should appear more 

distressed. However, authors assert that there can be high functioning individuals who 

appear to have a great life, but also suffer from the struggles of mental health illness. 

My illness was quickly put down and questioned by others, who said insensitive 

things like, “but you seem so happy?”, “I’d never have thought that about you”, 

or “but your life is great.” 

 

Unwarranted Advice. A common theme in the narratives were unwarranted 

advice given by friends and family regarding how to handle MHI. The broad range of 

perspectives include: suggesting to move on, be positive, do something positive, make 

efforts to disregard the uncontrollable thoughts and emotions. Authors assert that, while 

well-meaning, the advice adds to their sense of guilt, and can stall the healing process. 
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What do you mean you can’t (insert activity most people do daily without a 

second’s hesitation)?” They would boom, shortly followed by the ever so 

ineffective, “Stop letting it get to you, if you didn’t think about it you wouldn’t be 

in this mess.”   

 

Lazy and Unmotivated. While not entirely ubiquitous in the narratives, the 

response from family and friends that the moods and behaviors experienced by authors 

were a reflection of laziness did exist. Despite understanding that MHI is comprised of 

emotional and mental distress, an author’s social support can sometimes judge actions 

and motivations as a lack of motivation. 

Things got worse as time went on, and my inability to develop that bond, made it 

seem to her that I wasn’t trying to help out. I failed to understand what was going 

on. I was struggling with low mood, short term memory loss, and general lethargy 

and lack of motivation – but she saw me as being lazy and awkward. 

 

Disclosing led to support. One of the most effective violations for healing in 

those with MHI, was when they disclosed to family and friends and encountered support 

immediately after. The narrative authors, who typically faced rejection and ridicule and 

expected much of the same, were often surprised when they met someone who provided 

support instead. In a way, they felt their MHI was not invalidated when they were 

assisted through the process of finding help, starting a new outlets, and seeking therapy. 

It also prompted further disclosure.  

The next day after school, I told my best friend everything. I can’t express how 

much of a relief that was to both of us. I’d been carrying this huge weight by 

myself for weeks and suddenly I wasn’t on my own anymore. With my best 

friend’s encouragement and support, I told two of our teachers how I was feeling, 

and they helped me access the help I needed. 
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Encouraged to Talk. While disclosing has led to a plethora of negative response 

violations, when the response  instead leads to encouragement to talk more, authors felt 

supported and cared. For some, talking has allowed them to learn about themselves and 

further recognize the symptoms of their MHI.  Moreover, friends and family who “ask 

twice” rather than once about whether the authors were feeling OK, were able to drive 

more open conversation that the authors had not expected to engage in.  

A few days during the summer she came to my house and we just watched funny 

movies, cooked lunch together and just had a laugh. But it was as little as asking 

how I was feeling that made me feel like someone cared about me. 

 

Listened and Not Judged. Authors expressed that they felt supported as well is 

when they engaged in interactions where they felt listened to, and not judged. Essentially, 

the combination of listening and nonjudgmental perceptions were equated to being 

believed about their condition. The underlying theme in this violation is that many 

authors felt they could be themselves, and it allowed them to open up further when they 

perceived others could understand them without attributing the negative connotations of 

mental health on them. Some authors note that it diminished the risk of ridicule and 

rejection that they felt acutely when judgment was not a factor in conversations.  

I had a teacher who believed in me. She used to give me a cup of tea and just 

listen. She would never judge me for being off school or for being so upset - she 

just understood and let me explain why I felt so bad and how others were making 

me feel. 

 

 Systemic Interpersonal Violations. Systemic violations permeate across society. 

There are three negative violation categories, and three positive violation categories. The 



83 
 

negative categories are grouped considering institutions as a whole, with transgressions 

found in the school, work, and church environment. The second describes violations in 

the healthcare system, while the third explaining inaccurate media portrayal. The media 

plays a large part in misrepresenting mental health information, contributing to widely-

held systemic misperceptions. Positive violation categories were less broad and include 

experiences when surrounded by a positive work environment, access to adequate 

healthcare, and multi-system support meant to approach mental health illness holistically, 

rather than just one aspect of MHI treatment.  

 Institution. Authors describe mental health violations in schools, churches, and 

their work environment. The pervasive nature of violations in institutions ensure that 

challenges are consistently encountered throughout a day. Much of the rationale behind 

the reason why is that leaders are not entirely knowledgeable of creating a safe 

environment for those suffering with MHI, and instead engage in approaches that are 

detrimental to MH treatment. Narratives also indicate a lack of access to mental health 

support in these institutions. 

Looking back, it also shows how untrained my manager was; advising a 

colleague ‘try to make her more talkative’ was the wrong approach. 

 

Services at university are overwhelmed, with advocating looking after student 

mental health rarely being mentioned, when it should be a priority. Feeling like 

universities don’t care is one of the hardest things to come to terms with, 

 

 Health System. Health system violations are experienced across a continuum of 

interactions. Authors describe being misdiagnosed by general practitioners, and not being 

able to access mental health specialists. Authors, at times, felt disregarded when it came 

to sharing their symptoms with health professionals, as many failed to recognize the 
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intersection between mental health and other physical illness. As a result, authors 

describe miss out on referrals to the appropriate psychological treatment.  

The doctors are a whole other ball game. It took a lot of courage to make the 

phone call, to attend the appointment alone and to talk about my symptoms. I 

mentioned my disordered eating behaviors, but this was brushed over and it 

appeared she didn’t give it another thought. I was ashamed to say it again and 

didn’t push for the help and the right referral. 

 

Inaccurate media portrayal. Inaccurate media portrayal violations were described 

across all media channels, from television, radio, film, and social media. Typically, the 

media was said to describe particular conditions in one general way, without paying nod 

to the spectrum of personal experiences a person with MHI will have. For example, 

conditions such as BPD, are often portrayed as violent, pathologically uncaring, and 

selfish, whereas those with BPD do not see themselves in this manner, and consistently 

describe how much they care about others across the narratives. Likewise, media 

portrayal of MH treatment is misconstrued as a cure, leading to the expectations across 

the systems of society that mental health illness can be resolved.   

Social media, TV and films seem to romanticize the battles that people with 

mental health problems face, and feed the idea that people hit a sudden turning 

point in their recovery and it’s all uphill from there. Well that’s wrong; at least it 

was for me. 

  

Positive work environment. Narrative authors were very specific when it came to 

positive violation categories in this theme, with the workplace setting being the most 

often-mentioned place for its potential in significant support. When authors experienced 

an accommodating workplace, supportive colleagues, and flexibility, they felt they could 

continue with treatment unencumbered by socio-economic factors. This was key to 
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understanding that integrating back into the workforce additionally meant being able to 

navigate the daily pressures through emotional and financial empowerment.  

Being back at work, and feeling so empowered to talk about my mental health 

with my colleagues, has had such a positive impact on my life. I’ve got amazing 

support at work. My colleagues are now used to me commandeering a glorified 

cupboard so that I can listen to music and do some coloring in when life feels a 

little overwhelming. 

 

Healthcare access. Authors cited the ability to finally get a diagnosis as a 

significant release and relief. In essence, being able to place a name on their MH struggle 

allowed them to seek the appropriate care and treatment.  In fact, many authors felt that 

having an astute and understanding general practitioner, who established good rapport 

with their counselors and therapists, allowed them to be less fearful on treatment follow-

through. The key concept in this category is the reliability and good patient experience 

required to establish a relationship with the health team.  

Thankfully I used all the courage I had to go back to the doctors, fearful I’d have 

the same experience as before. I didn’t, and I have a fantastic set of doctors I 

know I can rely on and will always be there. 

 

Multi-system support. Narrative authors describe support from multiple parts of 

their lives as essential for long-term recovery, as well as acute symptoms of MHI. 

Authors felt a sense of pride in overcoming MH challenges, through the help of work 

colleagues, family and friends, therapy, medication, and an outlet to help express their 

thoughts and emotions. Part of why they felt this multi-faceted support was important 

was because of the ability to learn from different aspects of their lives, and to reflect back 

on their wider experiences on order to find a path to recovery.  
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I’ve found a path towards recovery which involves medication, therapy, support 

from my family and friends, writing and telling others about my story while 

helping them. 

 

Attitudes and Beliefs Interpersonal Violations. The violations in attitudes and 

beliefs are transgressions related to the perceptions of MHI found at large. When authors 

describe these violations, it is typically committed by society as a whole, or inclusive of 

an entire social network significant to them.  There are eight negative violations 

including: ascribing negative connotations to people with MHI, MHI doesn’t exist, 

there’s an easy fix, stigma and stereotypes, comparisons to physical illness, MHI 

sufferers are too soft and weak, attention seeking, and everyone has it. Only one positive 

violation marks this theme, and it is when others seek education to dispel inaccurate 

attitudes and beliefs.   

 Negative Connotation. This category concerns the general perceptions associated 

with a person suffering with MHI. Authors assert that at times people assume they are 

dangerous, or a criminal. Other times, they must fight perceptions that in order to be 

validly suffering from MHI, you cannot appear normal, or have what is considered a 

“normal” life.  

These are some of the things I hear whenever I talk about my mental health. What 

makes me furious is the general misconception of how people with depression and 

anxiety should look or behave. If you are depressed, you should look depressed. 

You should look like you haven’t showered in days.  

 

Doesn’t exist. This category describes the perceptions that MHI is not a real 

illness. Authors face many denials from society, friends and family that deny MHI. As a 

result, authors felt they were not able to recognize the manifestations of their own illness. 
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In particular, dismissals of MHI’s existence has prompted personal denials of their own 

MHI in line with larger societal perceptions. 

I have experienced staff dismiss me purely on the basis I have BPD. Telling me I 

don’t have an illness, that BPD doesn’t exist, that I just want attention. THIS IS 

DANGEROUS. Dismissing someone asking for and needing help is why so many 

sufferers die from Suicide 

 

 Easy fix. The authors maintain that mental health illness is a long-term struggle, 

and even one that they must go through for the rest of their lives. However, some have 

found that their social support network felt as though MHI could be fixed with 

medication, or that it can go away over time and is not a constant in someone’s life. 

However, this is a misconception that contrasts with the sufferers of MHI.  

But then comments like “But you’ve been on the medication for a couple of 

months so you must be fine” and “I thought everything was alright now because 

you seemed happy” started. It made me feel like I wasn’t trying hard enough to 

get better and that maybe I should be alright by now 

 

General Stigma and stereotypes. This category concerns the misinformation that 

predominates much of the attitudes and beliefs surrounding MHI. Authors face 

discrimination based on the misperceptions about specific illnesses, as well as 

misconceptions about mental health in general. These stereotypes create a hostile 

environment, where people with MHI feel uncomfortable talking about MHI, and prompt 

them to struggle in silence. 

People didn't know a lot about personality disorders - and what they did know 

wasn't good. The answer is simple, the stigma attached is immense.   

 

Physical illness comparison. Authors express disappointment that mental illness 

is not given equal consideration to physical illnesses in general. For example, if someone 
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were to break an arm, they would be met with more compassion than someone with MHI, 

who find that people may ridicule, reject, or run away from them when they disclose.  

I find it sad that people care more about those around them when they have the 

flu then when they have a mental illness. “You have a cold? my goodness wrap 

yourself up immediately, drink plenty of fluids and get some good rest.”  

 

 Too soft or weak. This category describes the attitudes  that MHI is the antithesis 

to the masculine stereotype. Authors describe MHI with being associated with a weak 

mind, a lack in strength, a general unacceptable behavior in response to stressors. Authors 

feel this is an unfair way to be perceived, and it is one of the factors that prevent seeking 

out treatment. Some say they never reached out to a professional or ask friends and 

family for help because they bought into the perception they should be able to get 

through it on their own.  

 Growing up, my generation was made to believe that we had to stay 

strong, that we can’t accept weakness and that we must carry on because it will 

get better. This belief has messed our generation up. We were too scared to ask 

for help. 

 

 Attention seeker. A commonly held belief is that those with MHI are attention 

seeking. However, authors claim this is far from the truth. Much of time they seek to hide 

their MHI, or remain silent regarding their symptoms. Moreover, some authors talk about 

how they were open about MHI when they were younger, but their social support 

network denigrated their opinions as dramatic, and were thus not believed.  

One of the most common misconceptions around self-harm is that it is ‘attention-

seeking’; however, for many people who self-harm, this couldn’t be further from 

the truth. Nobody knew about my self-harm for a long time, and it was something 

which I kept a secret. 
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Everyone has it. In the narratives, authors describe the perception of people who 

believe MHI affects everyone. While their intention may be to make those with MHI not 

feel alone, authors felt the rhetoric to normalize MHI as a regular occurrence prevented 

those with MHI to seek resources to help themselves. Moreover, at times the 

conversations would switch to being about them, and not the person who has been 

diagnosed with MHI, leading to protective violations such as withdrawal and silencing.    

I distinctly remember being told that “Everyone feels this stressed but you have to 

learn to manage it to be able to do other things in the future. Everyone feels this 

way.” Not feeling alone is helpful, yet without the resources, how is anyone meant 

to cope? 

 

 Seeking education. Authors found that those friends and family seeking to dispel 

previously held misconceptions were essential to changes in attitudes and beliefs. They 

discussed the relief when their groups of family and friends do their own research to 

better understand them. Moreover, they feel these initiatives to self-educate have created 

a change in society so that multiple disorders are finally considered legitimate illness.  

Conditions such as anxiety, depression, OCD, eating disorders, and bi-polar 

disorder, among others, are finally being considered as illnesses rather than 

weakness or excuses, and this is brilliant for us long term sufferers. 
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CHAPTER FIVE: STUDY TWO, ALGORITHMIC TEXT ANALYSIS 

 

 

 

Introduction 

 

The purpose of this chapter is to describe the methods and results of the second 

study, an algorithmic text analysis (ATA) using the R computer programming language. 

Exploratory text mining methods and the unsupervised learning Latent Dirichlet 

Allocation (LDA) algorithm were employed to investigate the entire body of narrative 

text collected. Riffe, Lacy, Watson, and Fico (2019), distinguish ATA from traditional 

text analysis methods in that it is possible to sort, organize, and store data 

computationally, while still relying on a human coder for analysis and interpretation. 

ATA is also a distinct form of content analysis, compared to algorithmic coding and 

computer-aided text analysis, because it encompasses computational analysis of language 

in “any fixed form of communication that can be analyzed” (2019, p. 38).  

Chapter five summarizes textual data used for exploration, data mining 

procedures, and text analysis methods meant to explore RQ1 and RQ2 on the nature of 

violations and emotions. Findings will provide insight on computationally derived themes 

associated with violations and emotions expressed in the narratives. The final analysis 

will focus on the Unsupervised Machine Learning analysis to address RQ3. I used the R 

programming language and the LDA algorithm to explore topics generally discussed in 
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the mental health narratives, and determined the classification of topics associated with 

levels of low, moderate, and high social media engagement. Much like the previous 

study, my purpose was to investigate violation message features in the narratives and 

extend findings from study one. Furthermore, I additionally aimed to understand the 

emotion themes found in the narratives. Accordingly, I conducted a sentiment analysis 

using available sentiment dictionaries to reveal deeper insight on emotions shared in the 

stories.  

Data Procedures 

 In this section, I will provide a brief overview of the narratives data and describe 

the three stages to prepare text for analysis: importing data in R, preprocessing, and 

creating the document-term matrix (DTM) for LDA analysis. First, I’ll describe the steps 

to import and prepare raw text data in R. Next, I will describe the data utilized, and cover 

data cleaning preprocessing techniques. Lastly, I will describe the process of generating a 

bag-of-words corpus through the creation of a DTM.  

 Data. The sample for investigation in ATA was expanded from study one and 

included the textual body portion of the complete collection of 205 narratives gathered 

from January 2019 through July 2020. I additionally gathered the data representing social 

media engagement on Facebook (comments, shares, and emojis) associated with each 

narrative. Collectively these narratives contained approximately 54,308 words and 15,434 

bigrams utilized for analysis. The number of words for each narrative body ranged 

between 339 to 1,904 words, with the average number of words per narrative being 706. 

The total number of comments, shares, and emoji reactions were collected, further 
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aggregated, and brought together to represent total social media engagement as a whole 

for each narrative. The total engagement variable was further converted in R to a 

categorical variable delineating low social media engagement (range = 17-372), moderate 

(range = 373-646), and high levels of engagement (range = 647-2721). This was done to 

allow LDA modeling to appropriately classify topics, themes, sentiments based on social 

media response behaviors. Table 3 presents the total aggregate number of narratives, 

words, and bigrams for each level of social media engagement.  

 

 

 

Table 3    
Textual data by level of social media engagement 

    

Level 
No. of 

narratives 

No. of 

words 

No. of 

bigrams 

low  66 18,885 5,365 

moderate 68 16,840 4,800 

high 71 18,583 5,269 

total 205 54,308 15,434 

    

        

 

 

 

Data Preparation. The first step of text analysis was to import the narratives’ 

textual data and social media variables into R. R is an open-source and free computer 

programming environment. Unlike many programming languages, R was specifically 

designed for statistical analysis (Welbers, Van Atteveldt, & Benoit, 2017). The use of R 

in text analysis is well established, to the point that numerous text processing and 
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analysis packages have been developed (Gagolewski, 2017). Thus, a key advantage to 

using R programming is the ability to switch and combine different packages, a degree of 

interoperability that is difficult to accomplish outside of computer programming 

platforms. This benefit is particularly relevant in this dissertation as more than 20 

packages were used to explore and analyze the narratives. Table 4 shows a list of 

packages used for each operation of textual analysis.  

 

 

 

Table 4  

Overview of Text Analysis Operations and R Packages 

   

Operation R packages 

Data Procedures  

 importing text readr 

 data manipulation dplyr 

 data cleaning- general tidyr 

 data cleaning- strings stringr 

 restructure and aggregate data reshape2 

 factor handling for categorical variables forcats 

 graphing visuals ggplot2 

 graphing colors RColorBrewer 

Exploratory Analysis  

 statistical analysis  psych 

 text mining compilation of packages tidytext 

 Bing sentiment  syuzhet  

 word cloud generation wordcloud 

 create display tables gt 

 network analysis igraph 

 visualizing network graphs ggraph 

 quantitative text analysis and corpus management quanteda 

 sentiment lexicon bing 

Topical Analysis  
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 LDA modeling topicmodels 

 machine learning modeling caret 

 untidying data into a matrix widyr 

 applies functions to a corpus tm 

 matrix management matrix 

 work with functions and vectors  purrr 

 metrics estimating best fitting number of topics ldatuning 

   

      

 

 

 

All narrative text and variables were organized in a Microsoft excel format, 

adapted into a CSV format, and subsequently imported into the R statistical software via 

the R Studio platform. Using the programming language, I transformed the narrative text 

data (initially characterized as a factor by the computer) to character strings. The three 

variables of total comments, shares and emojis were aggregated to represent total 

engagement. Further coding was done to remove unnecessary spaces, and problematic 

characters that might inhibit tokenization during preprocessing. The final data was saved 

as an object in R for preprocessing procedures.   

Preprocessing. Preprocessing procedures are done to improve the accuracy and 

performance of text mining and topical modeling. Preprocessing include the techniques 

of tokenization, normalization, and removing stop words. I took the final data from the 

data prep stage in R and applied a tokenization function to split text into “tokens.” In 

computational text analysis, full text data must be split into more specific text features, 

such as a single word, or word combinations , called “tokens,” which are used as the 

primary unit of analysis. In this dissertation, I generated two final R-tokenized objects. 
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One object culminated in a narrative dataset comprised of narrative text split into single 

words (n = 54,308).  

The second object was a collection of bigrams, or two word combinations, to 

explore the co-occurrence of any two words (n = 15,434). Bigrams are based on the 

probability of co-occurrence of two tokens, divided by the probability of the token prior 

(Jones & Mewhort, 2003). I decided against tokens greater than two-word combinations, 

such as trigrams, because my narrative sample was too small to find a high enough 

frequency and meaningful associations between three or more words. In the next 

normalization step, all words for both tokenized objects were transformed into lower 

case. Computers are unable to identify similarities in words that are not purely identical. 

Thus, if a word were to be represented with just one capital letter, it would not be 

identified by the computer as identical with the same word in complete lower case.  

Finally, further preprocessing necessitated the removal of stop words such as “a,” 

“an,” or “the.” Stop words are words that occur frequently, yet typically add little 

semantic meaning (Porter, 2018; Welbers et al., 2017).  I took the already native stop 

words compiled in R, which includes a list of 1149 stop words. Since this list does not 

consider the context of mental health in its application, I reviewed the entire list, and 

removed words that would be meaningful in mental health narratives. Including too many 

stop words of relevance can remove information that significantly represents a corpus of 

documents (Barry, Valdez, Padon, & Russel, 2018). Thus, words such as “changes”, 

“feel”, and “appreciate,” which were originally in the stop word list, were removed 

because of their potential semantic significance in the mental health context. The 
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resulting stop words list was a total of 835 words, which were applied to the narrative 

data set for exclusion (See Appendix C for stopword examples).  

Conversion to a document term matrix. One last data structure was produced 

for analysis, through the programming of the preprocessed data, into a file called the 

document-term matrix(DTM). The DTM was applied to the LDA algorithm for topical 

analysis, and contains single-word data transformed into a matrix which represents 

narratives. Columns in the DTM represented the individual words used within the 

narrative (Banks, Woznyj, Wesslen, & Ross, 2018). I additionally developed my DTM to 

include the levels of engagement in order to allow the algorithm to classify narrative 

topics for low, medium, and high levels of social media engagement in topical analysis.  

Data Analysis  

 The analysis used in the dissertation study assumes a Bag-of-Words (BOW) 

approach typically employed in computer science research in order to simplify and 

reduce text (Blei, 2012). Essential to this approach is the assumption that word order 

plays no significant part in the analysis, hence the “bag-of-words” moniker. Thus, 

ignoring word order allows the counting of text data and the application of statistical 

properties to the tokens in the narratives (Roberts, Stewart, & Airoldi, 2016). In this 

section, I explain the steps to analyze the narratives. The methods for algorithmic text 

analysis described follows the methods of building classification by Boumans and 

Trilling (2016), in which two approaches are advanced including counting and dictionary 

and unsupervised machine learning. For this study, machine learning was not utilized. 
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 Counting and Sentiment Dictionaries. For the purpose of text mining 

exploration, I applied the R programming language and associated packages to the single-

word and bigram datasets in order to investigate the frequency distribution of the most 

common words and bigrams.  I additionally utilized the Bing and NRC Word-Emotion 

Association Lexicon (NRC) sentiment dictionaries, found in the Tidytext and Syuzhet 

packages, to conduct sentiment analysis of the text. The packages have been used across 

multiple research studies for the sentiment analysis of textual data including political 

preferences in tweets (Parnian, Alireza, & Aghajan, 2017), measuring conservation 

culture in scientific literature (Lennox, Verissimo, Twardec, & Jarić, 2020), and the 

redressal of public grievances for government monitoring systems (Das, Panda, & Dash, 

2020). 

The two sentiment dictionaries chosen for this dissertation allowed for greater 

exploration of word frequencies based on positive and negative emotion words defined 

by the respective lexicons (Naldi, 2019). Bing was developed by Minqing and Bing 

(2004) from mining customer reviews on multiple products, culminating in what is 

known today as the Opinion Lexicon. It has a total of 6,789 words, with 2006 assigned as 

positive sentiments, and 4,783 assigned as negative sentiments (Naldi, 2019). The 

sentiment computation is straightforward in that the computer finds the positive and 

negative words in the dataset and assigns a +1 or a -1 (Naldi, 2019).  

Developed by Saif and Turney (2010), the NRC lexicon is remarkably different 

from Bing as it additionally assigns the following emotion categories to words: anger, 

anticipation, disgust, fear, joy, sadness, surprise, trust, positive, negative. When applying 
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the dictionary, the computer counts the occurrence of individual words appearing in each 

category as 1. NRC is specifically pertinent to the study as it detects the words associated 

with the differing emotions in the narratives, thereby providing more profound insight 

into RQ2. A table of the number of words encompassing the NRC lexicon can be found 

on Table 5.  

 

 

 

Table 5  
Words in the NRC Lexicon 

   

Category 
Number of 

Words 

Emotions  

 Anger 1247 

 Anticipation 839 

 Disgust 1058 

 Fear 1476 

 Joy 689 

 Sadness 1191 

 Surprise 534 

 Trust 1231 

Sentiments  

 Positive 2312 

 Negative 3324 

   

     
       Source: Naldi, 2019 

 

 

 

Latent Dirichlet Allocation. Next, I applied the LDA algorithm to the DTM to 

conduct the unsupervised learning technique for topical analysis (Biel et al., 2003). LDA 
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is the most popular method of topic modeling applied in computer science research. The 

algorithm has been used in marketing and business research to determine language and 

topic patterns, and associations between words by means of Bayesian inferencing (Blei et 

al., 2003). With respect to health communication, LDA has also been employed in the 

study of FDA warning labels (Bisgin, Fang, Xu, & Tong, 2011), and medical records 

(Zeng, Redd, Rindflesch, & Nebeker, 2012), and to detect anxiety-related posts on Reddit 

(Porter, 2018). Biel and colleagues (2003), developed the LDA topic model algorithm to 

use variational expectation maximization to estimate the parameters of topical 

distribution for documents. Bayer and Michael (2019, p. 4) best characterized LDA as “a 

generative statistical model with the following process:  

For a corpus D, with M documents with N words and K topics where i ∈ {1,...,M} 

indicates a specific document, k ∈ {1, . . . , K} indicates a specific topic, and j ∈ 

{1, . . . , Ni} indicates a specific word.  

1. Choose βk ∼ Dirichlet(δ) 2. Choose θw ∼ Dirichlet(α) 3. For each of the N 

words wi  

a. Choose a topic zi,j ∼ Multinomial(θ) 

b. Choose a word wi,j ∼ Multinomial(zi,j )”  

To simplify the explanation, the LDA algorithm allowed me to explore the narratives as a 

mixture of topics, with each topic being a mixture of words defined by the parameters of 

the distribution of words found. In LDA, a model is developed from the narratives, and 

the model assumes each narrative has a finite set of topics. Further in LDA, each topic is 

a multinomial distribution of the vocabulary of words in a corpus, with each term drawn 

from one topic (Porter, 2018). Thus, LDA determines the Beta coefficients for each word 
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in a topic, resulting in a topic-word density for each word. As a result, Beta is statistically 

defined as P(term | topic) (Bayer and Michael, 2019).  

LDA was further extended in this study to classify the type of topics found for 

each level of social media engagement. When this classification technique applied, I 

interpreted the gamma value calculated for each topic. Gamma values describe the 

proportion of the document variable, in this case social media engagement, that is made 

up of words from the appointed topic (Sevier, 2017).  LDA is said to be relatively 

objective, when compared to traditional content analysis, due to the employment of 

mathematical computations to determine the topics (Porter, 2018). Moreover, LDA has 

been  proclaimed as an added layer of validity when conducted in addition to traditional 

content analysis methods (Barry et al., 2018).  

 

 

Figure 3. Metrics to Determine Topic Numbers, Source: Nikita, 2016 
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LDA parameters. Other than the textual data from a corpus of documents, 

modeling requires setting the algorithm’s β and topic number parameters. Due to the lack 

of literature in the scholarship delineating parameters applied to mental health narratives 

in LDA topic modeling, I set the β parameters to their default values of 1 divided by the 

number of topics. During analysis, the LDA topic model was fitted to the DTM based on 

an apriori number of topics. LDA is similar to exploratory factor analysis and cluster 

analysis in that a conglomerate of words are reduced to the various dimensions and 

ascribed to a number of topics the researcher sets beforehand (Banks et al., 2018; Finch et 

al., 2018).  To determine the topic numbers, I used the density statistic metrics defined by 

Nikita (2016) and delivered in the ldatuning package in R. The results of the metrics are 

displayed in Figure 3, which gives a range of possible topic numbers.  

In this case, the metrics recommend utilizing anywhere from 6 to 10 topics in the 

application of LDA. In addition to the metrics, I was cognizant of balancing the degree of 

specificity and the degree of interpretability on analysis. Hence, I tested all the possible 

topic numbers. Analyzing the range of possibilities, I found applying six topics to the 

model provided very general word distributions to define its topics, making it difficult to 

interpret. As the number of topics increased, interpretability and specificity became 

clearer. However, at ten topics, three or more topics appeared to overlap semantically 

upon interpretation, leading to less specificity. To eliminate redundancy, nine topics were 

chosen for the final LDA topic modeling application.  
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Results  

 The results of the analysis provide insight into the topics and sentiments 

expressed in the mental health narratives. The next sections describe the results of text 

mining using frequency counts and sentiment analysis from the aforementioned pre-

defined lexicons. The final section describes the results of LDA deployment on the 

narratives in general, and the classification of topics based on level of social media 

engagement.  

Frequency of Words and Bigrams. The frequency of words and bigrams 

provided insight into RQ1 and RQ2, and the violation and emotion themes discussed in 

the narratives. Figure 4 presents the top 20 single words found. The top 20 words lists 

people (n = 925), mental (n = 907), health (n = 661), and time (n = 500) as the most 

frequent, firmly establishing the context of the narratives as within the domain of mental 

health. Furthermore, words such as feel (n = 497), felt (n = 280), anxiety (n = 398), 

depression (n = 348), and illness (n = 371) permeate the text, suggesting a strong 

proclivity towards sharing stories related to the emotional experiences faced by the 

authors. The frequency of the words people (n = 925), friends (n = 270), someone (n = 

322), and work (n = 306), indicate the actors and settings of concern found in the 

narratives, which confirms violation patterns found in Study one of this dissertation.  
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Figure 4.  Rank of Top 20 Words 

 

 

 

I also explored the most frequently used two-word tokens for analysis (See 

Appendix D  for example list of bigrams found in the data). Because bigrams can deliver 

discernment into the context of multiple words, bigrams have been found to provide 

better results of trends and information than separated single words, and can further 

confirm the domain of a corpus of documents (Hachaj & Ogiela, 2016).  To no surprise, 

mental health was the most frequent bigram (n = 616), and mental illness the second 

most frequent (n = 239). Upon deeper analysis, specific disorders are mentioned in the 

top bigrams, suggesting these conditions may greatly affect many who suffer from MHI: 

eating disorders (n = 52), personality disorders (n = 44), health issues (n = 40), bipolar 

disorder (n = 35), self-harm (n = 32), borderline personality (n= 29), panic attacks (n = 

19), social anxiety (n = 15), suicidal thoughts (n = 15), and intrusive thoughts (n = 14).  
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Bigrams additionally described in more detail the actors of relevance found in the 

narratives including: social media (n = 22), close friends (n = 17), line manager (n = 16), 

and a family member (n = 15).  Important to note are other themes that can be gleaned by 

the association of words such as own life (n = 22), attention seeking (n = 18), don’t 

understand (n = 17), and stigma surrounding (n = 14). These bigrams parallel the 

violation themes defined in study one of this dissertation as well. Furthermore, elements 

of time were found prominent in the narratives including: long time (n = 26), years ago (n 

= 25), and bad day(s) (n= 25).  

I further conducted a bigram graph-based analysis (BGA) to investigate patterns 

and connections between bigram sets, to derive more specific connected themes that can 

be inferred computationally. According to Hachaz and Ogiela, BGA can be “applied to 

identify the most common subjects of discussion in English – spoken social media” 

(2018, p.1).  Figure 5 presents a network graph of the narrative bigrams. 

The parameters I set to generate the graph were based on directing the computer 

to populate the graph when the frequency was greater than nine in the narratives, which 

was chosen after repeated exploration with frequency count parameters, and based on the 

specificity and interpretability possible with the visualization. This additionally allowed 

for similar tokens such as “family member” and “family members” to be aggregated 

under one visual group of nodes.  
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Figure 5. Bigrams Network Graph 

 

 

 

As can be confirmed by the data, mental health and mental illness are at the center 

of the patterns as they are the most common. Surrounding the mental health center point 

are bigrams forming information clusters diminishing in frequency of co-occurrence of 

words as it spreads outward. A limitation to BGA is that data nodes found in the outer 

edges have relatively low frequency. Thus, the nodes connecting words such as I’ve 

found located at the edges are somewhat incomplete and difficult to ascertain context.  

BGA led to the detection of multiple key themes discussed in the narratives, 

characterized by word associations found in the visualization. Self harm (n = 51), self 

esteem (n = 14), and self care (n = 10)  are the subjects mentioned pertaining to the self in 

the bigram analysis. The themes add context to multiple intrapersonal violations found in 
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study one, in which authors have often committed to behaviors that are disingenuous to 

the self, and engage in activities of diminished self-care and self-harm. Suicidal (n = 15), 

intrusive (n = 14), and negative (n = 11) are the most frequent type of thoughts discussed 

in the narratives, confirming the fight or flight violations experienced as a result of 

uncontrolled thoughts and emotions. Family members (n = 27), close friends (n = 17), 

and general discussions of friends and family (n = 12) were the most frequent social 

groups discussed in the narratives, additionally confirming close social networks as the 

primary actors dominating the stories of those with MHI. The following disorders were 

the most frequently discussed: eating disorders (n = 81), bipolar disorders (n = 52), 

borderline personality (46), obsessive-compulsive (n = 21), social anxiety disorders (n = 

15), and anxiety with depression (n = 10).  

 A repeated theme in the narratives concern seeking help (n = 21), suggesting 

authors do see the importance of finding support and assistance with MHI. Likewise, an 

additional subject permeating the data is the concept of attention seeking (n = 21), a 

theme identified as a violation in attitudes and beliefs from study one. Moreover, key to 

understanding MHI is the duration sufferers are afflicted. The co-occurrence of words 

such as, long time (n = 26) and long term (n = 16) asserts the premise of the duration of 

which MHI affects people. This theme parallels the violation in study one that MHI is 

often perceived as something that can be quickly fixed. However, MHI sufferers 

described it as a misconception and maintain that MHI is long-term confrontation they 

must overcome daily. The co-occurrence of the word stigma with the words attached (n = 

10) and surrounding (n = 14) suggests stories about MHI often describe the type of 
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stigma MHI sufferers face, and deeper content analysis into the dimensions of stigma 

could be gathered by further analysis of the narratives. Lastly, two concepts arise from 

the bigrams pertaining to people. The bigrams showcase connections forming  people 

don’t understand (n = 17), and people feel ashamed (n = 10), as recurrent co-occurring 

terms, suggesting the shame and lack of understanding by people in general are common 

topics discussed in MHI stories.  

 

 

 

Table 6    
Words Detected in Narratives using Bing and NRC 

Dictionaries 
    
Dictionary Category No. of words  

Bing Positive 515  

 Negative 1,070  

 Total 1,585  
NRC Anger 369  

 Anticipation 290  

 Disgust 262  

 Fear 422  

 Joy 253  

 Sadness 391  

 Surprise 174  

 Trust 393  

 Positive 718  

 Negative 878  

 Total 4,150  
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Sentiment Analysis Results. The following results allowed me to track the 

emotions and sentiments described in the narratives, thereby providing a description of 

the nature of emotions found in the narratives to address RQ2. Table 6 above displays a 

summary of the frequency of words identified in the narratives by the Bing and NRC 

dictionary. The deployment of the Bing lexicon on the dataset led to the detection of 

1,585 positive and negative words classified as negative (n = 1,070) and positive (n = 

515) respectively.  

 

 

 

Figure 6. Sentiment Word Cloud 

 

Overall, findings based on the Bing lexicon indicate the narratives lean towards 

more negative sentiments, suggesting that mental health stories are typically negative in 
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nature. In fact, according to the words detected in the Bing dictionary, negative words 

dominate the narratives with almost double the frequency of positive words. Further 

analysis into the type of negative and positive words were done. Figure 6 presents the top 

20 positive and top 20 negative words, detected by Bing in a word cloud. The most 

common words representing negative sentiments revealed by the dictionary is anxiety (n 

= 398), illness (n = 371), depression (n = 348), disorder (n = 224), and stigma (n = 160), 

highlighting the adverse emotional experiences linked to MHI. The most common 

positive sentiment words include work (n = 306), support (n = 214), good (n = 132), 

important (n = 89), and enough (n = 84) describing the positive sentiments linked to 

MHI. Additional analysis was necessary to analyze words past mere valence 

characteristics, and determine which words are linked to specific emotions in the 

narrative. Thus, the NRC dictionary was applied. 

Figure 7 presents the most common words for each emotion and sentiment found 

by NRC. The dictionary detected 4,150 words associated with the emotion and 

sentiments categories. Fear words were the most frequent (n = 422), followed by trust (n 

= 393), sadness (n = 391), anger (n = 391), anticipation (n = 290), disgust (n = 262),         

joy (n = 253), and surprise (n = 174). Much like the Bing dictionary, the narratives were 

comprised of more negative sentiments (n = 878) than positive sentiments (n = 718) when 

NRC was employed. An analysis of top words of each emotion was additionally done. 

Focusing on the emotion categories, I interpreted each of the emotions, based on 

semantic patterns in the most frequent words detected by NRC.  
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Figure 7. NRC Lexicon Emotions and Word Contributions  

 

 

 

Anger was associated with words such as anxiety, stigma, struggle, fight,  battle, 

challenge, and discrimination, suggesting external experiences prompting stigma and 

discrimination are linked to anger. Feelings of anticipation were related most frequently 

to the words time, anxiety, diagnosis, and journey, showcasing the link between 

anticipation and anxiety surrounding the diagnosis and journey of MHI. The emotion of 

disgust was comprised of words such as stigma, suffering, ashamed, and shame, 

indicating the concept of shame has bearing in stories where disgust is communicated. 
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Fear contained patterns of words regarding the actual mental health condition, with the 

most prominent words being illness, disorder, and diagnosis. This pattern suggests that 

authors of the narratives feel great fear surrounding their experiences with the symptoms, 

illness, and diagnosis of their mental health.   

When it comes to emotions of joy, the terms feeling, good, and friend are the top 

three words, followed by love and found. Results suggest that joy is deeply rooted in 

friendship and finding love, as well as safety and hope. Sadness was linked to words such 

as anxiety, and depression, as well as patterns of words alluding to experiences of 

struggle, shame, and worry. Thus, it appears the emotion of sadness co-occurs with a 

wide variation of other negative emotional expressions. In contrast, surprise was 

associated with the words feeling, good, hope, lucky, smile, and laugh, suggesting that 

those who suffer from MHI are most surprised when positive experiences occur. Lastly, 

words linked to the concept of trust include feeling, good, diagnosis, friend, school, 

important, understanding, real and happy. Such a wide swatch of terms suggest that a 

person with MHI may develop trust when multiple areas of one’s life is addressed, and a 

deep understanding of their experiences is met. 

LDA Algorithm. The unsupervised topic modeling LDA algorithm was applied, 

resulting in nine distinct topics to answer RQ3. Table 7 presents results of the algorithm. 

The nine topics were manually labelled by the researcher according to the patterns found 

in the multinomial word distributions by the algorithm. Results indicate all narrative 

message topics clearly provide a framework specific to the mental health illness 

experience. The main themes that emerged include: (1) stigma and silence, (2) social 
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anxiety, (3) MHI through time, (4) MHI at work, (5) time for help and support, (6) a day 

in the life with MHI, (7) stories about the time of diagnosis, (8) general stories about 

personal experiences, and (9) specific stories about talking and support. Table 7 presents 

the topics and their associated β values for top words, displaying their respective 

contribution to the topic is found in table 8. As previously mentioned, the β parameters 

were set to their default values of 1 divided by the number of topics. 

 

 

 

Table 7 
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Table 8 

Beta Values for Top Words per Topic  
   

# Topic Top 15 words β 

1 Stigma and silence β = 0.150 

2 Social anxiety β = 0.147 

3 MHI through time β = 0.204 

4 MHI at work β = 0.175 

5 Time for help β = 0.145 

6 Feelings surrounding MHI β = 0.156 

7 Time of diagnosis β = 0.145 

8 General personal experiences β = 0.154 

9 Talking and support β = 0.135    
   

 

 

 

Figure 8 below additionally displays the top words associated with each topic in a 

clearer bar chart. Fifteen words were chosen as the basis for this analysis, and was 

expanded from the previous exploration of five, seven, ten, and twelve words. There are 

no set word number standards in the scholarship that I am aware, and I have seen 

interpretation used in this capacity with as little as five words, and as much as twenty-five 

in the literature. 

Based on the results, I infer that the first topic primarily explains stigma and 

silence (β = 0.15), as the word stigma is not found in any other topic categories. 

Moreover, the word associations of don’t, talk, see, in combination with illness and help 

echoes the qualitative thematic analysis in study one, in which authors describe not 

feeling safe enough to talk, or able to portray their genuine self to others due to larger 

societal violations, such as stigma and misinformation. LDA also picked up patterns in 
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words that denote anxiety in social settings and in social interactions (β = 0.15). The 

theme of social anxiety is thus characterized in topic two where the words feel and 

anxiety occupy a higher occurrence, alongside slightly less common terms in the topic 

such as work, friends, and someone.  

 

 

Figure 8. Top 15 Terms in Each LDA Topic 
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Topic three signifies the importance of time in MHI and includes words such as 

time, years, day, and life (β = 0.20). In essence, topic three reveals the subject of mental 

health illness and its duration, echoing study one findings that MHI is a challenge that 

remains long-term, contrary to the misperceptions that changing attitudes, shifting 

towards positive emotions, or taking medicine could cure any mental health condition. In 

topic four, the word work figured more conspicuously in this grouping than its presence 

in topic two and eight. Juxtaposed with words such as health, mental and anxiety, I 

surmise that topic four describes narratives which focus on mental health and anxiety in 

the work settings (β = 0.18).  

The mixture of words found in topic five signals an assertion in the messaging 

that it is time for help and support with regards to MHI (β = 0.15). The words time, feel, 

help, and support figure prominently in this topical theme, with clear direction that the 

support should come from  people, someone, and friends.  In topic six, the words people, 

mental, feel and illness are detected at the forefront of the theme, describing the feelings 

surrounding MHI (β = 0.16). In this corpus, depression and anxiety are characteristically 

prominent as well. A minor theme additionally emerges in the words don’t and talk, 

suggesting a strong connection between the reoccurring concept of remaining silent and 

the emotions related to depression and anxiety in the narratives.  

Topic seven underlines a unique category with the detection of the words started, 

illness, times, and time in close association with each other. The word patterns denote 

narrative themes describing experiences during the time of diagnosis, or when MHI first 

started (β = 0.14).  Topic eight underscores a more general theme alluding to personal 
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stories of MHI (β = 0.15). I determined the label for this topical group considering the 

words I’m, people, and mental as top words, followed by experience, life, and illness. 

With only the word own being unique to this category, this topical theme highlights the 

personal, yet general, messages shared in the narratives.  

The last topic parallels positive violation findings found in study one, regarding 

the link between talking and support (β = 0.135). The words someone, support, talk, help, 

work, life, and school underline themes regarding health and help seeking behaviors in 

the context of mental health. I can look to the positive violations in study one to interpret 

this topical category, which I surmise contains messages that elucidate on the importance 

of listening without judging, self-disclosure that led to immediate support, and social 

interactions that encouraged talking.  

Topical Analysis by Levels of Social Media Engagement. Using the nine topics 

detected by the LDA algorithm, I employed LDA to conduct an unsupervised 

classification technique that assigns each of the nine topics to the low, medium, and high 

social media engagement categories. Figure 9 presents the topics for each engagement 

level derived by the LDA algorithm and their associated gamma values. Results indicate 

that low social media engagement (n = 66) are centered around topics of social anxiety (Γ 

= .37), MHI stories through time (Γ = .16), and talking and support (Γ = .47). Moderate 

social media engagement (n = 68) encompasses topics of MHI in the work setting (Γ = 

.27), assertions that it is time for support and help (Γ = .45), and feelings surrounding 

MHI (Γ = .28). High social media engagement (n = 71) is linked to topics of stigma and 
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silence (Γ = .29), stories about the time of diagnosis or when MHI first started (Γ = .34), 

and general personal experiences about MHI (Γ = .37).   

 

 

Figure 9.  LDA Topics Assigned to Levels of Social Media Engagement 

 

 

 

Table 9 below presents the topics and gamma values by each social media level. 

A few interesting patterns emerge from the LDA topic classifications. First, results reveal 

a large proportion of the low engagement narratives discuss talking and support. 

Likewise, at the moderate level, a similar topic labelled “time for help” is detected as the 

highest topical gamma value. The one difference between the two topics is that the 
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pattern of words associated with “time for help” allude to assertions and declarations that 

it is time for help from multiple people in the lives of those suffering from MHI.  

 

 

 

Table 9  

Gamma values classified for each level of social media engagement  
  

Topic gamma 

Low  
   Social anxiety Γ = .37 

   MHI through time Γ = .16 

   Talking and support Γ = .47 

Moderate  
   MHI at work Γ = .27 

   Time for help Γ = .45 

   Feelings surrounding MHI Γ = .28 

High  
   Stigma and silence Γ = .29 

   Time of diagnosis Γ = .34 

   General personal experiences Γ = .37 
  
  

 

  

  

  
This suggests that perhaps messages containing more detailed directives towards support, 

similar to calls for action, prompt audiences into increased social media engagement.  

Message cues prompting increased social media engagement is not unheard of in the 

literature. For example, a study on consumer-brand messaging and Facebook engagement 

found a positive relationship between interactivity cues and engagement outcomes such 

as likes, shares, and comments (Moran, Muzellec, & Johnson, 2019). It is possible that 

personal narratives are an efficient message platform to carry cues towards enacting 

social media behaviors as well.  
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Lastly, the types of topics classified for high levels of social media engagement 

suggests that perhaps high violation experiences associated with the LDA topics, have 

greater influence on prompting social media engagement. In the violation themes in study 

one, much of the narratives discussed interpersonal violations occurring in attitudes and 

beliefs, systemic interactions, and responses to behaviors that are a condition of MHI, and 

the disclosure of the diagnosis. These echo the LDA topics assigned to high levels of 

engagement in that stories about stigma, encounters during the beginning of mental 

health illness, and other very personal experiences, likely carry messages containing 

interpersonal violations. More research is needed to exact the details of such an 

association, and it is beyond the scope of this dissertation. For the R programming code 

used in this study, see Appendix E.     
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CHAPTER SIX: STUDY THREE, QUANTITATIVE CONTENT ANALYSIS 

 

 

 

Introduction 

 

This chapter explains the methods and results of the final study of the dissertation, 

a quantitative content analysis to investigate expectancy violations and emotions, and its 

influence on social media response behaviors. Content analysis is described as a 

systematic, objective, quantitative analysis of message characteristics (Neuendorf, 2002). 

In particular, I used narrative analysis to provide description of narrative features 

representing mental health experiences, with focused attention on the characters’ personal 

stories of violations and emotions. The main character of all the mental health stories 

were the authors themselves who described difficulties, choices, and challenges 

surrounding mental health illness alongside secondary actors such as society, the media, 

family, friends, and work colleagues. Thus, I set out to identify and quantify the 

emotional message features communicated by characters in the narrative, the messages 

crafted by the organization in Facebook posts, and the expectancy violations broadcasted 

that incited them. Subsequently, a series of hierarchical regressions containing three 

blocks, or steps, were conducted on the engagement variables of total comments, shares, 

and emoji reactions. By doing so, we can better discern the variance apportioned to 
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violations, discrete emotions, and emotional shifts respectively for social media response 

behaviors, above and beyond the factors of message length and readability.  

Data  

 In contrast to study one and two, data from study three was comprised of both 

Facebook post messages, as well as the online narrative texts collected from January 

2019 through July 2020. This allowed for the ability to explore the multiple message 

types the audience would be exposed to online, permitting a comprehensive 

understanding of violations and emotions expressed in short-form communication that is 

characteristic in Facebook posts and long-form messages found in narratives. Moreover, 

the two message types were crafted by different sources, one being organizational, and 

one being by an individual. The entire full-text body for each mental health narrative, and 

their associated Facebook posts providing a sample of 205 mental health message cases. 

Unfortunately, it was difficult to ascertain sociodemographic aspects of followers, such 

as race, class, and gender, due to the nature of the digital space permitting the 

disembodiment of sociological markers (Thiel, 2005). As a result, message features 

described below were the key variables identified and coded for in the quantitative 

content analysis. 

Data Analysis 

 This section outlines the methods for content analysis, from code development, 

code procedures, and operationalization of variables. I employed content analysis to 

identify violation and emotion variables. I additionally collected readability scores and 
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word count as control variables. This study builds on violation theme findings from study 

one, and further explores emotion message characteristics to measure their influence on 

social media response behaviors.   

Code Development. I initiated this study with an apriori design, and all decisions 

on variables, their measurements, and basic coding rules defined before analysis. I 

developed the codebook primarily based on theory and previous literature on expectancy 

violations and emotions. However, a combination of deduction and induction was applied 

to further develop and identify variables, and the initial codebook was consequently 

revised (see Appendix F for codebook). First, the qualitative scrutiny of expectancy 

violations, via grounded theory in study one, led to a model for researchers to detect and 

quantify violations and violation valence. Moreover, the textual sentiment analysis in 

study two provided additional insight into the nature of emotions in the mental health 

context. This process applied the grounded, or “emergent,” process of variable 

identification (Neuendorf, 2002), in which I first explored a representative subset of the 

sample to further define violation variables that emerged in study one, and emotion 

variables in study two. Hence, violations and emotions were identified and classified in 

this final study based on the emergent themes and content found in previous studies. 

Next, research on discrete emotions by Dillard and Shen (2007) was adapted and 

employed to define the seven discrete emotion variables in the study. However, early 

analysis of narrative data found some emotional encounters did not fit well in the pre-

determined codes. Dillard and Shen assert that when studying the influence of emotions, 

“it is essential to remain cognizant of various contextual factors such as setting, message 
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topic, and response options” (2007, p. 330). Thus, the encounters communicating discrete 

emotions were discussed, elaborated upon, and expanded using consensual qualitative 

technique applied to the context of mental health, bearing in mind that emotions in 

mental health will have unique features from emotions found in politics, or emotions 

found in interactions with physical health conditions (Hill, Thompson, & Williams, 

2014). In consensual qualitative method, decisions about data are made by an agreement 

to incorporate perspectives of multiple researchers (Hill et al., 2014). In this case, two 

researchers reviewed a sample of mental health narratives for preliminary exploration and 

training, while meaning units and classifications for all variables were coded 

independently based on the initial codebook. This procedure was further applied for the 

evaluation of all variables of interests during coding development. 

Of particular note in this step was that the identification of the seven discrete 

emotions in Facebook posts proved to be challenging, largely due to the lack of 

exposition from the shorter message text format. A very low number of emotion 

variables, save for sadness and fear, could be detected in the posts, and most emotions 

were not present. This led to poor validity of measures of discrete emotions when applied 

to Facebook posts. This was not surprising as the organization, and not the author of 

narratives, typically constructed the posts and thus were less likely to communicate 

emotions felt by the authors. Moreover, despite Facebook allowing for a maximum of 

63,206 characters in a message, the organization did not utilize the full character limit. A 

review of the literature on other measures of emotions were done to determine alternative 

measures. The decision was made to identify Facebook emotional valence of posts 
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instead, categorized as negative, positive, or neutral, while full-text narratives continued 

to be analyzed for seven discrete emotions.  

Similarly, identification of violation valence of Facebook posts proved 

challenging due to the lack of description provided by the organization in a message 

posts. Further, without the benefit of elaboration as found in longer form messages such 

as narratives, a Facebook posts’ violation valence was potentially conflated with 

emotional valence, leading to questions of validity during coding. Thus, violation valence 

for Facebook posts were omitted from analysis while still remaining in the narrative 

coding. However, the absence or presence of violations remained in the analysis for 

posts. Accordingly, the final designation of competing perspectives for all variables were 

determined through discussions that achieved consensus between the researchers. All 

codes were amended based on resolution of these considerations and further clarified the 

operational definitions of the variables. The operational definitions are further discussed 

in the variables section below. 

Code Procedures. The final codebook was applied by myself and one other 

researchers to code each violation and emotion characteristics for narratives and 

Facebook posts. The codebook was replete with definitions and examples to clarify 

ambiguous concepts (see Appendix F). Coders were given paper-printed narratives, with 

associated Facebook posts, and unique randomly assigned numbers used for 

identification. In content analysis, basic validation of coding procedures is accomplished 

when a minimum of two individuals apply a coding scheme with similar results 

(Neuendorf, 2002).  
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We first analyzed 20% of a random sample of narratives and posts (n = 41) to 

achieve intercoder reliability for each variable, before independently coding the rest of 

the narratives. When vague or competing concepts required clarity during this process, I 

met with my fellow researcher to discuss justifications for coding decisions. Narratives 

were revisited when variables were found to be unclear, and re-coded as required based 

on these discussions and review of the operational definitions. I used ReCal2 (Freelon, 

2013) to calculate intercoder reliability for all violation and emotion variables, revealing 

broadly-used coefficients such as Cohen’s Kappa and Krippendorf’s Alpha. I used both 

the percent agreement and Cohen’s Kappa for determination because Kappa is touted as 

the most widely used and reliable coefficient assuming nominal-level data (Perrault & 

Leigh, 1989). All variables exhibit percent agreement above 82%, and Cohen’s Kappa 

above .70. See Table 10 for intercoder-reliability results.  

 

 

 

Table 10   
Intercoder Reliability   
   

Variable Cohen's Kappa Percent Agreement 

Narratives   

Violations 0.71 85.3% 

Violation Valence 0.96 98.2%% 

Anger 0.73 92.7% 

Fear 0.86 95.1% 

Sadness 0.73 92.7% 

Guilt 0.72 90.2% 

Happiness 0.80 92.7% 
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Contentment 0.71 85.4% 

Surprise 0.72 92.7% 

Facebook Posts   

Violations 0.76 88.1% 

Emotional Valence 0.74 82.9% 
   
      

 

 

 

What constitutes an acceptable level of intercoder reliability is highly contested in 

the literature, with criterion varying widely. In terms of percent agreement, Frey, Botan, 

and Kreps (2000) assert a 70% agreement as reliable. Likewise, a coefficient at or greater 

than .70 is considered acceptable for establishing intercoder reliability using Cohen’s 

Kappa in communication (Keyton, 2006), while a Kappa of .75+ indicates excellent 

agreement beyond chance (Neuendorf, 2002). Based on this criterion, all variables have 

established sufficient to excellent reliability.   

Variables and Operationalization  

This section provides the description of variables used for this study. Data for 

content analysis was recorded on excel spreadsheets, and later uploaded onto SPSS. Each 

narrative and associated Facebook post represented one case. In addition to the content 

described below, coders were also directed to include the following on the excel: 

Facebook post date, number of comments, shares, and total of each emoji type. 

Violations. The study employed the Expectancy Violations Theory to define 

violations (Burgoon, 1993). Moreover, the emergent process of variable identification 

with grounded theory analysis in study one informed the schema for violations in this 
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study. Violations were clarified based on the existence of expectancies expressed in the 

stories and the model of intrapersonal and interpersonal themes described in study one. 

Each paragraph of a narrative was coded 0 as absence of violations, and 1 representing 

violation presence, and later tabulated as a measure of the total number of violations for 

an individual narrative. Each Facebook post was coded 0 as absence of violations, and 1 

representing violation presence. 

 

 

Table 11  

Examples of Violations Within Narratives 

  
Violation and 

Valence 

Examples in Narratives 

Fight or Flight 

 

Negative I worry about a minor quibble or mistake 

until it evolves into an apocalypse-style 

scenario. Logically, I know what I'm 

thinking is implausible or even impossible, 

but in that moment, the fear is incredibly 

real.  

Positive When thinking about how I was able to stop, 

it was a combination of getting to know 

myself better, gaining a better 

understanding of the underlying feelings I 

was experiencing, and finding distraction 

techniques, alternatives to self-harming and 

other coping strategies. 
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Protective 

Negative It seemed like the easiest way to hide my 

anxiety was to hide myself. People have 

always commented that I am laid-back and 

relaxed, but if only they knew how I really 

felt inside and the struggle I go through to 

put on that facade. 

Positive I’ve discovered new hobbies like singing in 

a choir and going to the gym. I thought they 

were extravagant, but I and others noticed 

how much my health deteriorated when I 

stopped doing them. I’ve also started 

meditating - originally I’d pooh-poohed the 

idea, but taking time each day to just “be” 

is so grounding. 

 

Self-Worth 

 

Negative I feel incredibly guilty a lot of the time about 

being ‘too hard to deal with’ or being a 

burden on the people that I love. When 

things aren’t great, I hurt, and I don’t want 

you to hurt too. 

Positive I was allowed to take things at my own pace, 

and no one made me feel inferior. I wasn’t 

seen as a special case, or broken in anyway, 

which helps to normalize things. 

 

Response 

 

Negative My illness was quickly put down and 

questioned by others, who said insensitive 

things like, “but you seem so happy?”, “I’d 

never have thought that about you”, or “but 

your life is great.” 
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Positive A few days during the summer she came to 

my house and we just watched funny movies, 

cooked lunch together and just had a laugh. 

But it was as little as asking how I was 

feeling that made me feel like someone 

cared about me. 

 

Systemic 

 

Negative Services at university are overwhelmed, with 

advocating looking after student mental 

health rarely being mentioned, when it 

should be a priority. Feeling like 

universities don’t care is one of the hardest 

things to come to terms with. 

Positive Thankfully I used all the courage I had to go 

back to the doctors, fearful I’d have the 

same experience as before. I didn’t, and I 

have a fantastic set of doctors I know I can 

rely on and will always be there. 

 

Attitudes and Beliefs 

 

Negative These are some of the things I hear 

whenever I talk about my mental health. 

What makes me furious is the general 

misconception of how people with 

depression and anxiety should look or 

behave. If you are depressed, you should 

look depressed. You should look like you 

haven’t showered in days.  

Positive Conditions such as anxiety, depression, 

OCD, eating disorders, and bi-polar 

disorder, among others, are finally being 

considered as illnesses rather than weakness 

or excuses, and this is brilliant for us long 

term sufferers. 
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Violation Valence. As delineated by Burgoon (1993), violation valence is the 

degree to which a violation exceeds expectations (positive valence) or does not meet 

expectations (negative valence). Once a violation was identified for each paragraph of a 

narrative, an additional analysis was done to code whether an individual violation was 

negative or positive. Table 11 displays examples of positive and negative violations 

within their respective violation themes. All violations were coded 0 for negative valence, 

and 1 for positive valence. A conversion of total positive violations, divided by total 

violations, was tabulated to indicate the measure of violation valence for each narrative, 

with the higher the valence figure suggesting more positive inclination.  

Discrete Emotions. In my review of emotion literature, I assert the importance of 

understanding emotion as information that is subject to identification by researchers, and 

detected through the expression of emotions from communicators in a message. For this 

study specifically, I additionally adapted Dillard and Shen’s measures of seven discrete 

emotions (2007). Dillard and Shen describe discrete emotions as functions that operate as 

information processing systems meant to accommodate person-environment 

relationships. They assert that emotion is typically associated with an action tendency 

that aligns with the function of that emotion. Further, action tendencies are forms of 

engagement spurred by particular emotions (2007). Table 12  outlines the values, 

functions, and action tendencies associated with each emotion as distinguished by Dillard 

and Shen.  

Taken together, the function and action tendency may give us insight as to the 

emotional tensions and resultant behavioral response found in social media reactions. For 
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example, the table shows happiness functions as a self-reward mechanism. If the action 

tendency associated with happiness is to bask or bond, it may explain the increased social 

 

 

 

Table 12    
The signal values, functions, and action tendencies associated with various affects 
    
Affect Signal Value Function Action Tendency 

Surprise Novelty Orient Allocate Attention 

Anger Obstacle Remove obstacle Attack/ Reject 

Fear Danger Protection Revise/ Create new plan 

Sadness Failure Learning 

Review/ Recuperate/ 

Convalesce 

Guilt Transgression Self-Sanction 

Strive for standard 

attainment 

Happiness Progress  Self-Reward Bask/ Bond 

Contentment 

Absence of 

threat 

Conserve 

Resources Immobility 

        

Source: Dillard and Shen, 2007   
 

 

 

engagement associated with positive emotions found throughout the communication 

scholarship (Coviello et al., 2014; Davis & Pimpleton-Gray, 2017). It is important to 

note, however, that while statistically significant associations between specific emotions 

have been associated with withdrawal or engagement behaviors (Roseman, Wiest, & 

Swartz, 1994; Dillard & Shen, 2007), the literature largely recognizes emotions as highly 

context dependent. In fact, despite the action tendency schema by Dillard and Shen, they 

urge researchers to be cognizant of contextual factors, message topic, and response 

options in the study of discrete emotions (2007). Consequently, the reader should note 

that social media response behaviors to emotions may be different in mental health 
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messaging, compared to other health communication context, and compared to online and 

face-to-face communication.  

The following emotions were quantified for this study based on the adapted 

measures of discrete emotions by Dillard and Shen (2007), and were coded based on 

presence or absence expressed by the authors of each narrative. Table 13 below provides 

an example of each discrete emotion expressed in the narratives. 

Anger. Anger is characterized by expressions of irritation, anger, annoyance, and 

aggravation. It is a dichotomous variable with 0 indicating absence, and 1 indicating 

presence of the emotion in the narrative.  

Fear. Fear is characterized by expressions of fearfulness, being afraid, and 

being scared. It is a dichotomous variable with 0 indicating absence, and 1 indicating 

presence of the emotion in the narrative. 

Sadness. Sadness is characterized by expressions of sadness, dreariness, and 

dismay. It is a dichotomous variable with 0 indicating absence, and 1 indicating presence 

of the emotion in the narrative. 

Guilt. Guilt is characterized by expressions of guilt, shame, and being or feeling 

ashamed. It is a dichotomous variable with 0 indicating absence, and 1 indicating 

presence of the emotion in the narrative. 

Happiness. Happiness is characterized by expressions of elation, happiness, 

cheerfulness, and joy. It is a dichotomous variable with 0 indicating absence, and 1 

indicating presence of the emotion in the narrative. 
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Contentment. Contentment is characterized by expressions of peacefulness, 

contentment, mellowness, and tranquility. It is a dichotomous variable with 0 indicating 

absence, and 1 indicating presence of the emotion in the narrative. 

Surprise. Surprise is characterized by expressions of being startled, surprised, and 

astonished. It is a dichotomous variable with 0 indicating absence, and 1 indicating 

presence of the emotion in the narrative.  

 

 

 

Table 13  

Examples of Discrete Emotions Within Narratives 

  
Discrete Emotion  Examples in Narratives 

Anger And there’s the bad, filled with negativity and built-

in anger. 

Fear Sitting in a vast white room, crying, and utterly 

terrified to the point of trying to take my own life, I 

thought it was all too much. I had been awake for 

days, every moment adding to the ever-deafening 

roar of anxiety. 

Sadness It led me to depression, hardly leaving my bed, lack 

of motivation and an excessive amount of crying. 
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Guilt I feel incredibly guilty a lot of the time about being 

‘too hard to deal with’ or being a burden on the 

people that I love. 

Happiness Now I'm doing well in school. I can say I'm happy, 

and while I still have my bad days, I have the support 

I need from my friends and family. I feel like my past 

is behind me and now I just live life as good as I can. 

Contentment I was able to learn how to enjoy time with myself. I 

would describe them as one strange family, and I 

couldn’t be more grateful. Now I feel myself doing 

better. 

Surprise It felt like a safe space to do so, so I had no problem 

painting a pretty bleak picture of just how dark 

things had become for me, when all of a sudden, I 

was interrupted. ‘ I’m sorry Lucy, I don’t mean to be 

rude, but I really just don’t believe you.’ I sat in 

silence for what felt about 43 minutes (which in 

reality probably only lasted about 13 seconds) in 

utter disbelief at where on earth that comment came 

from. 

  

 

Emotional Valence. Due to the lack of exposition available in the shorter-form 

Facebook Posts to determine all possible discrete emotions, the emotional valence 

variable was employed in the coding schema for posts. In contrast to discrete emotions, 

this measure of emotion takes on a dimensional perspective, which characterizes affect 

and sentiments as motivational states illustrative of broad dimensions, such as low or 
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high arousal activation, negative or positive valence, or approach-avoidance (Davidson, 

1999; Lang, Bradley, & Cuthbert, 1990; Russel & Barrett, 1999). The valence state 

represents contrasting states of pleasure and displeasure (Mauss & Robinson, 2009), and 

the Facebook posts in this study were coded based on 1 indicating negative emotional 

valence, 2 for neutral or no valence, and 3 for positive valence. In the hierarchical 

regression analysis, this variable was dummy coded such that the neutral or no valence 

segment was the reference category. Table 14 displays examples of each valence type 

found in the narratives.  

 

Table 14  
Examples of  Emotional Valence Within Facebook Posts 

  
Valence Examples in Facebook Post 

Negative "Things which were once simple easy tasks became, 

undoable, I couldn’t think straight, I had huge 

feelings of being overwhelmed and struggled with 

severe bouts of anxiety." 

Louisa on how post-natal depression affected her 

work and personal life. 

Neutral "If you think someone is struggling mentally, just 

check they’re okay, let them know they matter to you. 

You don’t have to understand what they’re going 

through, you just need to be there for them." 

Caitlin talks about how we can help to reduce the 

stigma around mental health problems. 
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Positive "I finally felt like I’d found a workplace where I 

could feel valued and settled, and it meant so much 

to me" 

A supportive workplace, friends and family have 

made all the difference for Rachel 

   

  
 

 

 

Measures of emotional valence have been used in the extant scholarship to 

investigate tweets for automatic emotion detection models (Yan, Turtle, & Liddy, 2016) 

effects of emotions on social media use and citizen engagement on Weibo during the 

Covid-19 crisis (Chen, Min, Zhang, Wang, & Ma, 2020), and to examine emotion 

characteristics in the content analysis of alcohol harm reduction advertisements 

(Dunstone, Brennan, Slater, Dixon, Durkin, & Pettigrew, 2017). Much of the research 

explain valence and arousal as important co-occurring dimensions (Russel & Barrett, 

1999), paralleling the application of EVT and EBT in this study. Moreover, the 

perspective of emotions as internal mental states with varying valenced reactions 

associated with events and objects (Schwarz & Clore, 2003) maintains the view of 

emotional tensions arising from message stimuli, such as that which is spurred by stories 

revealing mental health violations in the dissertation.  

Emotional Shifts. The concept of emotional shifts has been advanced in the 

literature by Nabi and colleagues (Nabi 2014;  Nabi & Green, 2014; Nabi. 2010). Nabi 
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defines emotional flow as marked by one or more emotional shifts, further describing an 

emotional shift as a sequence of emotions: 

“from negative to positive (e.g., fear to relief), from positive to negative (e.g., 

happiness to sadness), and even from one negative or positive emotional state to 

another of a similar valence (e.g., fear to anger or happiness to pride)” (2014, 

p.117).  

Nabi additionally argues for a newer wave of research with the focus on collections of 

emotions evoked by a message, rather than a singular emotional state (2014, p. 114). She 

implores us to seek scholarship that explore the emotional sequences over the course of 

health message exposure. However, this dissertation does not seek to investigate the 

emotions of the receiver. I aim to examine the succession of emotions communicated in 

the narratives themselves.  

According to Nabi, there is little discussion in the literature of the persuasive 

effects of actual messages that contain emotional shifts (2014). My intention is to greatly 

enhance our understanding by addressing this gap in the literature through the exploration 

of shifts in the mental health narratives. Moreover, instead of considering additional 

emotions as incidental, as has been done in single-valence emotion research,  I 

reconceptualized emotion as information that is comprised of meaningful message 

(emotion) sequences potentially generating social media response behaviors.  Each 

narrative was coded for the presence or absence of a particular discrete emotion, and each 

shift from one emotion to another was counted as 1. The total progression of emotions for 

a narrative was then tallied to represent the measure of emotional shifts.  
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Control Variables. Message length and readability were used as control variables 

in the study. A word count was collected for each case using Microsoft Word’s document 

statistics features. An online readability calculator was used to determine readability 

statistics (Wordcalc, 2009) for both Facebook posts and narratives. See Table 15 for 

descriptive statistics of control variables. 

 

 

 

Table 15      

Descriptive Statistics of Control Variables   

      
  Mean SD Minimum Maximum N 

Message Length      

Facebook Posts 40.83 10.44 10 80 205 

Narratives 708.92 255.57 339 1904 205 

Readability      

Facebook Posts 4.46 1.27 1.80 8.10 205 

Narratives 3.71 0.67 2.00 5.50 205 

            

      
 

      

Message Length. Message length was operationalized as the number of words for 

each post, and the number of words for each narrative. Past research suggests message 

length has significant and positive effects on social media engagement (Choi et al., 2015; 

Mao, li, Yang, Fu, & Yang, 2020).  For example, a study of more than 6,000 Facebook 

posts of destination management organizations found that Facebook post length was 

positively associated with higher engagement rate represented by comments, shares, and 

likes (Mao, li, Yang, Fu, & Yang, 2020). In terms of the interaction between message 
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length and sentiments, Garcia, Garas, and Schweitzer (2012) investigated the impact of 

positive emotions on communication and social links, and found there is a positive bias in 

human expression as evidenced by increased word count and information content. They 

further found that negative words contained more information, and despite lower length, 

serves the function of transmitting highly informative and relevant events (Garcia et al., 

2012).   

Likewise, literature suggests that higher word counts are perceived as more 

useful, and representing greater depth in information comprehensiveness (Mudambi & 

Schuff, 2010; Cheng & Ho, 2014). To that effect, message length may prompt cognitive 

elaboration differently in longer messages such as narratives, influencing the degree to 

which the variable may act on the peripheral or central route processing. Therefore, as is 

advanced in ELM, message length can act as a length-based heuristic increasing 

elaboration motivation in narratives, while in shorter Facebook messages, less attention is 

given due to the variable due to its role as a peripheral cue (O’Keefe, 2016).  

Readability. Readability is defined as “the ease of understanding or 

comprehension due to writing style” (Klare, 1963, p.1), and was operationalized in this 

study using the Dale-Chall Readability formula (Chall & Dale, 1995; Dale & Chall, 

1948). Readability has been well-examined in the extant literature in the domains of 

psycholinguistics (Dubay, 2004), health education (Mandic, Rudd, Hehir, & Acevado-

Garcia, 2010), and health literacy(Crossley et al, 2020; Johnson & Griffith, 2017).   

Generally, reactions to textual communications are dependent on stylistics features and 

ease of readability, with reading ease associated with increased virality as has been found 
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in research of scientific articles online (Guerini, Pepe, & Lepri, 2012). Currently 

advanced in novel social media research is the important role readability plays in driving 

social media engagement. For example, a study of over 4,000 online posts from Humans 

of New York, a popular mixed photography and narrative blog, found that easy-to-read 

messages have more comments, shares, and likes (Pancer, Chandler, Poole, & 

Noseworthy, 2018). The impact could be largely attributed to the fluency effect in which 

readers tend to enjoy communication that is more easily processed (Alter & Openheim, 

2009). Readability is typically measured in the literature as word complexity determined 

by formulas of word length and number of syllables (Flesch, 1948; Gunning, 1952), or as 

syntactic complexity represented by average sentence length (Chall & Dale, 1995).  

 

 

 

Table 16  

New Dale-Chall Readability Scores and Grade Levels 

  
Score Grade level 

4.9 and Below Grade 4 and Below 

5.0 to 5.9 Grades 5 - 6 

6.0 to 6.9 Grades 7 - 8 

7.0 to 7.9 Grades 9 - 10 

8.0 to 8.9 Grades 11 - 12 

9.0 to 9.9 Grades 13 - 15 (College) 

10 and Above Grades 16 and Above (College Graduate) 

    

Source: Chall & Dale, 1995 
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The measure of readability employed in this study used the updated and expanded 

“new” Dale-Chall Readability formula (Chall & Dale, 1995; Dale & Chall, 1948), which 

is the most well-established measure using a formula considering both word and syntactic 

complexity. The Dale-Chall checks each text in the narrative and associated Facebook 

post with a compilation of 2,950 words understood by at least 80% of Grade 4 students 

(See Appendix G for a sample list of Dale-Chall words). Table 16 provides the score 

range, and its associated grade level.  

Social Media Response Behaviors. To analyze the data, researchers coded the 

narratives and Facebook posts based on the operationalization of the variables. I then 

calculated frequency counts, which was used to determine the key figures for variables of 

interest. Subsequently, multiple hierarchical regression analysis were done using SPSS. 

One of the key goals of this content analysis was to conduct model comparisons. By 

measuring the change in variance for violation and emotion message characteristics, one 

can investigate which predictors improve explanatory power in the  social media response 

to mental health messages. Moreover, it allows for testing of the integrated theories 

discussed in the previous chapter to determine if a model containing violations and 

emotions can help predict computer mediated behaviors. Table 17 demonstrates the 

descriptive statistics for social media response behaviors in the data. 

As indicated by the table, a large portion of total engagement from the mental 

health messages are comprised of emoji reactions, followed by shares, and finally 

comments. This is quite possibly the result of the nature of emotion acting as a peripheral 

cues as distinguished by ELM, leading to emoji reactions as the quickest and most 
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efficient way to reduce emotional tension. However, as has been discussed, there is a 

paucity of research on the impact of emotions in messages, particularly in CMC. I chose 

to conduct hierarchical regressions because it allowed me to measure the variance 

emotional message features specifically contribute to the differing social media response 

behaviors, thereby allowing for the explanation of how emotions and their shifts might 

impact comments, shares, and emojis differently.  

 

 

 

Table 17      
Descriptive Statistics of Social Media Response Behaviors  

      
  Mean SD Minimum Maximum N 

Comments 36.57 31.26 0 157 205 

Shares 177.11 146.72 17 1,064 205 

Emojis 390.62 238.89 53 1,500 205 

            

       
 

 

A key distinction between “hierarchical” regression and “simultaneous” 

regression modeling is its focus on incremental change in the variance explained of the 

dependent measures using the ∆R
2 

statistic (Cohen et al., 2003), whereas simultaneous 

regression involves the degree of change of dependent outcomes based on the lumping of 

predictors at one time. In essence, hierarchical regression models explain the unique 

variance in the dependent variable attributed to the predictors based on the series of 

blocks entered in the analysis, a necessary endeavor to be able to understand the unique 

contribution of independent variables investigated in the study.  
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In the initial block of the hierarchical regression, I controlled for message length 

and readability, variables which have been shown to influence social media responses. I 

entered the violation and violation valence variables in a subsequent block  to understand 

the additional variance accounted for in the outcome variables. In the final block, 

emotion variables were added, including Facebook emotional valence. Furthermore, due 

to multicollinearity concerns explained below, the narratives’ discrete emotions and 

emotional shifts were separately analyzed to determine the amount of variance in social 

media behaviors as a result of these distinct constructs of emotion.  

Results 

This section summarizes the results of study three. The initial section describes 

the frequency for the variables of interest. The final sections will summarize the results of 

the hierarchical regression models, in addition to answering the related hypothesis. Table 

18 presents the frequency of variables below.   

 

 

 

 

Table 18   
Frequency of Violations and Emotions in Messages 

   
  N Frequency 

(Percent)    

Violations 
  

Facebook Violations 104 50.7% 

Narrative Violations 205 100.0% 

     Negative Violations 204 99.5% 

     Positive Violations 58 28.3% 
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Discrete Emotions Narratives 

Anger 42 20.5% 

Fear 163 79.5% 

Sadness 155 75.6% 

Guilt 111 54.1% 

Happiness 39 19.0% 

Contentment 79 38.5% 

Surprise 28 13.7% 

 

 

Emotional Valence in Facebook Posts 

Negative 81 39.5% 

Neutral 88 42.9% 

Positive 36 17.6% 

      

N represents the number of narratives out of 205 

 

 

 

Violations. Research questions one asked, What is the nature of violations shared 

in online mental health messages? With regards to narrative analysis, the entire collection 

of 205 narratives was found to contain at least one, but no more than 11 violations per 

narrative (n = 205), which is not surprising considering the nature of the mental health 

subject itself associated with a high degree of stigma experienced by those with MHI. 

Further, 99.5% of the narratives contained negative violations (n = 204), as opposed to 

only 28.3% of narratives having positive violations (n = 58), underlining the impression 

that expectancies (intrapersonal and interpersonal) generally fall short rather than exceed 

the desires of those suffering from MHI.  

On average, a narrative contained five violations (M = 4.92, SD = 1.85), and in a 

count of positive and negative violations per narrative, results show they were 
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overwhelmingly negative in valence (M = .27, SD = .22), suggesting those who suffer 

from mental health illness prefer to broadcast negative experiences online. As pointed out 

in EBT, violation and violation valence could be explained as triggers inducing emotional 

tension, which further explains the reason for authors to share their stories in the first 

place. In terms of Facebook posts, results of the content analysis indicate approximately 

50% of post messages contained violations (n = 104), which underscores that Facebook 

messages may not completely espouse the pervasiveness of the violations and negative 

experiences the authors of the stories expressed. This is unsurprising since organizations 

typically construct the Facebook message and may not adequately reveal the elements of 

all content based on branding and channel limitations.   

Emotions. Research questions two asked, What is the nature of emotions shared 

in online mental health messages? Results indicate fear was the prevailing emotion 

existing in 79.5% of the narratives (n = 163), followed by sadness at 75.6% (n = 155). 

While guilt presented in 54.1% of the narratives (n = 111), anger was not as common, 

existing in only 20.5% of the narratives (n = 42). Taken together, it is clear negative 

emotions permeate an overwhelming majority of the mental health stories shared online. 

In terms of positive emotions, contentment prevailed with a frequency of 38.5% of the  

stories (n = 79), while happiness was found to be present in 19% (n = 39). Lastly, 

surprise was the least prevalent, discovered in only 13.7% of the stories (n = 28). In the 

literature, high arousal messages were more viral, particularly articles that elicited anger 

and amusement from surprise, yet both emotions occupied the lowest frequency in this 

narrative dataset. In contrast to the narrative analysis, Facebook posts demonstrate a 
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predominantly neutral emotional valence. Neutral emotional valence was found in 42.9% 

of posts (n = 88), followed by 39.5% coded as negative (n = 81). Similar to the narratives, 

positive emotional valence were the least detected and permeated only 17.6% of the 

Facebook posts (n = 36).  

Hierarchical Multiple Regression Analyses. Research question three asked, 

What is the relationship between mental health message features and social media 

response behaviors? A series of three-step hierarchical regressions were conducted to 

determine the relationship between social media response behaviors and the predictor 

variables of message length and readability at step one, Facebook and narrative 

violations, and narrative violation valence at step two, Facebook emotional valence and 

narrative discrete emotions in stage three. The second set of three-step hierarchical 

regressions were similarly employed, except the emotional shift variable was assigned in 

lieu of discrete emotions to answer the RQ. For all regression models p <.05 was used for 

statistical significance, and the set of variables for each of the steps were evaluated by the 

change in R2 statistic. 

Prior to conducting regression analysis, the relevant assumptions were examined. 

There were no cases of missing data. Scatterplots demonstrated the relationship between 

the relevant predictors and criterion variables appear approximately linear, and the data 

met the assumption of non-zero variances (see Appendix H for assumption statistics). An 

analysis of standard residuals was carried out on the data to identify outliers. Results 

indicate standard residual minimum was adequate for data in all models (Std. Residual 

Min. range = -1.89 to -1.54). However, while most models met the requirements of 



147 
 

standard residual maximum values, the maximum values were high for one case, 

narrative 113, for the models testing emotional shifts with shares and emojis (Shares Std. 

Residual Max = 5.80, Std. Emojis Residual Max = 4.52). Further inspection of case 113 

found no errors in data input, and no rationale for its removal. I additionally tested for 

influential cases using Cook’s distance. Cook’s Distance values were well under 1 

confirming individual cases, including case 113, were not unduly influencing the models. 

The decision was made to keep all the data, and no records were deleted from the dataset.  

Pearson’s correlations were computed for the variables to investigate the 

association between variables. The correlation matrix indicated none of the predictor 

variables were highly correlated. To further test whether the data met the assumption of 

collinearity, the tolerance and VIF statistics were gathered. Initially, some variables 

proved problematic. In the preliminary attempts to analyze the data, emotional shifts and 

discrete emotions were lumped together in block three. However, statistics revealed the 

emotional shift variable was multicollinear with all discrete emotions (Emotional Shift, 

Tolerance = .003, VIF = 313.43; Discrete Emotion Variables, Tolerance < .1, VIF > 

28.0). Since discrete emotions and emotional shifts are highly multicollinear, while at the 

same time measuring very distinct constructs of emotion, the decision was made to 

separate emotional shifts from analysis of discrete emotions. Thus, this led to the 

investigation of six hierarchical regression models, rather than three, with the application 

of discrete emotions and emotional shifts conducted separately on the dependent 

variables of comments, shares, and emoji reactions. The results of updated collinearity 

statistics, with the six restructured models, reveal the multicollinearity was no longer a 
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concern as tolerance scores were above 0.1, and VIF well below 10 for all variables (see 

Appendix H for collinearity statistics).  

The data also met the assumption of independence of error terms. The Durbin-

Watson statistic was obtained, and the values were close to 2 for all six regression models 

(Durbin-Watson range values for all models = 1.64 – 2.06). Moreover, histograms of 

standardized residuals suggests data had approximately normally distributed errors. The 

P-P plots, however, showed some points that were not completely on the line, indicating 

possible violation. However, only extreme deviations of normality are likely to 

significantly impact findings, and the results are likely valid. Lastly, scatterplots of 

standardized residuals versus standardized predicted values showed the data met the 

assumptions of homogeneity of variance and linearity, with points visually demonstrating 

no obvious signs of funneling, and fairly homoscedastic across all models. As all the 

assumptions were met, the series of hierarchical multiple regression analysis commenced.  

Hierarchical Regression Models for Predicting Comments. The first two 

hierarchical multiple regression models examined the relationship between comments 

and the predictor variables. Table 19 summarizes model one, demonstrating the 

regression analysis results considering all discrete emotions in the final block. The 

overall final model was found to be significant and explained approximately 20% of the 

variance in Facebook comments, R2 = .20, F (16, 188) = 2.89, p < .001. At step one, 

readability and message length accounted for 5% of the variance, R2 = .05, F (4, 200) = 

2.46, p < .05. After controlling for message length and readability, the violation variables 

signifying violation total and valence in the messages accounted for an additional 7% 
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(∆R2 = .067) of the variance in comments,  R2 = .11, F (7, 197) = 3.63, p < .01. The 

change was found to be significant. In step three, emotion variables significantly 

contributed an additional 8 % (∆R2 = .083) of variance in comments, R2 = .20, F (16, 

188) = 2.89, p < .001. Specifically, narratives that expressed sadness (β = .16, p < .05) 

were positively associated with Facebook comments, while narratives containing 

contentment  (β = -.20, p < .05) were negatively associated with comments. None of the 

other discrete emotions were found to impact comments, although anger displayed 

possible association, with closely significant contribution (β = .14,  p = .05). 

 

 

 

Table 19      
Hierarchical Regression Analysis Summary for Variables Predicting Comments (with 

Discrete Emotions) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.047 .047* 

 Facebook message length 0.18 2.62* 0.01   

 Facebook readability  0.04 0.47 0.64   

 Narrative message length 0.10 1.48 0.14   

 Narrative readability 0.04 0.56 0.58   
Step 2:    0.114 .067* 

 Facebook message length 0.16 2.24* 0.03   

 Facebook readability  0.04 0.47 0.64   

 Narrative message length 0.10 1.17 0.24   

 Narrative readability 0.06 0.78 0.44   

 Facebook violation presence 0.04 0.51 0.61   

 Narrative violations 0.02 0.29 0.77   

 Narrative violation valence -0.26 -3.84*** 0.00   
Step 3:     0.20 0.083* 

 Facebook message length 0.15 2.14* 0.03   

 Facebook readability  0.02 0.25 0.80   
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 Narrative message length 0.09 1.06 0.29   

 Narrative readability 0.08 1.06 0.29   

 Facebook violation presence 0.04 0.56 0.57   

 Narrative violations 0.03 0.35 0.73   

 Narrative violation valence -0.11 -1.47 0.14   

 Facebook negative emotion 0.05 0.66 0.51   

 Facebook positive emotion -0.10 -1.14 0.26   

 Narrative anger 0.14 1.95 0.05   

 Narrative fear 0.06 0.80 0.43   

 Narrative sadness 0.16 2.30* 0.02   

 Narrative guilt -0.02 -0.23 0.82   

 Narrative happiness -0.02 -0.22 0.83   

 Narrative contentment -0.20 -2.70** 0.01   

 Narrative surprise -0.05 -0.77 0.44   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

Results additionally revealed that length for Facebook messages provided 

significant contribution in steps one and two, and maintains its importance in step 3 (β = 

.15, p < .05). However, message length for narratives, and readability for both message 

types were not found to be significant. Likewise, the total violations of narratives, as well 

as the presence of violations on Facebook, had no bearing on comments. Yet, 

examination of a narrative’s violation valence was found to be highly significant in step 

two (β = -.26, p < .001), while the variable becomes insignificant once discrete emotions 

were included in the model in step three (β = -.11, p > .05). Quite possibly, the 

observation may reflect an indirect effect between violation valence and the discrete 

emotion variables. Further research would be needed to include mediation analysis to be 

certain of this claim, and is outside the scope of this dissertation.  
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The second hierarchical regression analysis for comments considered emotional 

shifts in the final step. Table 20 summarizes the model two results. Note that step one and 

two of these results are the same as the prior regression analysis considering discrete 

emotions. After controlling for message and violation variables, the emotion variables 

that included emotional shift as a predictor, contributed an additional 2% (∆R2 = .018) of 

variance in comments. This was not found to be a significant change in additional 

variance, and the emotional shift predictor was not found to be significant (β = .01, p  > 

.05). 

 

 

 

Table 20      
Hierarchical Regression Analysis Summary for Variables Predicting Comments (with 

Emotional Shifts) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.047 .047* 

 Facebook message length 0.18 .26* 0.01   

 Facebook readability  0.04 0.47 0.64   

 Narrative message length 0.10 1.48 0.14   

 Narrative readability 0.04 0.56 0.58   
Step 2:    0.114 .067* 

 Facebook message length 0.16 2.24* 0.03   

 Facebook readability  0.04 0.47 0.64   

 Narrative message length 0.10 1.17 0.24   

 Narrative readability 0.06 0.78 0.44   

 Facebook violation presence 0.04 0.51 0.61   

 Narrative violations 0.02 0.28 0.77   

 Narrative violation valence -0.26 -3.84*** 0.00   
Step 3:     0.132 0.018 

 Facebook message length 0.15 2.16* 0.03   

 Facebook readability  0.03 0.44 0.66   
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 Narrative message length 0.07 0.84 0.40   

 Narrative readability 0.07 1.01 0.31   

 Facebook violation presence 0.04 0.50 0.62   

 Narrative violations 0.04 0.47 0.64   

 Narrative violation valence -0.21 -2.96** 0.00   

 Facebook negative emotion 0.06 0.73 0.47   

 Facebook positive emotion -0.11 -1.25 0.21   

 Emotional shifts 0.01 0.13 0.90   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

However, the overall model was found to be significant and explained 

approximately 13% of the variance in Facebook comments, R2 = .13, F (10, 194) = 2.95, 

p < .01. Similar to model one, Facebook message length remained a statistically 

impactful variable, having a positive association with comments (β = .15, p  < .05). In 

contrast to the prior model, however, the narratives’ violation valence predictor remained 

statistically significant in all steps, indicating a negative association with comments (β = -

.21, p  < .001). This finding suggests that as the narratives’ violation valence is 

increasingly negative, the more commentary will be found.  

Hierarchical Regression Models for Predicting Shares. The next set of 

hierarchical regression analyses investigates the relationship between shares and the 

predictor variables. Table 21 summarizes model three, demonstrating the regression 

analysis results considering all discrete emotions in the final block. The overall model 

was found to be significant and explained 19% of the variance in Facebook shares, R2 = 

.19, F (16, 188) = 2.81, p < .001. At step one, readability and message length accounted 

for 6%  of the variance, R2 = .06, F (4, 200) = 3.01, p < .05. After controlling for message 
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length and readability, the violation variables representing violation presence, total, and 

valence in the messages, significantly accounted for an additional 6% (∆R2 = .063) of the 

variance in shares,  R2 = .12, F (7, 197) = 3.83, p < .01. In step three, emotion variables 

contributed an additional 7% (∆R2 = .073). However, the emotion variables’ unique 

contribution to variance was not found to be a statistically significant change for model 

three (p = .05).  

 

 

 

Table 21      
Hierarchical Regression Analysis Summary for Variables Predicting Shares (with 

Discrete Emotions) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.057 .057* 

 Facebook message length 0.09 1.25 0.21   

 Facebook readability  -0.20 -2.68** 0.008   

 Narrative message length 0.04 0.64 0.52   

 Narrative readability -0.01 -0.09 0.93   
Step 2:    0.12 .063** 

 Facebook message length 0.09 1.24 0.22   

 Facebook readability  -0.20 -2.66** 0.008   

 Narrative message length 0.11 1.35 0.18   

 Narrative readability 0.01 0.08 0.94   

 Facebook violation presence -0.07 -1.06 0.29   

 Narrative violations -1.60 -1.28 0.20   

 Narrative violation valence -0.22 -3.19** 0.002   
Step 3:     0.193 0.073 

 Facebook message length 0.08 1.113 0.27   

 Facebook readability  -0.22 -2.8** 0.004   

 Narrative message length 0.10 1.196 0.23   

 Narrative readability 0.02 0.302 0.76   

 Facebook violation presence -0.02 -0.291 0.77   
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 Narrative violations -0.11 -1.281 0.20   

 Narrative violation valence -0.08 -0.996 0.32   

 Facebook negative emotion -0.01 -0.122 0.90   

 Facebook positive emotion -0.18 -2.05* 0.04   

 Narrative anger 0.08 1.095 0.28   

 Narrative fear 0.10 1.4 0.16   

 Narrative sadness 0.12 1.752 0.08   

 Narrative guilt 0.04 0.529 0.60   

 Narrative happiness 0.04 0.566 0.57   

 Narrative contentment -0.16 -2.17* 0.03   

 Narrative surprise -0.07 -1.027 0.31   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

Model three results revealed that Facebook post readability played a significant 

role in all blocks, with the final steps indicating a negative association with shares (β =  

- 0.22, p < .01). This is not surprising as the Dale-Chall readability scores implicate that 

the higher the score, the more complex the text in grade level. It is interesting to point out 

that the finding are distinctive from models one and two wherein Facebook message 

length had significant impact, rather than readability, with respect to comments. When it 

comes to shares, however, the message length of narratives and Facebook posts, and a 

narrative’s readability, had no significant influence on shares overall. Furthermore, an 

examination of a narrative’s violation valence was found to be highly significant in step 

two (β = -.22, p < .01), nonetheless the variable becomes insignificant once discrete 

emotions were included in the model in step three (β = -.08, p > .05).  

Much like the models investigating comments, the emotion of contentment 

greatly influences shares and results imply a negative association with sharing behaviors 
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(β = -.16, p < .05). Thus, the more contentment is expressed, the less commenting and 

sharing overall. Unique to the regression models investigating sharing behavior is the 

importance of positive Facebook emotional valence. As described in the variables 

section, Facebook emotional valence had three categories and was dummy coded such 

that the neutral or no valence was the reference category. With regards to sharing 

specifically, positive emotional valence of Facebook posts are found to influence 

response behavior (β = -.18,  p < .05), in that sharing behaviors are significantly less for 

positive emotional valence posts when compared to neutral or no valence.  

The second hierarchical regression analysis exploring sharing behaviors 

considered emotional shifts in the final step. Table 22 summarizes model four’s results. 

Note that step one and two of these results are the same as model three’s regression 

analysis considering discrete emotions.  

 

 

 

Table 22      
Hierarchical Regression Analysis Summary for Variables Predicting Shares (with 

Emotional Shifts) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.057 .057* 

 Facebook message length 0.09 1.25 0.21   

 Facebook readability  -0.20 -2.68** 0.008   

 Narrative message length 0.04 0.64 0.52   

 Narrative readability -0.01 -0.09 0.93   
Step 2:    0.12 .063** 

 Facebook message length 0.09 1.24 0.22   

 Facebook readability  -0.20 -2.66** 0.008   

 Narrative message length 0.11 1.35 0.18   
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 Narrative readability 0.01 0.08 0.94   

 Facebook violation presence -0.07 -1.06 0.29   

 Narrative violations -1.60 -1.28 0.20   

 Narrative violation valence -0.22 -3.19** 0.002   
Step 3:     0.145 0.025 

 Facebook message length 0.08 1.10 0.27   

 Facebook readability  -0.21 -2.76** 0.006   

 Narrative message length 0.07 0.89 0.37   

 Narrative readability 0.02 0.34 0.74   

 Facebook violation presence -0.04 -0.59 0.56   

 Narrative violations -0.09 -1.01 0.31   

 Narrative violation valence -0.16 -2.27* 0.03   

 Facebook negative emotion -0.01 -0.07 0.94   

 Facebook positive emotion -0.17 -2.05* 0.04   

 Emotional shifts 0.04 0.62 0.53   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

After controlling for message and violation variables, the emotion variables that 

included emotional shift as a predictor contributed an additional 3% (∆R2 = .025) of 

variance in sharing behaviors. This was not found to be a significant change in additional 

variance and the emotional shift predictor was not found to be meaningfully impactful (β 

= .04, p  > .05). However, the overall model was significant and explained approximately 

15% of the variance in Facebook shares, R2 = .15, F (10, 194) = 3.29, p < .01. Similar to 

model three, Facebook post readability remained a statistically influential variable across 

all steps, continuing to have a negative association with sharing behaviors (β = -0.21, p  < 

.01). In contrast to the prior model, however, the narratives’ violation valence predictor 

remained statistically significant in step three, highlighting a negative association with 

shares (β = -.16, p  < .05). Lastly, positive emotional valence of Facebook posts continue 
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to impact sharing behaviors in this model (β = -.17, p < .05), in that sharing behaviors are 

significantly less for positive emotional valence posts than neutral or no valence posts.  

Hierarchical Regression Models for Predicting Emoji Reactions. The final set 

of hierarchical regression analyses examined the relationship between emoji reactions 

and the predictor variables. Table 23 summarizes model five, demonstrating the 

regression analysis results considering all discrete emotions in the final block. The 

overall model was found to be significant and explained approximately 22% of the 

variance in Facebook emoji reactions, R2 = .22, F (16, 188) = 3.29, p < .001.  

 

 

 

Table 23      
Hierarchical Regression Analysis Summary for Variables Predicting Emoji Reactions 

(with Discrete Emotions) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.08 .082** 

 Facebook message length 0.16 2.286* 0.023   

 Facebook readability  -0.18 -2.45* 0.015   

 Narrative message length 0.03 0.44 0.66   

 Narrative readability -0.06 -0.84 0.40   
Step 2:    0.15 .068** 

 Facebook message length 0.14 2.07* 0.04   

 Facebook readability  -0.18 -2.46* 0.015   

 Narrative message length 0.06 0.69 0.49   

 Narrative readability -0.05 -0.66 0.51   

 Facebook violation presence -0.02 -0.29 0.78   

 Narrative violations -0.03 -0.40 0.69   

 Narrative violation valence -0.26 -3.90*** 0.00   
Step 3:     0.22 0.069 

 Facebook message length 0.14 2.07* 0.046   

 Facebook readability  -0.20 -2.70** 0.008   
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 Narrative message length 0.04 0.49 0.63   

 Narrative readability -0.03 -0.39 0.70   

 Facebook violation presence 0.01 -0.11 0.88   

 Narrative violations -0.03 -0.35 0.73   

 Narrative violation valence -0.12 -1.62 0.11   

 Facebook negative emotion 0.04 0.48 0.63   

 Facebook positive emotion -0.15 -1.77 0.08   

 Narrative anger 0.94 1.36 0.18   

 Narrative fear 0.09 1.26 0.21   

 Narrative sadness 0.11 1.60 0.11   

 Narrative guilt 0.01 0.10 0.92   

 Narrative happiness 0.04 0.53 0.60   

 Narrative contentment -0.16 -2.168* 0.03   

 Narrative surprise -0.06 -0.82 0.41   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

At step one, readability and message length accounted for 8% of the variance, R2 

= .08, F (4, 200) = 4.46, p < .01. After controlling for message length and readability, the 

violation variables contributed a significant change and accounted for an additional 7% 

(∆R2 = .068) of the variance in emojis,  R2 = .15, F (7, 197) = 4.98, p < .001. In step 

three, emotion variables contributed an additional 7% (∆R2 = .069) of variance in emoji 

reactions, though the change in variance added was not found to be significant.   

Contentment remains a constant and meaningful emotion variable for all social 

media response behaviors, having a negative association with emoji reactions as well (β = 

-.16, p < .05). Similar to shares, none of the other discrete emotions were found to impact 

emoji reactions significantly. In contrast to shares and comments, results for model five 

revealed that both Facebook post message length (β = .14, p < .05) and readability (β = -
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.20, p < .01) significantly influenced emoji reactions. Findings demonstrate that for emoji 

reactions, Facebook post message factors are important, and the longer the message 

length, juxtaposed with the ease of reading fluency, the more emoji use behaviors are 

engaged. On the other hand, message length and readability of narratives themselves had 

minimal impact in all social media response behaviors. Lastly, violation variables, except 

for narrative valence, was not significantly associated with emoji use. The examination of 

narrative violation valence was again found to be highly significant in step two (β = -.26, 

p < .001) for emoji reactions, and becomes insignificant once discrete emotions were 

incorporated into the model in step three (β = -.12, p > .05).  

 

 

 

Table 24      
Hierarchical Regression Analysis Summary for Variables Predicting Emoji Reactions 

(with Emotional Shifts) 

       
Step and predictor variable β t p R2 ∆R2 

Step 1:    0.08 .082** 

 Facebook message length 0.16 2.286* 0.023   

 Facebook readability  -0.18 -2.45* 0.015   

 Narrative message length 0.03 0.44 0.66   

 Narrative readability -0.06 -0.84 0.40   
Step 2:    0.15 .068** 

 Facebook message length 0.14 2.07* 0.04   

 Facebook readability  -0.18 -2.46* 0.015   

 Narrative message length 0.06 0.69 0.49   

 Narrative readability -0.05 -0.66 0.51   

 Facebook violation presence -0.02 -0.29 0.78   

 Narrative violations -0.03 -0.40 0.69   

 Narrative violation valence -0.26 -3.90*** 0.00   
Step 3:     0.176 0.025 
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 Facebook message length 0.13 1.95* 0.048   

 Facebook readability  -0.18 -2.53* 0.012   

 Narrative message length 0.02 0.265 0.79   

 Narrative readability -0.03 -0.37 0.71   

 Facebook violation presence -0.01 -0.106 0.92   

 Narrative violations -0.01 -0.165 0.87   

 Narrative violation valence -0.20 -2.89** 0.004   

 Facebook negative emotion 0.05 0.583 0.56   

 Facebook positive emotion -0.14 -1.741 0.08   

 Emotional shifts 0.03 0.42 0.68   
              

*p < .05. ** p< . 01 *** p < .001      
 

 

 

 

The final hierarchical regression analysis for emoji reactions considered 

emotional shifts in the final step. Table 24 summarizes model six results. Note that step 

one and two of these results are the same as the prior regression analysis considering 

discrete emotions. After controlling for message and violation variables, the emotion 

variables that included emotional shift as a predictor, contributed an additional 3% (∆R2 = 

.025) of variance in emoji reactions. This was not found to be a significant change in 

additional variance, and the emotional shift predictor was not found to be significant (β = 

.03, p  > .05). However, the overall model was found to be significant and explained 

approximately 18% of the variance in Facebook emoji reactions, R2 = .18, F (10, 194) = 

4.13, p < .001. Similar to model five, both Facebook message length (β = .13, p  < .05) 

and readability (β = -.18, p  < .05) remained statistically influential variables, having 

positive and negative associations with emojis respectively. In contrast to the prior 
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model, however, the narratives’ violation valence predictor remained statistically 

significant in all steps, having a negative association with emoji (β = -.20, p  < .05).  

Hypotheses Test Results. The following section summarizes findings of the 

regression analyses with respect to RQ 3 and hypotheses.  

RQ3: The Relationship Between Mental Health Message Features and Social 

Media Response Behaviors. All final regression models were found to be statistically 

significant in the prediction of social media response behaviors. However, only one 

model demonstrated that the addition of emotion variables explained the criterion beyond 

the results of previous steps, thereby improving explanatory power at each subsequent 

block. Only the model one regression analysis indicated that adding discrete emotions to 

the model can explain commenting behavior above and beyond message length, 

readability, and violation predictors. Quite possibly, the relationship suggests that 

emotions expressed particularly in mental health messages act as central, rather than 

peripheral cues, as described by ELM, leading to an increase in this type of participation 

in social media.  In contrast, while contentment was found to be a significant predictor in 

shares and emoji reactions overall, other discrete emotions typically did not contribute to 

their respective models, and emotional shifts were not a significant predictor under any 

circumstance.   

Hypotheses 1 & 2: The Relationship Between Violations and Social Media 

Response Behaviors. Hypothesis one and two stated that violations are positively related 

to social media response behaviors, and violation valence is positively related in that as 

valence increases (indicating increasing positivity), so does social media engagement. 
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However, results indicate that the presence of violations in Facebook posts and narratives 

provide little impact on comments, shares, and emoji response behaviors. Moreover, 

results of the violation valence predictor do indicate significant influence on social media 

behaviors when discrete emotions are not considered. Yet, contrary to what was 

expected, the variable demonstrates a negative association with social media response 

behaviors, suggesting negative violations appear more influential in driving engagement 

within the context of mental health.   

Hypothesis 3: The Relationship Between Positive Emotions and Social Media 

Response Behaviors. Hypothesis three asserts positive emotions will be positively related 

to social media response behaviors, as has been found in the health communication 

scholarship. In terms of positive emotions, contentment was the only variable found to be 

a significant predictor in all models with discrete emotions as independent variables. 

However, the variable demonstrated an inverse response to what was expected, 

disconfirming the current scholarship in the domain of mental health communication. 

Findings reveal that the more contentment was expressed in a narrative, the less the 

response behaviors reflected in comments, shares, and emojis occurred. The pattern 

exposes the possibility that unlike other health context, mental health messages prompt 

increased engagement in response to negative message factors, not positive. This is 

furthermore supported in the findings of the positive Facebook emotional valence 

predictor, which demonstrates a statistically negative association with sharing behaviors 

specifically.  
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Hypothesis 4: The Relationship Between Negative Emotions and Social Media 

Response Behaviors. Hypothesis four states negative emotions will be negatively related 

to social media response behaviors. Generally, negative emotions had no impact on 

sharing and emoji reactions in the study. However, expressions of sadness was a 

statistically significant contributor to commenting behaviors, and was positively 

associated with the criterion. Anger, though not statistically significant (p = .05) but 

mentioned here because of its borderline results, was also found to be positively 

associated with comments as well. Taken together, results intimate that when it comes to 

engaging in social media behaviors requiring more cognitive processing (such as in the 

act of comment crafting), negative emotions may play a larger role. More research is 

needed to confirm this possible association.  

Hypotheses 5 & 6: The Relationship Between Surprise and Anger and Social 

Media Response Behaviors. Hypothesis five and six assert that surprise and anger will 

have a positive relationship with social media response behaviors, as in previous 

research. In this study, surprise was not found to significantly influence comments, 

shares, and emoji reactions. Anger was found to have borderline significant results, as 

stated previously, and does indicate a positive association with commenting behavior, but 

not sharing or emoji reactions.  

Hypothesis 7: The Relationship Between Emotional Shifts and Social Media 

Response Behaviors. The final hypothesis states emotional shifts are positively related to 

social media response behaviors. In all three hierarchical regression analyses considering 

emotional shifts, the predictor was not found to be significant. In the context of mental 
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health, it is possible that evocative emotional sequences are expected by the reader, and 

thus are not as impactful in spurring online interactions. A study comparing mental health 

messaging with other health contexts may provide clarity on these findings. For now, 

emotional shifts do not appear to play an important role in prompting social media 

responses based on mental health messages.  
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CHAPTER SEVEN: DISCUSSION  

 

 

 

This section provides discussion of the series of studies employed towards greater 

understanding of expectancy violations, emotions, and their impact on social media 

response behaviors within the context of mental health. I further summarize the 

implications of the research and its limitations, followed by directions for future research.   

The Nature of Violations 

Violations were found to be pervasive in all 205 of the mental health messages, 

with negative violations dominating the narratives. For those suffering from mental 

health illness, their online stories describe the challenges of navigating a complex 

landscape wrought with intrapersonal and interpersonal violations experienced daily, and 

in the long term. Contrary to popular attitudes and beliefs, what echoes in the stories is 

that there is no general “cure” for mental health illnesses, despite what family, friends, 

and society-at-large may suppose. Such manifest misconceptions, assumed by significant 

social support, as well as the general public, enables a sense of helplessness and 

persistent threat undergone by those with MHI. The themes derived from the qualitative 

content analysis in study one demonstrated an emergent model for understanding the 

violation experiences of MHI sufferers, resulting in a great number of violations 
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identified and categorized based on internal experiences felt, and the external experiences 

encountered.  

In total, 204 out of 205 narratives contained negative violations, and 58 contained 

positive violations, establishing the topic of mental health as a largely negative 

experience. EBT and EVT explain these violations as eliciting stimuli that can further 

prompt emotional arousal, tensions, and the resulting social reactions (Harbor & Cohen, 

2005; Burgoon, 1993). The fundamental inclusion of violations as eliciting object in this 

dissertation research distinguishes the construct of emotion from the terms core affect and 

mood (Russel & Barret, 1999), which is why it is imperative that violations are 

considered key variables when contemplating research on emotions.  

On an intrapersonal level, individuals with MHI explain feeling as though they 

are in a fight or flight battle with their illness, often describing their struggle with 

uncontrollable thoughts and emotions. Relief from this battle was found with the ability 

to recognize symptoms and personal acceptance of their own diagnosis. Many of the 

authors expressed the need to protect themselves by hiding their MHI from others, and 

silencing their own opinions and beliefs for fear of being judged. In essence, those who 

suffer from MHI feel they cannot “be” or “act” genuinely sick, such as would be 

acceptable among those with physical illness. Multiple stories highlight the internal 

struggles of self-worth, associated with emotions of guilt and feeling as though they are a 

burden. However, the negative feelings associated with these intrapersonal violations can 

be mitigated by positive violations such as seeking outlets, accomplishing tasks, and 

meeting similar others with mental health illness.  
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As Epstein (1989) explained, we construct our own personal realities and build 

meaningful frames of reference for our experiences. These cognitive schemas are built 

based on the appraisal of relational experiences and further impacted by social 

interactions (Piaget, 1971; Morris et al., 2007). Among those that suffer from MHI, the 

intrapersonal violations display the potential to impact cognitive structures towards 

triggering suicide schemas. In research that explores the activation of suicide cognitions, 

an initial depressive state can directly elicit suicide cognitions, while subsequent and 

repeated depressed moods re-activate and build suicide schema to the extent of 

strengthening and elaborating the cognition and schema itself (Lau, Segal, & Williams, 

2004; Williams, Barnhofer, Crane, & Beck, 2005).  The intrapersonal violations in the 

narratives show the high-risk potential for self-harm among the authors, and is further 

confirmed in study two. In the algorithmic textual analysis results, the word and bigram 

frequency distributions indicated the predominant use of the words anxiety, depression, 

self-harm and permutations of the word suicide ( e.g. suicidal, suicide, and suicidal 

thoughts). More detailed analysis of bigram distributions pinpointed specific disorders 

linked to feelings of anxiety and depression including bipolar disorder, borderline 

personality, obsessive-compulsive, and social anxiety disorders.  

The mental health narrative results from study one additionally underscored the 

interpersonal violations encountered from interactions with family, friends, and work 

colleagues. Disclosure of one’s mental health diagnosis frequently lead to response 

violations including encounters with ridicule, rejection, not being believed, and 

unwarranted advice. However positive response violations from disclosure including 
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immediate support, encouragement to talk more, and being listened to rather that judged, 

which have led many narrative authors to say they felt safe in being themselves and 

opening up about MHI.  

Social support has been known to be a longitudinal predictor of emotional well-

being in the extant research (Zhou et al., 2010). Yet, despite what some narratives may 

portray as adequate social support, a more abundant number of stories described the 

challenges of systemic violations, further complicated by generally negative societal 

attitudes and beliefs. Dominant in institutions such as schools, churches, and the work 

environment is the lack of understanding, accommodation, and access to mental health 

support and services. Furthermore, health system violations impact lives across a 

continuum, from MHI sufferers being misdiagnosed or overlooked by general 

practitioners at the onset of symptoms, to not being given access to treatment, or given 

the wrong treatment altogether. 

The bigram graph in study two illustrated a network model confirming the actors 

of the interpersonal violations identified in study one, including the predominance of co-

occurring words such as: seeking help, close friends, family members, managers, and 

social media. MHI sufferers must further contend with prevailing societal violations in 

attitudes and beliefs including a persistent negative connotation associated with mental 

health disorders, beliefs MHI does not exist, notions that MHI is an easy fix, and that 

those with MHI are just attention seeking. The graphical representations of bigram 

moreover confirms the presence of these wide-reaching violations by demonstrating the 

connection of word groups including attention seeking, long term, long time, stigma 
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surrounding, people don’t understand, and people feel ashamed. As can be seen by the 

data, the nature of violations in mental health messages is one which there is a 

discrepancy between what MHI should look like for society-at-large, and what is true in 

the eyes of those suffering from MHI. 

The Nature of Emotions 

 

According to previous research, emotions influence CMC behaviors, and specific 

CMC behaviors can impact our wellbeing, thereby initiating social contagion online 

(Ferrara & Yang, 2015; Coviello et al., 2014). Ultimately, messages containing emotional 

information gives us important knowledge about the sender of information. Additionally, 

how a receiver of the message decodes the information, and responds to it, gives us an 

understanding of the transmissibility and contagion of that emotion-evoking message. 

Given that CMC is a novel space to study the process of social contagion, and the role of 

emotion is still largely unknown in this communication context, the studies in this 

dissertation aimed to clarify the role of communicated emotions on social media 

interactions. In summary, I explored the mental health messages and associated Facebook 

posts for emotion message features, and advanced the notion that emotions elicited by the 

mental health violations discussed in the previous section can create emotional tensions 

as described by EBT (Harbor & Cohen, 2005) leading to subsequent action tendencies 

such as those found in social media response behaviors.  

As was found in the quantitative content analyses, the nature of emotions in the 

mental health messages is largely negative and multi-valenced. The stories were 

comprised of an incredibly complex group of emotions woven into each and every story. 
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The quantitative content analysis results suggest fear and sadness were the dominating 

emotions throughout the messages, individually occupying more than 75% of the 

narratives, followed by guilt and anger. In comparison, positive emotions such as 

happiness and contentment were identified at far lower rates. However, in the Facebook 

posts, most messages were neutral in emotional valence, and secondarily negative. This 

points to an important fact that personal narratives meaningfully constructed by 

individuals will create a far different emotional message characteristic than those shaped 

by an organization, who typically favors neutral messaging.  

The use of algorithmic coding to analyze emotion message features has the 

secondary effect of confirming the results of the identification and categorization of 

human coding done in study three. Study two’s computational sentiment analysis using 

the NRC lexicon was employed to detect emotion-specific word patterns. Similar to 

human-coded content analysis, the computer lexicon found fear and sadness words to be 

the most frequent in the narratives, followed by anger. Also comparable to the human 

coded procedures, positive emotions (in this case joy) held as one of the least frequent 

emotions expressed. Unique to this algorithmic analysis of emotions were words 

associated with trust, which additionally had a high frequency in the stories. However, 

the dictionary does not consider the direction of trust, such as whether trust words 

represents mistrust, or the actual trust of others.  

Across the scholarship, the act of storytelling has been found to greatly benefit 

individuals who experience stigmatizing and traumatic events (Somers 1994; Mannell, 

Ahmad, & Ahmad, 2018), and according to Nabi and Green (2015), a narrative’s 
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emotional flow can lead to increased attention by readers. In the context of mental health, 

both study two and three results show the messages leaned towards being chiefly 

negative in overall emotional composition, in addition to having an average of three 

emotions per narrative. Also, sentiment analysis using the Bing lexicon indicated that 

there were twice the number of words representing negative sentiments than positive 

words. Previous research suggests positive sentiments were associated with more online 

interactions than negative emotions (Coviello et al., 2014; Davis & Pimpleton-Gray, 

2017). However, study three’s regression analyses results indicate that in the case of 

mental health, sadness and anger were positively associated with the total number of 

comments, while contentment was negatively associated with all dependent variables of 

total comments, shares, and emoji reactions. In essence, contrary to past research, 

expressing contentment actually led to a statistically significant decrease in overall social 

media response behaviors.  

Quite possibly, this departure from past research can be explained through the 

concept of homophily in the literature. Homophily reflects the individual preference 

towards engaging in relationships with others who share similar characteristics, and thus 

may control their subjective wellbeing by selecting those with similar wellbeing 

tendencies (Bollen et al., 20110). Research additionally shows that emotions, such as 

happiness, could be the result of the overall nature of the social network a person chooses 

to surround themselves with (Bollen et al., 2011). As mentioned in the review of 

literature, a study by Craig and Wright (Craig & Wright, 2012) indicates that a Facebook 

partner with similar attitudes influenced the perceived friendliness and likeability of a 
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Facebook partner, and the greater the levels of social attraction, the greater the depth and 

breadth of self-disclosure online.  

Homophily can similarly explain the increase in social media reactions associated 

with negative emotions. As depicted by study one’s thematic analysis results of 

violations, MHI sufferers face a great deal of negative interactions that violate personal 

schemas and expectations, which may induce negative emotions for readers. The 

emotions expressed in the messages may additionally reflect a reader’s own emotional 

experiences in their lives, therefore readers feel more inclined to engage in messages 

understood at a personal level. For mental health illness sufferers, negative emotions 

reflect their personal experiences, which may lead to increased social media response 

behaviors that extend beyond mere clicks.   

Mental Health Messages and Social Media Response Behaviors 

In study two, I applied the LDA algorithm to explore the topics of the mental 

health narratives based on low, medium, and high levels of aggregated social media 

engagement (inclusive of comments, shares, and emoji reactions). I did this as a way to 

computationally assign topics detected by the LDA algorithm via unsupervised 

classification methodology. Results provided deeper understanding of the message 

content found in the stories associated with the varying levels of accumulated social 

media response behaviors.  

The algorithm detected nine violation and emotion mental health topics 

throughout the ascribed low, medium, and high engagement narratives, but revealed that 

the topic of stigma and silence was most associated with high aggregated responses. 
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Similarly, general personal experiences and stories about the time of diagnosis spur a 

great deal of online interactions relative to other levels. The interpretation of the results 

suggests that stories comprised of violations may prompt more total engagement. In 

contrast, low and moderate engagement were associated with topics concerning emotions, 

talking, and support, and included subjects surrounding social anxiety, feelings about 

mental health illness, and appeals for help. The findings suggest emotions play a large 

role in low to moderate engagement, while violations play a greater role in high social 

media engagement. The irony here is that the regression results in study three imply that 

narrative violation valence had no bearing on any social media response behavior once 

discrete emotions were included in the final models, though they were found to be highly 

statistically significant in models with the regressions considering emotional shifts in step 

three. 

As you might recall, I advanced the notion that emotional information can 

influence CMC responses due to mechanisms of arousal explained by EVT and EBT. 

Furthermore, emotional tensions can prompt social media response behaviors, which 

reflect participation hierarchies suggesting issue-relevant thinking explained by ELM. 

Following this framework, quick clicks on shares and emojis will require less cognitive 

effort and issue-relevant thinking than the act of commenting. Contrary to what was 

initially assumed, emotional shifts have no significant influence on any of the social 

media response behaviors. However, discrete emotions played a significant role when it 

came to comments indicating that certain feelings can prompt more involved 
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participation and more elaboration of information. Yet, contrary to past scholarship, it 

was negative emotions that play a large role in mental health messages.  

In study three, I controlled for message length and readability for all six 

regression models. The analyses revealed a clear pattern found in control variables for 

individual social media response types. With respect to comments, Facebook message 

length was found to be statistically significant. With shares, Facebook readability played 

a significant role, and with emoji reactions both Facebook readability and message length 

were significantly influential to the models. While it is not surprising that length and 

readability significantly contributed to all social media response behaviors, as was 

indicated in previous research, this study is the first I am aware that clearly shows unique 

patterns of both readability and message length related to the unique social media 

behavior types.  

Theoretical Implications  

While the outcome variables of social media research are clear (e.g. share, 

comment, and emoji reactions), the potential emotion variables that influence social 

media behaviors overall termed in the literature are muddied at best. Slater and Gleason 

(2012) provided a framework to guide researchers in their contribution to communication 

theory and scholarship. One suggestion was to apply theories and test it in a new context. 

Thus, I endeavored to apply the combination of EBT, EVT, and ELM to understand 

social media response behaviors related to mental health messaging.  

I additionally aimed to investigate the social contagion process typically applied 

in face-to-face communication, in the milieu that is online communication. Following the 
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process and rationale for the combined theoretical framework, I explored, identified, and 

quantified the variables that reveal message properties for eliciting objects (violations), 

and the discrete and dimensional aspects of emotions that are expressed in online 

narratives and Facebook posts. Such an application can help provide an overarching 

framework to examine the emotional impact of messages on computer-mediated 

communicative behaviors in health communication scholarship. 

Furthermore, the research assumes a novel approach to measures of emotions, and 

that is the method of communication scholarship investigating emotion as information, 

expressed and encoded in the message itself, thereby extending the construct as more 

than a feeling contemplated by the decoder-receiver. Schwarz and Clore (2003) 

emphasize that emotions inform about the source, and feelings are embodied information 

linked to an individual’s immediate concerns. An emergent body of research has grown 

to demonstrate feelings as experiential sources of information assigned an important role 

to the subjective experiences that accompany the thought processes (Schwarz & Clore, 

2003).  

In the purview of mental health, emotion as information has been studied in 

public health and computational linguistics. For example Ren and colleagues (2016) 

examined emotional traits in blogs and found traits determined in the text were predictive 

of suicidal behaviors, and in a study of poetry, the suicide risks of poets can be detected 

through their poems (Stirman & Pennebaker, 2001). Correspondingly, the qualitative 

thematic and algorithmic content analysis in this dissertation have shed light on the self-
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harm and suicidal ideation of the authors of the narratives, and the interpersonal 

violations that may activate and reactivate cognitions and schema.  

Limitations and Directions for Future Research 

 

The strength of this dissertation is the employment of a mixed method and hybrid 

approach to content analysis. The research design allowed for a comprehensive 

framework to conduct both deductive and inductive forms of investigation. However, 

there are a number of limitations associated with the studies. According to Riffe and 

colleagues, for a research design to be considered a content analysis, the studies “must 

rely on human coders applying a predetermined protocol to assign values to media 

content” (2019, p.36), as has been employed int his enquiry. Thus, the interpretation of 

textual data, applied for all three studies, were subject to error intrinsic to the human 

interpretation, though intercoder reliability was sufficiently established for all variables 

examined.  

Moreover, though the research provided a rigorous identification and 

quantification of violation and emotion message variables leading to the detection of 

patterns in the topics and emotional states surrounding those suffering from mental 

illness, additional research is necessary to provide deeper understanding of the themes 

derived. An analysis of online content limits the research to the viewpoint of that found in 

naturally occurring language. In essence, only allowing for the detection of concepts 

without further explanation. The findings could be clarified by the community of 

sufferers through qualitative interviews aimed at understanding their perspectives related 

to the violation and emotions encountered by the storytellers. Findings have elucidated on 
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the existence of intrapersonal and interpersonal violations, and the resulting emotional 

experiences, but only the voices of MHI sufferers can provide deeper description as to the 

transgressions and expectancies, as well as the solutions required to overcome violation 

themes and negative emotional states.   

Another limitation is the use of a convenience sample of messages for the 

analyses, which is predominantly a selection based on availability. Convenience samples 

do not allow for inference to the larger population, but is justified in this research given 

the limited resources and time to generate a random sample of messages from the entire 

population of mental health sufferers sharing their stories online. Equally, the sample is 

not representative of all organizations who might share mental health stories. Future 

research may be greatly enhanced by replication of these studies, with messages collected 

from multiple and diverse group of organizations who publicly share mental health 

stories via Facebook.  

Next, there is a lack of demographic data linked to the authors of the narratives, as 

well as the audience members engaging through social media response behaviors. As a 

result, the message features identified through the coding process were the only key 

variables explored, and fundamentally does not provide detailed information about the 

background of encoders and decoders themselves. Collecting data on race, class, gender, 

and socioeconomic variables can provide deeper description of who MHI sufferers are, 

and the sociological markers of individuals responding to the mental health messages 

online.   

Another potentially problematic limitation is that the construct of emotion 
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continues to be contentious in current literature. Throughout this dissertation’s studies, 

the application of the discrete emotions perspective was applied in the operationalization 

of variables such as anger, surprise, fear, sadness, happiness, guilt, and contentment. 

However, a persistent problem with the discrete emotion perspective is the assumption 

that emotion is a biologically basic instinct (Grayson 1982), and unconscious in nature 

(Hatfield & Cacioppo, 1994). This assumption is not well-supported by more current 

research since studies have demonstrated variability of specific emotions, in both 

physiology and behaviors, across cultures, and in multiple disciplines (Barret et al., 

2009).  

However, it is important to acknowledge the contrasting definitions of the 

construct of emotion in the literature, to the extent that a call for additional research is 

needed to clarify the variable with respect to context, thereby better supporting measures 

developed by communication scholars. As can be seen by extant research, not all 

instances of fear, guilt, or happiness looks alike, or feels alike for that matter. To account 

for such discrepancies in this dissertation, I sought to identify and examine the seven 

discrete emotions based on the presence or absence of emotions outright expressed in the 

narratives by the authors.  

Moreover, I fundamentally acknowledged the importance of considering the 

findings concerning emotions as unique to the mental health context, and unique to the 

authors sharing them. Nevertheless, I explored whether these violation and emotion 

features in mental health messages generate different social response behaviors. Yet, no 

data was collected on the perceived emotions and emotional tensions felt by those 
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engaging on Facebook. To improve the foundations of this research, additional 

experimental studies should be done to ascertain the emotional experience of receivers 

specifically after health message exposure, and the corresponding social media response 

likely to be engaged in. 

Conclusion 

 

Findings in the three studies have practical applied communication implications 

for multiple stakeholders supporting those with MHI. First, results highlight the 

importance of gaining insight from stories to better understand the challenges 

experienced by those with MHI. Narratives are rich in data wherein one can derive 

concepts and concerns surrounding the negative experiences associated with MHI, and 

often these stories are undervalued and underutilized as a communication tool towards 

effective change. Understanding the concerns of a community through the telling of their 

own personal encounters can help communication professionals tailor the messaging 

towards the needs of people with MHI. Thus, it is essential that organizations analyze and 

identify the concepts in stories to address the gaps in messaging that are important to this 

patient population, specifically when developing health communication campaigns. 

Next, the narratives expressed directly by MHI sufferers not only raise awareness 

of the stigma and misinformation circulating throughout social support networks and 

institutions, but also allows the release of emotional tensions that are often the result of 

societal transgressions. Consequently, narratives can act as effective communication 

interventions with therapeutic effects that help people with mental illness cope with their 

condition. Such a beneficial health outcome has important implications for health 
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providers aimed at creating therapeutic modalities meant to improve health and well-

being. Results indicate that narrative message features, including emotions, can influence 

our computer-mediated behaviors, but findings also underline the possibility that these 

stories can prompt empowering and therapeutic experiences. Thus, there is a need for 

additional research with the application of narratives as interventions to determine the 

positive emotional effects and coping benefits these stories can hold.  

Finally, the violation themes revealed the negative challenges and associated 

negative emotions faced in daily social interactions. However, positive violations shed 

light on the steps family, friends, and caregivers can take to respond to mental health 

disclosures and stressors, including the act of listening without judgement, offering 

immediate support, and initializing discussions on emotions and occurrences leading to 

distress. People with MHI describe an abundance of negative interactions when it comes 

to living with mental illness, but positive findings provide a roadmap on the desired 

actions and outcomes of  MHI sufferers including buildings a safe and supportive 

environment in the workplace, schools, and churches, as well as access and availability to 

mental healthcare. While typical online messages prioritize advocacy and education, the 

stories underline the need to address larger mischaracterizations of specific illnesses, such 

as bipolar disorder and borderline personality disorder, and an increase in awareness of 

rarer forms of mental illness such as selective mutism. Overall, the findings highlight the 

impact of stories as a proponent and tool towards positive health and wellbeing. They 

additionally take us through the uncomfortable and emotional experiences of people who 

suffer from mental health illness.   
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In conclusion, examining mental health messages, emotions, and its influence on 

computer mediated behaviors can improve communication scholarship by providing us 

with an understanding of how, and to what degree, people are processing the sentiments 

they are reading and feeling. With further research, we can continue to unveil how 

emotions can elicit receiver feelings and prompt specific social media response 

behaviors. My intention was to initiate testing of the proposed theoretical framework, by 

investigating the violation and emotion features of the messages of mental health 

sufferers, the encoders perspectives. However, additional research is needed to provide 

insight on the decoding of emotion information itself, with the consideration that 

emotions are highly contextual. 

 Furthermore, my hope was that this research can shed light on the role of mental 

health storytelling and its powerful impact on the encoding and decoding of messages, 

leading to information diffusion. I identified, through a mixed-method hybrid content 

analyses, the features of mental health narratives and Facebook posts that provoke online 

social media response behaviors. The regression results reveal emotions communicated in 

narratives spur discussions and increase commenting interactions, indicating emotions 

can prompt increased interactions, representing greater participation in association with 

cognitive effort. The studies in this dissertation additionally has a practical purpose in 

that findings can help communication professionals craft messages that are meaningful to 

those suffering from mental health illness, and effectively disseminate beneficial and 

constructive information in online communities and social networks.  



182 
 

In summary, our current understanding of emotion and social contagion online 

implies that direct contact is not necessary to generate engagement. Increasingly, studies 

show that strong social ties, or positive or negative valenced messages, are not the only 

influencing variables leading to information diffusion in online networks. A survey of the 

literature found in studies of exogenous variables, as well as research on arousal and 

emotion, assert the simple availability and intensity of emotional information is adequate 

in initiating the process of social contagion. Findings in this dissertation confirm the 

extant scholarship and provide additional insight that emotions do impact our social 

interactions online and may act as information tools initiating contagion. We can also 

surmise that there is some evidence that violations influence social media response 

behaviors. The questions remains, however, as to what types of eliciting object violations 

and emotions prompt online communicative behaviors in other health context, how does 

it differ from mental health, and what is specifically involved in the process of spreading 

positive and negative sentiments leading to improved wellbeing?  

Lastly, the method of examining context-specific violations is critical missing 

component of studies of emotion in health communication that, if better understood, can 

be key to creating health communication campaigns aimed at promoting positive health 

and wellbeing. While the spread of positive and negative emotions have been shown to 

exist and impact interactions online, there is still a dearth of information and lack of 

clarity in defining the mechanisms of violations in association with CMC engagement 

and behaviors. Further research addressing the violation experiences can better define the 

foundations of emotional arousal. The proposed integrated theories and findings in this 
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dissertation can potentially act as an impetus for understanding these violation and 

emotion message factors involved in social media response behaviors, and the potential 

social contagion process prompted through the power of emotionally evocative mental 

health messages in the computer-mediated space.  
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APPENDIX A: Mental Health Narrative Example 1 

 

 

 

Rachel’s Story 

 
It's very easy to avoid answering the question ‘how are you?’ - and to be honest, how many of us 

ask this question out of habit, not really expecting an honest answer? I know that I sometimes do 

and would be quite surprised if someone said, ‘I feel pretty rubbish actually’. I know that I avoid 

being honest when someone asks me this question as I'm worried that others are not really 

interested, that I’m boring and that I may be perceived as weak and unable to ‘cope’. I blame my 

childhood and the fact that we had to display ‘a stiff upper lip’ and just ‘get on with it’. 

When our son died unexpectedly on 31 December 2010, I maintained the ‘stiff upper lip’ partly 

because I was in shock but also I had just started a new job at the beginning of December. I 

didn’t want to take any time off or show any weakness or that I couldn’t cope.  I was also scared 

that if I did start to show any emotion, that I wouldn’t be able to stop. 

All I wanted to do was take to my bed and never get up, but I forced myself to get into work at 

7am every morning with a smile on my face. For a while it was all going swimmingly; I managed 

to kid, not only myself, but all my colleagues! 

I finally started to unravel almost a year later, when we were coming up to the first anniversary 
of Simon’s death. I started to panic when I went into work, aware that my emotions were high 

and that anything could tip me over the edge, and I would either walk out of work or I’d insult 

everyone and sit down on the floor to cry! Not a good state to be in! 

I have since been on anti-depressants and had counseling. Most days I feel much better. There 

are days still when I do struggle, and I might not want to say much to anyone, but it’s now easier 
to say that I feel a little delicate today. Looking back on my most anxious times, I don’t think I did 

myself or anyone else any favors by ‘putting a brave face’ on. I feel that I made it more difficult 

for people to be around me and by not showing any vulnerability; it meant that others were 
worried to show any emotion and probably thought that they couldn’t talk to me. If I had been 

honest, then perhaps I wouldn’t have reached the point where I thought that I would flip! 

I've learned that it’s important to talk even though it can be difficult; that it’s ok to be honest and 

that if by being like this, people think that I’m weak, then it really doesn’t matter.  
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APPENDIX B: Mental Health Narrative Example 2 

 

 

 

Jack’s Story 

At the age of 15, I was studying, like every other teenager in the country. I achieved well at 

school, lived in a wonderfully loving home with my parents and younger sister, and was 

surrounded by great friends. And then I became unwell. Depressed, anxious, and everything else 

that came with it. Suddenly, everything had changed, and each subsequent day felt increasingly 
torturous. Although, I believe people in my life suspected something was wrong, for a long time 

no one asked me what was going on in a way I felt able to answer. 

Looking back, now aged 21, I can see that this was partly due to the fact I was terribly ashamed 

that I wasn't able to 'just get on with things' in the way I thought many of my peers did. I decided 

it was easier to say I was fine, than attempt to explain what I was feeling. After all, I had no idea 
what was really wrong, so how could I possibly explain it to someone else who doesn't really 

seem to have the time of day? One teacher demanded to know why my grades had dropped, and 

when I couldn't find the words, they told me I wasn't working hard enough; another told me they 
were sick of my excuses: they said it was "disappointing". And I wondered, if the adults in my life 

thought this, then what would my friends think? I heard words like 'mental', 'crazy', and 'psycho' 

being used in the most derogatory way in every day classroom chatter. So, I was silent, and this 

carried on for months. 

This was until a particularly wonderful teacher changed everything with a single conversation. 

She invited me into her office and asked me if there was anything I wanted to talk about, because 

I hadn't seemed quite myself. She told me there was no pressure to tell her anything, but I could 

talk if I wanted to and she was there to listen for as long as I needed. For the first time, I was able 

to tell another person about some of the thoughts, feelings and behaviors that I had been living 
with for months. It is hard to explain the feeling of having this weight lifted from your shoulders, 

but if you can imagine the relief you might feel when you catch a glimpse of a lighthouse after 

spending months lost in a storm at sea? Well, I don't imagine it's dissimilar to that. 

This conversation was the first step on the long journey of recovery, a journey I am still on now, 

and probably will be to some extent for the rest of my life. It was the first step towards having an 
honest conversation with my parents, going to see my GP, and getting referred to a clinic where I 

was able to access a psychiatrist to get an accurate diagnosis and specialist treatment. This 

conversation was my beacon of light in the darkest of storms, and the person who started it saved 

my life. 

 

https://www.time-to-change.org.uk/category/blog/depression
https://www.time-to-change.org.uk/category/blog/anxiety
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APPENDIX C: Sample of Stop Words 
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APPENDIX D: Bigram Data 

 

  

 

   
word 1 word 2 n 

mental health 616 

mental illness 239 

health problems 60 

eating disorder 52 

personality disorder 44 

health issues 40 

bipolar disorder 35 

health problem 35 

self harm 32 

borderline personality 29 

eating disorders 29 

health conditions 26 

long time 26 

years ago 25 

own life 22 

social media 22 

anxiety disorder 21 

panic attack 19 

panic attacks 19 

attention seeking 18 

close friends 17 

disorder bpd 17 

don’t understand 17 

mental illnesses 17 

line manager 16 

family member 15 

health condition 15 

social anxiety 15 
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suicidal thoughts 15 

intrusive thoughts 14 

it’s important 14 

people don’t 14 

self esteem 14 

stigma surrounding 14 
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APPENDIX E: R Programming Code 

 

 

 

data_nar <- read.csv2("data_nar_engagement.csv", header = TRUE, sep=",", ) 

glimpse(data_nar) 

str(data_nar) 

table(data_nar$engage) 

data_nar$narrative <- as.character(data_nar$narrative) 

 

stop_words2 <- read.csv("/Users/dcanieso/Desktop/stop_words2_12320.csv", header = 

TRUE, sep=",", ) 

stop_words2$word <- as.character(stop_words2$word) 

nar_text <- data_nar 

nar_text <- nar_text %>%  

  unnest_tokens(word, narrative) 

nar_tidy <- nar_text %>% 

  anti_join(stop_words2) 

data_nar %>%  

  filter(engage == "high") %>% 

  count() 

 

nar_tidylow <- nar_tidy %>% 

  filter(engage == "low") 

dim(nar_tidylow) 

nar_tidymed<- nar_tidy %>% 

  filter(engage == "med") 

dim(nar_tidymed) 

nar_tidyhigh <- nar_tidy %>% 

  filter(engage == "high") 

 

nar_wordcount <- nar_tidy %>% 

  count(word, sort = TRUE) 

nar_wordcount20 <-nar_wordcount %>% top_n(20) 

nar_wordcount20 %>% gt() 

 

plot_narwc20sorted <- nar_tidy %>% 

  count(word, sort = TRUE) %>% 
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  filter(n > 254) %>% # choosing top 50 

  mutate(word = reorder(word, n)) %>% 

  ggplot(aes(word, n)) + 

  geom_col(colour = 'dodgerblue4') + 

  xlab(NULL) + 

  coord_flip() 

 

nar_cors <- nar_tidysent %>% 

  group_by(word) %>% 

  filter(n() >= 10) %>% 

  pairwise_cor(word,wordnumber, sort = TRUE) 

 

nar_tidysent <- nar_tidy %>% 

  group_by(engage) %>% 

  mutate(wordnumber = row_number()) %>% 

  ungroup() 

 

nar_sentimentbing <- nar_tidysent %>% 

  inner_join(get_sentiments("bing")) %>% 

  count(engage, index = wordnumber %/% 25, sentiment) %>% 

  spread(sentiment, n, fill = 0) %>% 

  mutate(sentiment = positive - negative) 

 

plot_nar_sentimentbing <- ggplot(nar_sentimentbing, aes(index, sentiment, fill = 

engage)) + 

  geom_col(show.legend = FALSE) + 

  facet_wrap(~engage, ncol = 2, scales = "free_x") 

 

nar_bingwc <- nar_tidysent %>% 

  inner_join(get_sentiments("bing")) %>% 

  count(word, sentiment, sort = TRUE) %>% 

  ungroup() 

 

nar_bingwc %>% 

  filter(sentiment =="positive") %>% 

  count() 

 

plot_nar_bingwc <- nar_bingwc %>% 

  group_by(sentiment) %>% 

  top_n(20) %>% 

  ungroup() %>% 

  mutate(word = reorder(word, n)) %>% 

  ggplot(aes(word, n, fill = sentiment)) + 

  geom_col(show.legend = FALSE) + 
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  facet_wrap(~sentiment, scales = "free_y") + 

  labs(y = "Contribution to sentiment", 

       x = NULL) + 

  coord_flip() 

 

cloud_bingposneg <- nar_tidysent %>% 

  inner_join(get_sentiments("bing")) %>% 

  count(word, sentiment, sort = TRUE) %>% 

  acast(word ~ sentiment, value.var = "n", fill = 0) %>% 

  comparison.cloud(colors = c("gray20", "gray80"), 

                   max.words = 50) 

 

nar_sentimentnrc <- nar_tidysent %>% 

  inner_join(get_sentiments("nrc")) %>% 

  count(engage, index = wordnumber %/% 25, sentiment) %>% 

  spread(sentiment, n, fill = 0) %>% 

  mutate(sentiment = positive - negative) 

 

plot_nar_sentimentnrc<- ggplot(nar_sentimentnrc, aes(index, sentiment, fill = engage)) + 

  geom_col(show.legend = FALSE) + 

  facet_wrap(~engage, ncol = 2, scales = "free_x") 

 

nar_nrcwc <- nar_tidysent %>% 

  inner_join(get_sentiments("nrc")) %>% 

  count(word, sentiment, sort = TRUE) %>% 

  ungroup() 

 

nar_nrcwc %>% 

  filter(sentiment == "negative") %>% 

  count() 

 

plot_nar_nrcwc <- nar_nrcwc %>% 

  group_by(sentiment) %>% 

  top_n(20) %>% 

  ungroup() %>% 

  mutate(word = reorder(word, n)) %>% 

  ggplot(aes(word, n, fill = sentiment)) + 

  geom_col(show.legend = FALSE) + 

  facet_wrap(~sentiment, scales = "free_y") + 

  labs(y = "Contribution to sentiment", 

       x = NULL) + 

  coord_flip() 

 

nar_freq <-  data_nar %>% 
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  unnest_tokens(word, narrative) %>% 

  count(engage, word, sort=TRUE) 

 

total_freq <- nar_freq %>% 

  group_by(engage) %>% 

  summarize(total =sum(n)) 

 

narr_freq <- left_join(nar_freq, total_freq) 

narr_weighted <- narr_freq 

narr_weighted <- narr_weighted %>%  

  bind_tf_idf(word, engage, n) 

 

narr_weighted %>% 

  select(-total) %>% 

  arrange(desc(tf_idf)) 

 

plot_narrweighted <- narr_weighted %>% 

  arrange(desc(tf_idf)) %>% 

  mutate(word = factor(word, levels = rev(unique(word)))) %>%  

  group_by(engage) %>%  

  top_n(10) %>%  

  ungroup() %>% 

  ggplot(aes(word, tf_idf, fill = engage)) + 

  geom_col(show.legend = FALSE) + 

  labs(x = NULL, y = "tf-idf") + 

  facet_wrap(~engage, ncol = 2, scales = "free") + 

  coord_flip() 

 

narrative_bigram <- data_nar %>% 

  unnest_tokens(bigram, narrative, token = "ngrams", n = 2) 

narrative_bigram %>% 

  count(bigram, sort=TRUE) 

narrative_bigram %>% 

  filter(engage == "high") %>% 

  count() 

 

narrative_bigram <- narrative_bigram %>% 

  separate(bigram, c("word1", "word2"), sep = " ") 

narrative_bigram <- narrative_bigram %>% 

  filter(!word1 %in% stop_words2$word)  %>% 

  filter(!word2 %in% stop_words2$word) 

 

narbigram_counts <- narrative_bigram %>% 

  count(word1, word2, sort = TRUE) 
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table_narbigramcount<- narbigram_counts %>% gt() 

 

narbigram_graph <- narbigram_counts %>% 

  filter(n>9) %>% 

  graph_from_data_frame() 

 

 

narbigram_graph # gives the word associations 

 

library(ggraph) 

set.seed(2017) 

graph_bigrams <- ggraph(narbigram_graph, layout = "fr") + 

  geom_edge_link() + 

  geom_node_point() + 

  geom_node_text(aes(label = name), vjust = 1, hjust = 1) 

 

 

set.seed(2016) 

a <- grid::arrow(type = "closed", length = unit(.15, "inches")) 

graph_bigrams2 <- ggraph(narbigram_graph, layout = "fr") + 

  geom_edge_link(aes(edge_alpha = n), show.legend = FALSE, 

                 arrow = a, end_cap = circle(.07, 'inches')) + 

  geom_node_point(color = "lightblue", size = 5) + 

  geom_node_text(aes(label = name), vjust = 1, hjust = 1) + 

  theme_void() 

 

graph_bigrams2 

table_narbigramcount 

 

narbigram_united <- narrative_bigram %>% 

  unite(bigram, word1, word2, sep = " ") 

glimpse(narbigram_united) 

 

narbigram_tfidf <- narbigram_united %>% 

  count(engage, bigram) %>% 

  bind_tf_idf(bigram, engage, n) %>% 

  arrange(desc(tf_idf)) 

glimpse(narbigram_tfidf) 

 

plot_narbigram_tfidf <- narbigram_tfidf %>% 

  arrange(desc(tf_idf)) %>% 

  group_by(engage) %>% 

  top_n(5)%>% 

  ungroup %>% 



194 
 

  mutate(bigram = reorder(bigram, n)) %>% 

  ggplot(aes(bigram, n, fill = engage)) + 

  geom_col(show.legend = FALSE) + 

  facet_wrap(~engage, scales = "free_y") + 

  labs(y = "Engagement", 

       x = NULL) + 

  coord_flip() 

 

plot_narbigram_tfidf 

 

narrative_dtm <- data_nar %>% 

  unnest_tokens(word, narrative) %>% 

  anti_join(stop_words2) %>% 

  count(engage, word) %>% 

  cast_dtm(engage, word, n) 

 

narrative_dtm #data matrix for modeling created 

 

save(narrative_dtm, file = "data_narrative_dtm.RData") 

library("ldatuning") 

 

narr_numtopics <- FindTopicsNumber( 

  narrative_dtm, 

  topics = seq(from = 2, to = 15, by = 1), 

  metrics = c("Griffiths2004", "CaoJuan2009", "Arun2010", "Deveaud2014"), 

  method = "Gibbs", 

  control = list(seed = 77), 

  mc.cores = 2L, 

  verbose = TRUE 

) 

 

plot_narr_numtopics <- FindTopicsNumber_plot(narr_numtopics) 

# shows 3-6 topics is the best option 

# Top chart dips at 3 and 6 

# bottom chart rises at 3 - 7 

 

plot_narr_numtopics 

library(topicmodels) 

 

desc_lda <- LDA(narrative_dtm, k = 9, control = list(seed = 1234)) # Change the number 

here for number of topics 

desc_lda 

 

top_terms <- tidy_lda %>% 
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  group_by(topic) %>% 

  top_n(15, beta) %>% 

  ungroup() %>% 

  arrange(topic, -beta) 

top_terms %>% 

  mutate(term = reorder_within(term, beta, topic)) %>% 

  group_by(topic, term) %>%     

  arrange(desc(beta)) %>%   

  ungroup() %>% 

  ggplot(aes(term, beta, fill = as.factor(topic))) + 

  geom_col(show.legend = FALSE) + 

  coord_flip() + 

  scale_x_reordered() + 

  labs(title = "Top 15 terms in each LDA topic", 

       x = NULL, y = expression(beta)) + 

  facet_wrap(~ topic, ncol = 4, scales = "free") 

top_termsLDA7 <- top_terms %>% 

  mutate(term = reorder_within(term, beta, topic)) %>% 

  group_by(topic, term) %>%     

  arrange(desc(beta)) %>%   

  ungroup() %>% 

  ggplot(aes(term, beta, fill = as.factor(topic))) + 

  geom_col(show.legend = FALSE) + 

  coord_flip() + 

  scale_x_reordered() + 

  labs(title = "Top 15 terms in each LDA topic", 

       x = NULL, y = expression(beta)) + 

  facet_wrap(~ topic, ncol = 4, scales = "free") 

 

 

lda_gamma <- tidy(desc_lda, matrix = "gamma") 

plotlda_gamma<- lda_gamma %>% 

  mutate(document = reorder(document, gamma * topic)) %>% 

  ggplot(aes(factor(topic), gamma)) + 

  geom_boxplot() + 

  facet_wrap(~ document) 

 

ggplot(lda_gamma, aes(gamma)) + 

  geom_histogram() + 

  scale_y_log10() + 

  labs(title = "Distribution of probabilities for all topics", 

       y = "Number of documents", x = expression(gamma)) 

 

'ggplot(lda_gamma, aes(gamma, fill = as.factor(topic))) + 
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  geom_histogram(show.legend = FALSE) + 

  facet_wrap(~ topic, ncol = 4) + 

  scale_y_log10() + 

  labs(title = "Distribution of probability for each topic", 

       y = "Number of documents", x = expression(gamma))' 
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APPENDIX F: Content Analysis Codebook 

 

 

Instructions: For each section below, include the following details on the excel 

spreadsheet. 

Section I: General Information  

A. Narrative ID Number: example = 239 

B. Coder ID Number: example = 2 

C. What date was the narrative posted on Facebook? example = 2/5/19 

Section II: Facebook Social Media Response Behaviors  

For each Facebook post, obtain the number of each of the following, and add to the excel 

spreadsheet (gather data at least 3 weeks after the date of each post) 

A. Number of Comments 

B. Number of Shares 

C. Number of Likes 

D. Number of Hearts 

E. Number of Haha Emojis 

F. Number of Wow Emojis 

G. Number of Sad Emojis 

H. Number of Angry Emojis 

I. Determine the total number for social media engagement: 

a. Add all numbers from A through H 

J. Determine total number of emojis used: 

a. Add total numbers from likes, hearts, haha, wow, sad, and angry emojis 

Section III: Emotion Message Features   

Review the examples of discrete emotions found in the dictionary below. For each 

narrative, answer the following, and add to the excel spreadsheet: 

A. Discrete emotion: anger 

a. Does the narrative’s author express anger? [yes/no]  



198 
 

b. yes = 1 

c. no = 0 

B. Discrete emotion: fear 

a. Does the narrative’s author express fear? [yes/no]  

b. yes = 1 

c. no = 0 

C. Discrete emotion: sadness 

a. Does the narrative’s author express sadness? [yes/no]  

b. yes = 1 

c. no = 0 

D. Discrete emotion: guilt 

a. Does the narrative’s author express guilt? [yes/no]  

b. yes = 1 

c. no = 0 

E. Discrete emotion: happiness 

a. Does the narrative’s author express happiness? [yes/no]  

b. yes = 1 

c. no = 0 

F. Discrete emotion: contentment 

a. Does the narrative’s author express contentment? [yes/no]  

b. yes = 1 

c. no = 0 

G. Discrete emotion: surprise 

a. Does the narrative’s author express surprise? [yes/no] 

b. yes = 1 

c. no = 0 

For each associated Facebook Post, answer the following: 

H. Emotional valence 

a. What is your impression of the emotional valence (tone) of the Facebook 

Post? [negative/positive/neutral] 

b. negative = 1 

c. neutral = 2 

d. positive = 3 

Section IV: Violation Features 

Read each narrative thoroughly, and analyze for the following paragraph-by-paragraph, 

then add to the excel spreadsheet: 

A. Violation Identification for Narratives 

a. Assess for violations based on the violation dictionary found below. 

b. Manually highlight each violation expressed per paragraph.  
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c. Note it as 1 on the word document for presence, and 0 for absence.   

B. Violation Valence for Narratives 

a. For each violation found, determine the valence [positive/negative]  

i. negative = 0 

ii. positive = 1 

C. Total Violations for Narratives 

a. Add the total number of violations you found for each narrative and note it 

on the excel spreadsheet. 

D. Violation Valence Calculation for Narratives 

a. Add the total number of positive violations for each narrative. 

b. Add the total number of negative violations for each narrative. 

c. Divide the total positive violations by the total violations and add to the 

excel spreadsheet. 

For each associated Facebook Post, answer the following: 

E. Violation Identification for Facebook Posts 

a. Assess for violations based on the violation dictionary found below. 

b. Does the Facebook post mention a violation? [yes/no]  

c. yes = 1 

d. no = 0 

 

Section V: Message Length- Word Count 

Instructions: 

1. Open the Microsoft Word document statistics feature.  

2. Highlight the entire body of the narrative provided for you digitally. 

3. Apply the word count stats to the highlighted body. 

4. Note the number of words in the excel spreadsheet.  

  

Section VI:  

Instructions: 

1. Click on the following link to the Dale-Chall Readability calculator. 

https://www.wordcalc.com/readability/ 

2. Highlight the entire body of the narrative provided for you digitally. 

3. Add text to the readability calculator and press the “calculate readability” button. 

https://www.wordcalc.com/readability/
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4. Scroll to the “New Dale Chall Readability” scores, and add the score to the excel 

spreadsheet.  

 

Section VII: Variable Descriptions and Examples  

Discrete Emotions - Narratives 

Emotion Further Description Examples 

Anger 

 

Mad, irritated, angry, aggravated, 

annoyed, displeasure, vexed, rage, 

fury, wrath, outrage, temper, ill 

tempered, resentment, resent, upset 

“And there’s the bad, filled 

with negativity and built-in 

anger.” 

Fear Scared, fearful, afraid, nerves, dread, 

anxious, anxiety, apprehensive, 

unsure, uncertain, angst, horror, 

panic, agitation, terror, fright, worry, 

aversion, distress 

Sitting in a vast white room, 

crying, and utterly terrified 

to the point of trying to take 

my own life, I thought it was 

all too much. I had been 

awake for days, every 

moment adding to the ever-

deafening roar of anxiety. 

Sadness Unhappy, sad, dreary, dismal, 

sorrow, dejection, depression, 

misery, despair, desolation, feeling 

isolated, heartache, grief, mournful, 

feeling wretched, gloom, down, 

crushed, crying. 

“It led me to depression, 

hardly leaving my bed, lack 

of motivation and an 

excessive amount of 

crying.” 

Guilt Shame, guilty, ashamed, feeling 

culpable, blameworthy, sin, 

wrongfulness, feeling wrong, 

humiliated, mortified, embarrassed, 

feeling as though one is undeserving, 

blaming of the self. 

“I feel incredibly guilty a lot 

of the time about being ‘too 

hard to deal with’ or being 

a burden on the people that 

I love.” 

“I felt ashamed and 

disappointed in myself, and 

I lost a close friend because 

of my actions.” 

Happiness Joyful, happy, elated, cheerful, 

genuine smiling and laughter, 

exhilarated, bliss, gleeful, elated, 

feeling positive and giddy.   

 Now I'm doing well in 

school. I can say I'm happy, 

and while I still have my 

bad days, I have the support 

I need from my friends and 

family. I feel like my past is 
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behind me and now I just 

live life as good as I can. 

Contentment Acceptance, contentment, feeling at 

peace, mellow, tranquil, satisfied, 

pleased, with gratitude, at ease with 

the situation. 

“I was able to learn how to 

enjoy time with myself. I 

would describe them as one 

strange family, and I 

couldn’t be more grateful. 

Now I feel myself doing 

better.” 

Surprise Stunned, astonished, startled, 

shocked, amazed, a revelation, a 

realization that’s all of a sudden 

(timing), confusion, it’s a new thing, 

unaware before but now know. 

“This realization wasn’t 

pleasant, and I felt weaker 

and lower, but the second it 

clicked, I realized I’m a 

bloody strong human with 

the ability to change my life 

for the better.”  

Above adapted 

from Dillard & 

Shen, 2006 

  

 

 

Emotional Valence- Facebook Posts 

Valence Description Examples 

Negative 

Facebook posts where negative 

emotions are expressed. May lean 

towards sad, angry, and other 

combinations of negative emotions. 

"Things which were once 

simple easy tasks became, 

undoable, I couldn’t think 

straight, I had huge 

feelings of being 

overwhelmed and 

struggled with severe 

bouts of anxiety." 

Louisa on how post-natal 

depression affected her 

work and personal life. 

Neutral Neither  strongly positive or negative 

overall. May include the following 

 

"If you think someone is 

struggling mentally, just 

check they’re okay, let 

them know they matter to 
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○ Neutral: both negative 

and positive emotions 

found.  

○ If negative emotions 

exist, but has no 

contentment or 

happiness, yet includes 

inspirational and 

thorough positive 

dialogue, it can be 

considered neutral.   

you. You don’t have to 

understand what they’re 

going through, you just 

need to be there for them." 

Caitlin talks about how we 

can help to reduce the 

stigma around mental 

health problems. 

Positive Overall leans towards happiness and 

contentment. May speak of 

acceptance, being ok with the 

situation, and other positive content. 

○ The positive dialogue 

is thorough and not 

just a few sentences.  

○ Very few negative 

discrete emotions.  

"I finally felt like I’d found 

a workplace where I could 

feel valued and settled, 

and it meant so much to 

me" 

A supportive workplace, 

friends and family have 

made all the difference for 

Rachel when managing 

her depression: 

Adapted from 

Mauss & 

Robinson, 2009  

  

 

Violation and Violation Valence 

Violation Description Examples 

Fight or Flight     

 

 

Negative 

• Uncontrolled thoughts 

and emotions 

• Feeling threatened 

• Internal response 

struggle 

• Diminished self-care 

Positive 

• Personal acceptance 

Negative: I worry about a 

minor quibble or mistake 

until it evolves into an 

apocalypse-style scenario. 

Logically, I know what I'm 

thinking is implausible or 

even impossible, but in that 

moment, the fear is 

incredibly real.  

 

Positive: When thinking 

about how I was able to 

stop, it was a combination 
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• Symptom recognition of getting to know myself 

better, gaining a better 

understanding of the 

underlying feelings I was 

experiencing, and finding 

distraction techniques, 

alternatives to self-harming 

and other coping strategies. 

 

Protective 

 

 

Negative 

• Hiding 

• Silencing 

• Self-isolation 

• Avoidance 

Positive 

• Seeking outlets 

• Accomplishment 

 

Negative: It seemed like the 

easiest way to hide my 

anxiety was to hide myself. 

People have always 

commented that I am laid-

back and relaxed, but if 

only they knew how I really 

felt inside and the struggle I 

go through to put on that 

facade. 

 

Positive: I’ve discovered 

new hobbies like singing in 

a choir and going to the 

gym. I thought they were 

extravagant, but I and 

others noticed how much 

my health deteriorated 

when I stopped doing them. 

I’ve also started meditating 

- originally I’d pooh-

poohed the idea, but taking 

time each day to just “be” 

is so grounding. 

 

 

Self-Worth 

   

 

 

Negative 

• Feeling like a burden 

• Carried traumatic life 

hardship (results in guilt, 

regret, held pain) 

Negative: I feel incredibly 

guilty a lot of the time 

about being ‘too hard to 

deal with’ or being a 

burden on the people that I 

love. When things aren’t 
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• Perceived daily pressures 

Positive 

• Surrounded by similar 

others 

• Normalizing MHI 

great, I hurt, and I don’t 

want you to hurt too. 

 

I was allowed to take things 

at my own pace, and no one 

made me feel inferior. I 

wasn’t seen as a special 

case, or broken in anyway, 

which helps to normalize 

things. 

 

Response 

      

 

 

Negative 

• Ridiculed 

• Rejected 

• Immediate negative 

reactions 

• Lack of understanding 

• Not believed 

• Unwarranted advice 

• Lazy and unmotivated 

• Listened and not judged 

Positive 

• Disclosing led to support 

• Encouraged to talk 

• Listened and not judged 

Negative: My illness was 

quickly put down and 

questioned by others, who 

said insensitive things like, 

“but you seem so happy?”, 

“I’d never have thought 

that about you”, or “but 

your life is great.” 

 

Positive: A few days during 

the summer she came to my 

house and we just watched 

funny movies, cooked lunch 

together and just had a 

laugh. But it was as little as 

asking how I was feeling 

that made me feel like 

someone cared about me. 

 

Systemic Negative 

• Institution lacking 

support 

• Health System lack of 

access or availability 

• Inaccurate media 

portrayal (stigmatization) 

Positive 

Negative: Services at 

university are 

overwhelmed, with 

advocating looking after 

student mental health rarely 

being mentioned, when it 

should be a priority. 

Feeling like universities 

don’t care is one of the 

hardest things to come to 

terms with. 
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• Healthcare access 

• Multi-system support 

• Positive work 

environment 

 

Positive: Thankfully I used 

all the courage I had to go 

back to the doctors, fearful 

I’d have the same 

experience as before. I 

didn’t, and I have a 

fantastic set of doctors I 

know I can rely on and will 

always be there. 

 

Attitudes and 

Beliefs 

Negative 

• Physical illness 

comparisons 

• Stigma and stereotypes 

• Doesn't exist 

• Everyone has it 

• Negative connotation 

• Easy fix 

• Attention-seeker 

• Too soft or weak 

 

Positive 

• Seeking education 

• Family and friends 

educating themselves 

 

Negative: These are some 

of the things I hear 

whenever I talk about my 

mental health. What makes 

me furious is the general 

misconception of how 

people with depression and 

anxiety should look or 

behave. If you are 

depressed, you should look 

depressed. You should look 

like you haven’t showered 

in days.  

 

Positive: Conditions such 

as anxiety, depression, 

OCD, eating disorders, and 

bi-polar disorder, among 

others, are finally being 

considered as illnesses 

rather than weakness or 

excuses, and this is brilliant 

for us long term sufferers. 

 

Adapted from 

Burgoon, 1993, and 

Study One 
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Section VIII: Variable Definitions and Labels on Excel Spreadsheet 

 

Dependent Variables: 

 

Comments: Number of Facebook comments from each Facebook post /associated 

narrative. 

 

Shares: Number of Facebook shares from each Facebook post /associated narrative. 

 

Emoji: The total number of Facebook emoji reactions. Commonly called emojis, 

Facebook reactions, released in February 2016, are an extension of the old ”Like” button. 

Its six options (Like, Love, Haha, Wow, Sad Angry, and in March2 020 “care”) are 

represented by slightly edited versions of several long-established Unicode Emojis. 

Independent Variables: 

 

fb_emotval: Same measurement of emotional valence but applied to the Facebook posts 

instead of narratives. Validated using intercoder reliability measured with Cohen’s Kapa 

and Krippendorfs Alpha (both> .60). This will be dummy coded in SPSS to be used for 

regression analysis. Coded so that emotional valence indicating 1 = negative, 2 = neutral, 

3 = positive. 

 

fb_wordcount: Indicates number of words used for a Facebook post. Microsoft word 

was used to determine this number. 

 

Measurements of discrete emotions in narratives: Denotes the absence or presence (0 

= absence, 1 = present) of expressed emotions by the narrative authors. Adapted from 

Dillard and Shen, 2006.  

 

 nar_anger: Presence or absence of anger 

 nar_fear: Presence or absence of fear 

 nar_sad: Presence or absence of sadness 

 nar_guilt: Presence or absence of guilt 

 nar_happy: Presence or absence of happiness 

 nar_content: Presence or absence of contentment 

 nar_surp: Presence or absence of surprise 

 

nar_dc: Statistical test used to determine the “readability” of narratives. New Dale-Chall 

statistic is one of many tests that address “readability” and has been used in the literature 

in the social media context. It calculates the US grade level of a text sample based on 

sentence length and the number of ‘hard’ words. These ‘hard’ words are reformulated in 

the new Dale-Chall using 3000 familiar words.  
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nar_emotshift: Number of emotional shifts in the narrative. Indicates the emotional 

shifts as defined by Nabi, 2015. 

nar_wordcount: Narrative word count. A count of the number of words in the narrative. 

Microsoft word was used to determine this number. Ranges between 339-1904 words. 

 

post_ndc: Statistical test used to determine the “readability” of facebook posts. New 

Dale-Chall statistic is one of many tests that address “readability” and has been used in 

the literature in the social media context. It calculates the US grade level of a text sample 

based on sentence length and the number of ‘hard’ words. These ‘hard’ words are 

reformulated in the new Dale-Chall using 3000 familiar words. 

tot_viol: Total number of violations found in a narrative, indicated by paragraph-by-

paragraph analysis for violations in each narrative. The schema for violations in 

narratives were explored in study 1 and themes were determined by study 1 (Grounded 

Theory thematic analysis).   

violval_pos: Calculated by the total number of positive violations in an individual 

narrative, divided by total violations in each narrative. If a narrative had 2 positive 

violations, out of 4 total violations, then the violation valence would be .50. The higher 

the number, the more positive. The positive valence was chosen over negative to 

represent violation valence overall. 
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APPENDIX G: Dale-Chall Readability Formula Word List 

Source: Chall & Dale, 1995; Dale & Chall, 1948 
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APPENDIX H: Regression Assumption Statistics 

 

 

 

Assumptions 

Comments- 

Discrete 

Emotions 

Shares- 

Discrete 

Emotions 

Emojis- 

Discrete 

Emotions 

Comments- 

Emotional 

Shifts 

Shares- 

Emotional 

Shifts 

Emojis- 

Emotional 

Shifts 

Outliers 

(ZRE) Min - 

residuals 

stats -1.636 -1.548 -1.899 -1.541 -1.52 -1.887 

Outliers 

(ZRE) Max- 

residuals 

stats 3.291 3.74 3.54 3.634 5.801 4.519 

Cook's 

Distance Min 0 0 0 0 0 0 

Cook's 

Distance 

Max 0.131 0.306 0.1635 0.13124 0.30558 0.19112 

Multicol: 

Tolerance .793 - .928 .793 - .928 .793 - .929 .610 - .918 .610 - .919 .610 - .920 

Multicol: 

VIF 

1.078 - 

1.261 

1.078 - 

1.261  

1.078 - 

1.262 

1.090 - 

1.639 

1.090 - 

1.640 

1.090 - 

1.641 

Indepent 

Errors: 

Durbin-

Watson 1.637 2.047 2.057 1.999 2.047 2.06 

Histogram 

very sl rt 

norm 

norm. 

distr.  

norm. 

distr.  

very sl rt 

norm 

very sl rt 

norm 

norm. 

distr.  

PP Plot few off few off 

on/close to 

line few off few off 

on/close to 

line 

Homogeneity 

of Variance  homosked. homosked. homosked. homosked. homosked. homosked. 
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