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A primary function of emotion is to motivate behavior and dysregulated emotion-behavior 

associations are central to many theories of psychopathology. Despite robust between-person 

associations between emotional and behavioral disturbances, results from studies examining 

state-level associations between real-life emotion and behavioral outcomes have been more 

mixed. Recent conceptualizations of emotion processes suggest that an individual’s 

interpretation of their emotion state influences their behavioral responses: a phenomenon that 

has been studied primarily within the framework of trait-like emotion beliefs. Emotion beliefs are 

thought to manifest in the moment as emotion appraisals that drive emotion regulation 

motivation and direct strategy selection. However, these state-level emotion appraisals are not 

well understood and many of these process-level hypotheses have not been tested in an 

ecologically valid context. 



  

The current study sought to address these gaps by providing preliminary psychometric 

information on measures of emotion regulation (ER) importance and ER self-efficacy appraisals, 

and by testing basic hypotheses as to how these appraisals impact regulatory behaviors in day-to-

day life. 123 undergraduates (age 18-20) completed eight days of ecological momentary 

assessment (EMA) in which they were asked about their mood, emotion appraisals, and emotion 

regulation behaviors 5 times per day. Between- and within-person effects of momentary ER 

importance and self-efficacy appraisals on different emotion regulation outcomes were tested 

using multi-level Poisson and logistic regression models. 

Results suggested that single-item EMA measures of ER importance and self-efficacy 

appraisals capture important between- and within-person variance, and that they relate to other 

measures at both the EMA and person-level average levels largely as expected. Momentary ER 

importance predicted an individual’s typical levels of engagement and disengagement ER 

strategies, as well as momentary increases in the use of both. However, average levels of ER use 

were better explained by covariance with negative emotionality. Lower average ER self-efficacy 

appraisals were associated with the use of more disengagement ER across situations, though this 

effect was also better explained by covariance with negative emotionality. Momentary ER self-

efficacy appraisals did not predict any ER outcomes, nor was there evidence of the proposed 

interaction between importance and self-efficacy appraisals.  

These findings give support for process-oriented theories of emotion regulation that posit 

that ER importance appraisals are more proximal to emotion-motivated behaviors than the 

emotions themselves. However, I did not find support for the theory that momentary self-

efficacy appraisals play a strong role in directing ER behaviors. Perhaps more importantly, the 

findings from this study demonstrate a valuable proof-of-concept for the integration of 



  

momentary appraisals into EMA research on emotion-behavior associations. Further integration 

of these constructs into existing process models of psychopathology has the potential to 

meaningfully impact future research and intervention. 
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Chapter 1: Introduction 

Emotion researchers generally agree that a primary function of emotion is to direct 

behavior (Barrett et al., 2007; Ekman, 1999; Izard, 2010; Kuppens, 2019; Sander et al., 2018; 

Smith & Lane, 2015). Emotions communicate information about the current situation, its 

relevance to the individual, and what outcomes are possible and likely. Ideally, this helps direct 

behavior that will be advantageous to the individual. Unfortunately, emotions can also lead to 

behaviors that are not advantageous, both in the short and long term. Psychological disorders are 

often characterized by a mixture of emotional and behavioral dysregulation, and the premise that 

intense and overwhelming emotional experiences precipitate problematic behaviors is pervasive 

within theories of psychopathology (Carver et al., 2017; Johnson-Laird et al., 2006; Werner & 

Gross, 2010). Importantly, many of these theories are process-oriented, meaning that emotional 

experiences in the moment are thought to lead directly to behavioral responses that are 

maladaptive in the long-run. Examples of these theories within specific disorders include the role 

of avoidance in maintaining depression and anxiety (Chawla & Ostafin, 2007; Hayes et al., 

1996), tension-reduction and affect-regulation theories of alcohol abuse (Greeley & Oei, 1999; 

Sher & Grekin, 2007), and negative affect regulation theories of non-suicidal self-injury 

(Klonsky, 2007) and disordered eating (Haedt-Matt & Keel, 2011; Haynos & Fruzzetti, 2011). A 

key aspect of these theories is that the clinically relevant behavior is not thought to be a by-

product of generalized dysregulation in response to emotion, but instead a motivated behavior 

intended to reduce the experience of an unwanted emotion or feeling. Thus, emotion regulation 

processes are central to many clinical theories of psychopathology. If emotional experiences can 

lead to either adaptive or maladaptive responses, what factors determine which response will 

occur?  
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Current theories posit that emotions prompts behavior on multiple levels, from those that 

are more automatic and stereotyped to those that are motivated by slower-forming appraisals of 

the situation at hand (Izard, 2007; Kuppens, 2019; Sander et al., 2018; Smith & Lane, 2015). 

There are also thought to be behaviors generated by appraisals of the emotion state itself. For 

example, constructionist approaches to emotion hypothesize that emotion states motivate 

behavior in part by activating emotion concepts that, when integrated with contextual 

information, provide predictions about possible behaviors and likely outcomes (Barrett et al., 

2007; Edwards & Wupperman, 2019; Smith & Lane, 2015). Conceptually, behaviors motivated 

by emotion concepts and beliefs follow after the conscious, semantic representation of the 

emotion. (Ford & Gross, 2019; Manser et al., 2012). To date, these emotion-relevant cogitations 

have been primarily studied at the trait level in the form of ‘emotion beliefs.’ The measurement 

of their momentary form - emotion appraisals - has been largely absent from the process-level 

study of emotion and behavioral response, despite appraisals being a strong candidate for the 

component of emotion most directly related to deliberate behavioral responses. This study seeks 

to demonstrate the use of two emotion appraisal items within an ecological momentary 

assessment (EMA) study, describe the basic psychometric properties of these novel items, and 

test basic process-oriented hypotheses about the role of emotion appraisals in motivating 

regulatory behaviors. 

1.1 Beliefs about Emotion 

There is an expanding literature dedicated to the importance of beliefs about emotions, 

and how they differentially motivate behavioral responses (Edwards & Wupperman, 2019; Ford 

& Gross, 2019; Leahy, 2002; Manser et al., 2012; Tamir & Gutentag, 2017). Emotion beliefs 

include concepts about the desirability, utility, appropriateness, and malleability of different 



 3 
 

emotions, as well as the likely outcomes and appropriate behavioral responses for different 

emotions in different situations. Though there are many types of beliefs any one individual might 

hold about emotions, there are two broad dimensions that encapsulate most of the research that 

has been done in this domain thus far: emotion valuation beliefs, and emotion malleability 

beliefs (Ford & Gross, 2019).  

Emotion valuation beliefs, which have been studied under a variety of names, broadly 

refer to beliefs about the desirability of a certain emotion, or emotions in general (Bartsch et al., 

2008; Gottman et al., 1996; Kämpfe & Mitte, 2009; Maio & Esses, 2001; Simons & Gaher, 

2005; Tsai, 2017; Williams et al., 1997). Proposed dimensions of emotion valuation include 

hedonic value, tolerability, utility, appropriateness, and meaningfulness (Luong et al., 2016; 

Manser et al., 2012). Emotion valuation beliefs differ by age, gender, personality, and culture – 

and within person they vary by situation (see De Vaus et al., 2018 and Tamir & Gutentag, 2017 

for two reviews). Beliefs that emotions are undesirable tend to be associated with poorer mental 

health, including less happiness and social support (Karnaze & Levine, 2018) and more 

depressive symptoms (Yoon et al., 2018). These beliefs can also be situation-specific in that 

certain emotions are believed to be valuable in achieving specific goals. For example, athletes 

desire to feel angry when they believe anger will improve their performance (Lane et al., 2011), 

and people find sadness desirable when it is shared by a group they are affiliated with (Porat et 

al., 2016). If believed to be useful to reach a goal or appropriate given the situation, even 

‘negative’ emotions can be positively valued. Further, the perception of contextual value can 

have real impact on whether the emotion motivates regulation attempts, and toward which 

emotion goals (Tamir & Ford, 2009, 2012). Thus, emotion valuation beliefs generally convey 

information about whether or not an emotion should be acted on. 
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Emotion malleability beliefs refer broadly to beliefs about whether emotional experiences 

are changeable – either in general (implicit beliefs about emotion: Dweck et al., 1995; Tamir et 

al., 2007), or specifically by oneself (emotion-regulation self-efficacy: Bandura et al., 2003). 

Individuals who believe that emotions are relatively less malleable have generally poorer well-

being (De Castella et al., 2018a; King & dela Rosa, 2019), have decreased emotion-regulation 

self-efficacy (De Castella et al., 2018a; Tamir et al., 2007) and higher levels of stress and 

depression (De Castella et al., 2013; Ford et al., 2018). Beliefs that emotions are relatively 

unchangeable prospectively predicted more negative emotions, fewer positive emotions, and a 

decreasing trajectory of emotional support over the first term of college (Tamir et al., 2007).  

In summary, both emotion valuation and emotion malleability beliefs are associated with 

psychological wellbeing at the trait level: the more an individual believes emotions to be 

valuable, useful, and under their control, the better their psychological health.  

1.2 Emotion Appraisals and Emotion Regulation 

One theory of how emotion beliefs create risk for psychopathology is by biasing 

reactions to negative emotions towards relatively more maladaptive responses. For example, if 

someone holds the belief that anxiety is intolerable and relatively unchangeable, they may be 

motivated to respond to anxiety by withdrawing from the situation and avoiding future situation 

in which anxiety may occur. In contrast, someone who believes anxiety is appropriate and 

malleable may be more likely to respond with acceptance or reappraisal.  

Beliefs about emotions are thought to influence behavior by impacting multiple stages of 

emotion regulation (ER: Ford & Gross, 2019). So far, the main point of interaction that has been 

studied is between emotion beliefs and ER strategy selection. ER strategies include both those 

that seek to reduce the emotion via engagement with the emotion or situation (e.g. reappraisal, 
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problem-solving, acceptance) and those that seek to reduce the emotion via disengagement (e.g. 

avoidance, distraction, suppression) (Gross, 2015). Disengagement strategy use is associated 

with generally worse psychosocial outcomes (Aldao et al., 2010). Therefore, many have 

speculated that beliefs about emotion impact the relative selection of disengagement strategies 

over engagement strategies, which in turn creates risk for poorer mental health (De Castella et 

al., 2013, 2018a; Ford et al., 2018; Ford & Gross, 2019; Kneeland et al., 2020; Ortner & 

Pennekamp, 2020). There has been some support for this idea at the between-person level using 

global self-report of both beliefs and emotion regulation: people with low malleability beliefs 

report less cognitive reappraisal, (De Castella et al., 2013; Ford et al., 2018; King & dela Rosa, 

2019; Kneeland et al., 2020; Ortner & Pennekamp, 2020; Tamir et al., 2007), and higher levels 

of emotional and cognitive avoidance (De Castella et al., 2018a; Moumne et al., 2020; Ortner & 

Pennekamp, 2020). 

But how exactly do beliefs, which are conceptualized as trait-like attributes, exert their 

influence on emotion regulation and behavioral outcomes at the momentary level? In theory, 

beliefs should manifest as specific appraisals and motivations in response to real-life emotion 

(Ford & Gross, 2019). For example, a negative valuation belief about anger should manifest in 

response to an experience of anger as an appraisal of undesirability. In the current study, we use 

the phrasing “How important is it for you to control, fix or change your mood right now?” to 

measure momentary valuation appraisal. Though this single item likely does not provide full 

coverage of all momentary appraisals related to valuation beliefs, it reflects a combination of 

dissatisfaction with current mood and implied desire to change current mood, without 

referencing motivation to engage in regulatory behaviors explicitly. For the remainder of this 
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paper, I’ll refer to our momentary measure of emotion valuation appraisal as ‘ER importance’ to 

reflect the wording we chose to use most clearly. 

Emotion malleability beliefs should similarly manifest as momentary malleability 

appraisals. For example, the belief that fear is not malleable should manifest in response to an 

experience of fear as the prediction that the emotion will remain unchanged. In response to an 

emotion state, malleability beliefs should theoretically manifest as malleability appraisals; 

cognitions about whether that emotion state is changeable or not in the current context. In this 

study, we use the phrasing “If you wanted to, how well do you think you could control, fix or 

change your mood right now?” to measure momentary malleability appraisal. Again, this single 

item may not fully capture all momentary appraisals related to malleability beliefs. However, this 

item does reflect the individual’s perception of their current ability to change their emotions. For 

the rest of this paper, I’ll use the term ‘ER self-efficacy’ to refer to our measure of momentary 

emotion malleability appraisal. 

 It is these momentary appraisals of emotions that are thought to direct subsequent 

emotion regulation. By translating these trait-level beliefs into momentary-level measures 

reflecting related cognitions, we open to door to exploring the functional role of these cognitions 

in directing behavior and creating risk for psychopathology. To test these process-oriented 

hypotheses, it is important to examine how emotion appraisals impact behavior in real life, 

instead of relying solely on cross-sectional studies or constrained experimental paradigms. 

Ecological momentary assessment (EMA) methods are particularly well suited to this task. 

1.3 Emotion-Behavior Associations in EMA 

The emergence of technology that allows researchers to sample from daily life frequently and 

with minimal intrusion has opened many doors to observing temporal relations between 
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dimensions of emotion and behavior (Shiffman et al., 2008; Trull & Ebner-Priemer, 2014). This 

family of research methods, commonly referred to as ecological momentary assessment (EMA), 

experience sampling methods, or ambulatory assessment, has given researchers a window into 

how emotion processes unfold in day-to-day life. As a result, there is a growing body of work on 

emotion regulation measured in EMA, including studies looking at antecedents and 

consequences of different regulatory behaviors (Bylsma & Rottenberg, 2011; Colombo et al., 

2020). Within EMA research, self-report of either broad affective dimensions (such as positive 

and negative affect, arousal, or appraisal dimensions) and discrete emotion terms (such as fear, 

shame, anger, etc.) remain the predominant method for measuring emotion (Mauss & Robinson, 

2009; Robinson & Clore, 2002). The investigation of emotion-behavior associations using EMA 

methods is still a relatively new line of inquiry which thus far has been promising but limited in 

its ability to illuminate complex interactions. One limitation of the current work on emotion-

behavior associations in EMA may be that the measurement of state-level emotion constructs 

ends at the level of emotion identification, and thus has limited ability to describe processes that 

unfold between the recognition of an emotion state and the enacting of emotion-motivated 

behaviors. Because emotion appraisals theoretically follow emotion identification (Smith & 

Lane, 2015), it is imperative that researchers interested in how emotions impact behavior 

integrate appraisal processes into their models.  

1.4 Dissertation Aims and Hypotheses 

The current study seeks to address gaps in the literature on emotion-behavior associations 

by providing preliminary psychometric information on EMA measures of emotion valuation and 

malleability appraisals, by testing hypotheses as to how emotion appraisals impact emotion 

regulation and behavior in day-to-day life, and by providing exploratory tests in hopes of 
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generating future hypotheses in this domain. Below I describe the limited existing research on 

momentary emotion appraisals and the rationale for the hypotheses I put forth. 

1.4.1 Aim 1: Describe the psychometric properties of novel measures of emotion valuation 

and malleability appraisals. 

The study of state-level emotion appraisals is in its infancy. My review of the literature 

found only two studies which measured emotional appraisals in response to real-life experiences 

of emotion (Daros et al., 2020; Veilleux et al., 2018), both which measured some dimension of 

valuation, and none that measured malleability appraisals. There is a clear need for an 

understanding of how to measure these appraisals using EMA methods, and what exactly is 

being measured when we ask about current emotion appraisals. This is particularly important 

considering that global self-report measures cannot be assumed to capture momentary processes 

(Fisher et al., 2018; Grice et al., 2015; Kazdin, 2007; Nock, 2007).  

In response to this need, the first aim of the current study is to describe the psychometric 

properties of two novel items designed to measure emotion appraisals in EMA. In particular, I 

will describe how two ER importance and ER self-efficacy appraisals relate to each other, and to 

other concurrent measures of emotion and behavior both within- and between-person. Though 

this aim will be primarily exploratory, I have some hypotheses of how these items should relate 

to other measures based on previous research on emotion beliefs and my theoretical 

understanding of the constructs. 

At the momentary level, I expect ER importance to be generally related to those aspects 

of emotion most stereotypically thought to be ‘undesirable.’ Research suggests that in the United 

States, higher-energy, positive-valanced emotions are generally viewed as most desirable (Tsai, 

2007). Thus, I expect that ER importance will be related to higher negative affect, lower positive 
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affect, and lower arousal states. Because higher-intensity and more ‘negative’ emotional 

experiences may be perceived as more difficult to change, I expect that higher ER self-efficacy 

will have the opposite pattern – being correlated with higher positive affect and lower negative 

affect. However, I expect that ER self-efficacy will be less strongly associated with other 

emotion components than ER importance is, given that ER importance is conceptually more 

directly related to the experience of negative affect. As an extension of this, I also expect that ER 

importance and ER self-efficacy will only be weakly correlated with each other.  

As for correlations between emotion appraisals and behaviors occurring during the 

subsequent assessment period, I expect that ER importance will be correlated with total ER use 

and increased impulsivity across facets. I expect that ER self-efficacy will be correlated with the 

decreased disengagement and increased engagement ER strategies, and lower impulsivity across 

facets. 

I generally expect that correlations between emotion appraisal tendencies (appraisals 

averaged over the EMA period) and other trait-level constructs will follow associations 

demonstrated in between-person studies of emotion beliefs. Both high average ER importance 

and low average ER self-efficacy should be related to negative emotionality, the use of 

maladaptive ER strategies, increased impulsivity, and poorer mental health outcomes. 

1.4.2. Aim 2: Test the prospective impact of emotion appraisals on ER strategy selection as 

predicted by theories of emotion beliefs 

 The second aim of the current study is to test basic process-oriented hypotheses of how 

emotion appraisals impact regulatory behaviors. To begin, I will test the hypothesis that ER 

importance is a more direct predictors of emotion-motivated behaviors than affect alone. If 

emotion appraisals drive the individual toward specific regulatory responses, then the appraisal 
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of whether the current emotion state is contextually desirable is the metaphorical ‘gas pedal’ – 

determining first and foremost whether the emotion needs to be regulated (Ford & Gross, 2019). 

Tamir & Ford (2009, 2012) found preliminary evidence for this experimentally by showing that 

people who expected either anger or fear to be useful to them were motivated to increase those 

emotions selectively. In short, desire to experience an emotion, and conversely to not experience 

one, should promote goal-congruent regulatory responses. There is also preliminary support for 

this hypothesis from two studies that measured valuation appraisals using EMA. Veilleux et al., 

(2018) found that average distress intolerance (the appraisal that the current emotion cannot be 

tolerated) as measured via EMA was correlated with self-report of disengagement strategies but 

uncorrelated with the use of engagement strategies. Unfortunately they did not report on the 

association of momentary distress intolerance on concurrent emotion regulation, so it is not 

possible to conclude whether higher distress intolerance directly predicted the use of 

disengagement coping. Daros et al., (2020) assessed the momentary association between emotion 

valuation and regulation attempts more directly. At the momentary level, desire to change 

emotion was correlated with negative affect at r = .63 and was weakly correlated with both 

concurrent avoidant (r = .26) and engagement strategies (r =.22). From this small number of 

studies, it is unclear whether valuation appraisals are likely to promote an increase in all ER 

strategies, or specifically disengagement strategies. These results may also be influenced by the 

specific type of valuation measured – since an emotion being appraised as intolerable may 

promote more disengagement than the broader appraisal that the emotion should be changed. 

Because the item used in the current study refers to the broad importance of changing the current 

emotion state, my first hypothesis (H1) is that ER importance will predict the total number of ER 

strategies used during the following assessment period, and that this effect will be significant 
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over and above the effects of negative affect. The inclusion of concurrent negative affect in this 

analysis will serve to demonstrate whether ER importance has predictive strength in addition to 

what may be a considerable amount of shared variance with the experience of negative affect. If 

ER importance is functionally ‘the same’ as negative affect, it may not in fact be a useful 

construct in the context of emotion-behavior EMA research. 

On the metaphorical road to regulatory behaviors, if ER importance is the gas-pedal, 

malleability appraisals are hypothesized to be the steering-wheel – directing the individual 

toward specific regulatory behaviors that they believe will be effective for reaching their emotion 

goals. This theory has been supported by trait-level studies that found that people with low 

malleability beliefs report less cognitive reappraisal, (De Castella et al., 2013; Ford et al., 2018; 

King & dela Rosa, 2019; Kneeland et al., 2020; Ortner & Pennekamp, 2020; Tamir et al., 2007), 

and higher levels of emotional and cognitive avoidance (De Castella et al., 2018a; Moumne et 

al., 2020; Ortner & Pennekamp, 2020). These between-person results suggest that individuals 

who believe emotions to be relatively unchangeable are more likely to use strategies that seek to 

regulate the emotion via disengagement versus those that seek to change the emotion or situation 

directly. This idea has found some support in experimental studies as well. For example, De 

Castella et al., (2018) found that people who were led to believe they were worse at ER were 

more likely to avoid future situations that could be potentially emotionally distressing. Similarly, 

Kneeland et al., (2016a, 2016b) found that individuals who were primed with low malleability 

beliefs engaged in less perspective-taking following a negative mood induction, and less 

reappraisal after an anxiety-producing speech task. However, there were no differences in 

rumination, reappraisal, or positive refocus in the former study, or in suppression in the latter. 
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Interestingly, participant who were primed with low malleability beliefs were more likely to use 

acceptance (Kneeland et al., 2016b).  

Believing emotions aren’t malleable may increase disengagement strategy use because 

the emotion has been appraised as unlikely to change through more direct methods. Notably, 

these studies all used laboratory-induced negative affect and measured ER strategies within a 

constrained setting (i.e., many naturalistic ER approaches were not available to participants). 

They also didn’t measure concurrent desire to change their emotion state; it was assumed that 

individuals would be motivated to down-regulate negative emotions. This is a limitation of these 

studies because it is theoretically possible to appraise your current emotion state as malleable but 

not want to change it. Essentially: you can turn the steering wheel all you want, but you’re only 

going to get somewhere if the gas pedal is down. Therefore, my second hypothesis (H2) is that 

higher momentary ER self-efficacy will predict the use of more engagement strategies and fewer 

disengagement strategies. I also predict that there will be an interaction of these effects with ER 

importance such that they are only present when there is a desire to change the current mood. 

1.4.3 Aim 3: Exploratory tests of the effects of emotion appraisals on specific ER strategies 

 Emotion regulation strategies differ from one another in more ways than what is captured 

by the dimensions of engagement vs. disengagement. For example, some are more cognitive 

(reappraisal and rumination) whereas others are more explicitly behavioral (problem-solving and 

distraction) (Garnefski et al., 2001). Relevant to the current study, some approaches attempt to 

regulate the experience of emotion by changing appraisals of the situation or the emotion itself. 

The best examples of this are the strategies reappraisal and acceptance. In particular, acceptance 

may actually function to reduce ER importance via reappraisal of the emotion as ‘neutral,’ and 

the use of acceptance has been associated with lower malleability beliefs (Kneeland et al., 
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2016b). Since each emotion regulation strategy has unique features, it’s possible that emotion 

appraisals have unique effects on ER strategies within the categories of engagement and 

disengagement. The study of state emotion appraisals is nascent enough that hypotheses about 

how they are likely to impact specific ER strategies are lacking, though this type of specificity 

would be valuable. To contribute to the future development of such hypotheses, I will perform a 

set of exploratory analyses testing the main effects and the interaction effect of ER importance 

and self-efficacy appraisals on the likelihood of seven specific ER strategies (acceptance, 

problem-solving, rumination, reframing, avoidance, distraction, and suppression) being used 

during the following assessment period. 

Chapter 2: Methods 

2.1 Participants 

Participants (n= 123) in this study were students enrolled in introductory psychology 

courses at the University of Washington. All participants in the university’s Psychology Subject 

Pool were invited to complete a general screening survey. Those who took the survey and were 

between the ages of 18–20 at the time of screening, were born in the US or moved there before 

the age of 12, and reported at least weekly alcohol or marijuana were invited to participate in this 

study. The final sample was 65% female and 53% white, 25% Asian, and 22% other 

race/ethnicity. The mean age was 19.2. Participants were compensated in course extra credit in 

proportion to the number of surveys they completed. 

2.2 Procedure 

All study procedures were approved by the University of Washington’s Institutional 

Review Board. Eligible participants were invited to attend an initial in-lab orientation during 
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which they completed computerized baseline assessments and were trained on the EMA 

protocol. The participant’s EMA session began the Thursday after their in-lab orientation and ran 

for two consecutive weekends (Thursday-Sunday), for a total of eight days of data collection and 

40 possible EMAs. On each of those days, participants received 5 brief surveys delivered 

through SMS with a link to a mobile-optimized Qualtrics survey. These surveys came randomly 

within 5 fixed windows between the times of 9am and 11pm, and never closer than one hour 

apart. Each EMA contained questions about recent emotion, affective appraisals, emotion 

regulation strategies, impulsive behavior, and situational factors. The morning survey included 

additional items about the previous day’s alcohol and marijuana use. Participants were given 1 

hour to complete each survey and received a reminder after 30 minutes if the survey was not 

complete. The average completion rate was 79% of EMAs, for a total of n = 3903 observations. 

2.3 Measures 

2.3.1 EMA measures  

Emotion appraisals were measured using the items ““How important is it for you to 

control, fix or change your mood right now?” reflecting ER importance and ‘If you wanted to, 

how well do you think you could control, fix or change your mood right now?” reflecting ER 

self-efficacy,  and Responses were recorded on a visual analogue slider scale from “not at all” to 

“completely,” with a central anchor of ‘somewhat.’ These scales were coded from 0 to 100 based 

on placement on the slider scale. See appendix 1 for how these items appear on a mobile phone.  

Emotion regulation strategies were measured with seven items taken from a similar 

protocol designed by Tan et al. (2012) for a cell-phone EMA study of adolescents. These items 

were designed to assess six emotion regulation strategies commonly defined in the literature 

(acceptance, problem-solving, rumination, reappraisal, avoidance, and distraction) in language 
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that is child-friendly. For the current study, an item was added in the same style which assessed 

the use of suppression. Lastly, a ‘none of the above’ option was added. Participants were asked 

to select all strategies that they used ‘since the last assessment.’ See appendix 1 for how these 

items appear on a mobile phone. The variable total ER use will be calculated as a sum of the ER 

strategies reported at each EMA. The variable disengagement ER use will be calculated as a 

sum of the number of disengagement strategies (suppression, avoidance, and distraction) used. 

The variable engagement ER will be a sum of the unique engagement strategies (acceptance, 

problem-solving, and reappraisal) used since the last assessment. Rumination will not be 

included in either of these totals, as the wording of the item does not fit conceptually with either 

category.  

Core affect dimensions were measured with two items based on the circumplex model 

of emotions (Russell, 1980) that ask participants to rate how pleasant they have felt in the past 10 

minutes on a scale from ‘extremely pleasant’ to ‘extremely unpleasant,’ and how energetic they 

have felt on a scale from “extremely low-energy’ and ‘extremely high-energy,’ with central 

anchors of ‘neutral.’ These scales were coded from -50 to 50 based on placement on the slider 

scale, with 0 representing ‘neutral.’ 

 Discrete emotions were measured by participants rating how much they felt specific 

negative (irritable, unhappy, anxious, angry, and bored) and positive emotions (cheerful, 

friendly, calm, happy, engaged) in the past 10 minutes with terminal anchors “not at all” and 

“very much,” and a central anchor of ‘somewhat’. We selected emotion words to reflect multiple 

dimensions of negative and positive affect, based on the PANAS-X and other prior work (Larson 

& Lampman-Petraitis, 1989; Silk et al., 2003). The variables negative affect and positive affect 

were generated by averaging each set of items within the same assessment.  
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Impulsive behaviors (planning, persistence and acting on impulse) were measured 

with items adapted from the UPPS (Whiteside & Lynam, 2001), with item stems changed to 

reflect behavior “since the last assessment.” Acting on impulse items were adapted from UPPS 

urgency items to be free of emotional content (i.e., “I had trouble controlling my impulses”) such 

that they only reflect the acting on impulse aspect of urgency. Planning items were adapted from 

UPPS global self-report of planning, such as “I thought carefully before doing anything”. 

Persistence items were adapted from UPPS global self-report of persistence, such as “I saw 

things through to the end.” Participants rated their experiences on a visual analog scale ranging 

from 0 to 100 with terminal anchors “strongly disagree” and “strongly agree” and a central 

anchor of ‘neither agree nor disagree’. At each assessment, 3 items from each subscale were 

randomly administered to subjects to reduce response burden. Scale means were computed for 

each impulsive trait within each observation (Halvorson et al., 2019). 

Person-level EMA averages were calculated for all EMA items as simple means of the 

values reported at all EMA assessments. 

2.3.2 Global self-report measures of convergent and criterion validity 

 Emotional Reactivity was measured using the Emotional Reactivity Scale (ERS; Nock 

et al., 2008). The ERS is a 21-itm self-report measure designed to assess individuals’ experience 

of emotion reactivity. It asks respondents to rate how much statements sound like them on a 5-

point Likert scale from “not at all like me” to “completely like me.” The subscales of the ERS 

are emotion sensitivity (ex. “my feelings get hurt easily”, intensity (ex. “when I experience 

emotions, I feel them very strongly/intensely”), and persistence (ex. “when something happens 

that upsets me, it’s all I can think about for a long time”). The subscales show good internal 

consistency, with alphas ranging from .81 to .88 (Nock et al., 2008).  
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Cognitive Emotion Regulation was measured using the 36-items Cognitive Emotion 

Regulation Questionnaire (CERQ; Garnefski et al., 2001), which measures what individuals 

generally think when experiencing negative or unpleasant events on a five-point Likert scale 

from “almost never” (1) to “almost always” (5). The CERQ includes the subscales self-blame 

(ex. “I feel that I am the one to blame for it”), other-blame (ex. “I feel that others are to blame 

for it?”), rumination (“I often think about how I feel about what I have experienced”), 

catastrophizing (ex. “I keep thinking about how terrible it is what I have experienced”), 

perspective-taking (ex. “I think that other people go through much worse experiences”), 

positive refocusing (ex. I think of pleasant things that have nothing to do with it), positive 

reappraisal (ex. “I think that I can become a stronger person as a result of what has happened”), 

acceptance (ex. I think that I have to accept the situation”), and refocus on planning (ex. “I 

think about how I can best cope with the situation“) The subscales are calculated by taking a 

mean of the comprising item and have acceptable internal validity with alphas between .66 and 

.81 (Garnefski et al., 2001). 

 Trait Impulsivity will be assessed with the urgency, planning, and persistence 

subscales of the UPPS-P (Whiteside & Lynam, 2001). Analyses will use a mean value of 

responses to these items, which are rated on a four-point Likert scale ranging from “strongly 

agree” (1) to “strongly disagree” (4). Subscales have demonstrated good reliability (α = 0.83 - 

0.89).  

Anxiety, Depression, and Anger were measured using Patient-Recorded Outcomes 

Measurement Information System (PROMIS) short form scales for fear (29 items ex. “I felt 

something awful would happen”), depression (28 items ex. “I felt that my life was empty”), and 

anger (22 items, ex. “I was irritated more than people knew”). Participants were asked to rate the 
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frequency of items in the past 7 days on a 5-point Likert scale from “never” to “always.” For 

these scales, I will compute a mean score, then convert it to t-scores based on published norms 

(available at http://healthmeasures.net). 

Chapter 3: Results 

All descriptive statistics and analyses were generated using R (R Core Team, 2020). All 

multi-level linear and logistic regression analyses were conducted using the package ‘lme4’ 

(Bates et al., 2015) and all count models were conducted using the package ‘glmmTMB’ (Brooks 

et al., 2017). For ease of reading, the rationale for each analysis, general analytic approach, and 

results are presented together for each set of analyses. 

3.1 Psychometric Properties of Momentary Emotion Appraisals 

The two appraisal items used in the current study to measure emotion appraisals were 

written for use in the present study based on a theoretical understanding of emotion appraisals. 

Because they are single items, measures of inter-scale reliability are not relevant. Instead, I aim 

to describe features of these items within- and between-person and to place these appraisals 

within the nomothetic network of other common measures of emotion and theoretically related 

outcomes.  

3.1.1 Descriptive Statistics 

 Table 1 shows means and standard deviations for key study variables at both the 

momentary and person-level average level. For descriptive statistics of all study variables, see 

the complete table in appendix 2. 
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Table 1 
Descriptive Statistics for Primary Study Variables 

 Ecological Momentary 
Assessment 

Person-Level EMA 
Average 

 Mean SD Mean SD 

ER Importance 21.68 25.01 22.02 14.66 

ER Self-Efficacy 56.54 27.38 55.46 18.5 

Negative Affect 13.2 15.28 14.14 10.43 

Total ER 0.74 1.08 0.78 0.64 

Engagement ER 0.37 0.64 0.39 0.35 

Disengagement ER 0.26 0.59 0.27 0.27 

 

ER Importance. The average participant in our study had a mean ER importance of 22 

out of 100 – or roughly half-way between the labels ‘not at all important-’ and ‘somewhat 

important-’ to ‘control, fix, or change your current mood’ on our visual analogue slider scales. 

This person-level average had a standard deviation of +/- 15 within our sample. The average 

within-person standard deviation of ER importance was 19, the between-person standard 

deviation of which was 8. This is visualized in the context of our visual analogue scale in Figure 

1.  
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Figure 1 
Density Plots of the Momentary and Person-Average Distribution of ER Importance 
 
All EMA Observation 

 
Person-level Averages  

  
Note: The red line represents the mean and the blue area represents +/- 1 standard deviation 
from the mean. 

 

To summarize, the average participant in our study would report feeling little to no 

motivation to change their current emotion on a typical observation. On the majority of their 

assessments, their reported ER importance would range between ‘not at all important’ and 

‘somewhat important.’ However, 17% of total observations were in the range between 

‘somewhat’ and ‘extremely important’ and 87% of participants had at least one observation in 

this range. The average participant in our study felt at least moderate desire to change their 

emotion at approximately 15% of observations.   

ER Self-Efficacy. The average participant in our study had a mean ER self-efficacy of 56 

out of 100 – or slightly higher than the label ‘somewhat’ in response to ‘how well do you think 
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you could control, fix, or change your current mood’ on our visual analogue scales. This person-

level average had a standard deviation of +/- 19 within our sample. The average within-person 

standard deviation of ER importance was 19, the between-person standard deviation of which 

was 8. This is visualized in the context of our visual analogue scale in Figure 2. To summarize, 

the average participant in our study would report believing they could control their current mood 

‘somewhat’ well on a typical observation. On the majority of their assessments, their reported 

ER self-efficacy would range between 37 and 75 out of 100. However, 34% of total observations 

were in the range between ‘not at all well’ and ‘somewhat well’ 92% of participants had at least 

one observation in this range, and 76% had at least one observation below 25 (half-way between 

‘somewhat’ and ‘not at all well’). The average participant rated their ER self-efficacy in this 

lower quadrant on 13% of their observations. 
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Figure 2 
Density Plots of the Momentary and Person-Average Distribution of ER Self-Efficacy 

All EMA Observation Person-level Averages  

  

Note: The red line represents the mean and the blue area represents +/- 1 standard deviation 
from the mean. 

 

3.1.2 Measures of Variability in Emotion Appraisals 

 Intraclass Correlations. First, I calculated the relative between- and within-person 

variance in the two appraisal items by calculating their intraclass correlations – a simple ratio of 

the variance between individuals and the total variance. The resulting ICCs reflect the proportion 

of variance in each emotion appraisals that is due to differences in person-level appraisal 

tendencies (e.g., some people having generally more positive appraisals than others). The 

remainder of the variance can be ascribed to moment-to-moment fluctuations within individuals 

(both those that are meaningful, and those that represent error).  

 Based on the ICCs from the unconditional models, 32% of the variance in ER importance 

and 44% of the variance in ER self-efficacy was explained by person-level differences. The 
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remaining variance represents a combination of within-person variance and within-person error. 

This suggests that the majority of variance in these measures is at the momentary level, though 

there is substantial between-variance as well. 

Temporal Dynamics of Appraisal Items. To describe temporal trends related to our 

sampling procedures, I ran multi-level linear regressions of time of day and study day predicting 

both emotion appraisal items. A significant effect of time of day would suggest daily trends in 

appraisal levels, and a significant effect of study day would suggest some level of reactivity in 

response to the repeated sampling procedures. 

 These models showed little evidence of meaningful temporal effects. There was no effect 

of time of day on either appraisal item. People reported slightly more ER importance as the study 

went on (b = .34, p < .05) and slightly less ER self-efficacy (b = -.39, p < .05). These magnitudes 

are extremely small in the context of our 0-100 scales, accounting for an average of 

approximately +/- 4 points on our 100-point scale when comparing the first day of the study to 

the last.  

Autocorrelations – the correlation between a variable and itself at the next time point - 

has been proposed as a measure of ‘ inertia’ or the tendency to remain in a given state over time 

(Hamaker & Wichers, 2017). To assess the relative stability of appraisals over time, I calculated 

within-person autocorrelations by lagging emotion appraisal reports onto the previous same-day 

report and calculating the correlation coefficient using all available observation pairs. I also 

calculated correlations between individual autocorrelations and individual mean levels of each 

appraisal dimension to see if an individual’s ‘inertia’ was related to their average level of 

appraisal.  
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The average within-person autocorrelation of ER importance was .18 with a standard 

deviation of .28.  Figure 3 shows the temporal data for a participant with average autocorrelation, 

and one with +1 SD autocorrelation for ER importance. ER importance autocorrelation was 

uncorrelated with average ER importance (R = .04).  

Figure 3 
Examples of Within-Person Temporal Trends in ER 
Importance 
 
Participant with Average Autocorrelation 

 

Participant with +1 SD Autocorrelation 

 

Notes: The areas between vertical lines are single days. 
Example participants were selected to have comparable 
mean levels of ER importance as well.  

 

Average within-person autocorrelation of ER self-efficacy was .14, with a standard 

deviation of .28. Figure 4 shows the temporal data for a participant with average autocorrelation, 

and one with +1 SD autocorrelation for ER self-efficacy.  
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Figure 4 
Examples of Within-Person Temporal Trends in ER Self-
Efficacy 
Participant with Average Autocorrelation 

 

Participant with +1 SD Autocorrelation 

 

Notes: The areas between vertical lines are single days. 
Example participants were selected to have comparable 
mean levels of ER self-efficacy as well. 

 

  3.1.3 Measures of Construct Validity 

This section presents bivariate correlations between the novel emotion appraisal EMA 

items and items more commonly used in both EMA and trait-level studies. In all within-person 

tables, the emotion appraisal items are correlated with emotion items from the same observation, 

and with ER and impulsivity measures from the subsequent same-day timepoint (since they 

reflect the same assessment period). All between-person tables use the person-level average of 
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EMA scales when indicated. I present visualizations of the most relevant correlations here, and 

the full correlation matrices can be found in appendix 3. 

  Within-Person Convergent Validity. Figure 5 shows the correlations between emotion 

appraisal items and multiple measures of congruent emotions, including emotional valence,  

arousal, and negative and positive affect. 

Momentary appraisals of ER 

importance and ER self-efficacy were only 

weakly correlated with each other (r = -

0.11). High ER importance was moderately 

correlated with negative affect at the same 

observation (r = .43), and weakly 

associated with other emotion measures 

reflecting negative emotional valence, low 

arousal, and low positive affect (absolute 

values of rs = .13-.25). High ER self-

efficacy was weakly associated with 

emotion measures reflecting positive 

valence and affect, higher arousal, and 

lower negative affect (absolute value of rs = .14-.30).  

Figure 5 
Bivariate correlations between emotion 
appraisals and congruent emotion 
components 

Note: The color of the boxes indicates the direction and relative 
strength of the association as indicated by the color key. 
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Within-Person Criterion Validity. Figure 6 shows the correlations between emotion 

appraisal items and multiple measures of emotion regulation and impulsivity reported at the next 

assessment.  

Momentary appraisal of ER 

importance was weakly correlated with 

all ER measures and acting on impulse 

(rs = .14-.20). ER importance was 

uncorrelated with planning or 

persistence.   

ER self-efficacy was uncorrelated 

with any ER measures. It was weakly 

associated with less acting on impulse 

and more persistence and planning during 

the same assessment period (absolute 

value of rs = .14-.20) 

 

  

Note: The color of the boxes indicates the direction and 
relative strength of the association as indicated by the 
color key. 

 

Figure 6 
Bivariate correlations between emotion 
appraisals and congruent emotion regulation 
and impulsivity  
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Between-Person Convergent Validity Figure 7 shows the correlations between the 

emotion appraisal items aggregated to the person-level (an individual’s average tendency over 

the EMA period) and person-level aggregates of EMA emotion dimensions as well as trait-level 

measures of psychopathology and emotionality measured at baseline.  

 The overall pattern of 

correlation at the aggregate-level 

follows that of the momentary 

level discussed above, though 

slightly stronger in magnitude. 

Reporting higher average ER 

importance over the study period 

was associated with reporting 

more negative affect and valence, 

less positive affect, and lower 

arousal states. Reporting higher 

EM self-efficacy over the study 

period was associated with 

reporting less negative and more 

positive affect, lower valence and 

higher-arousal states. A tendency 

to report higher ER importance 

across the study period was 

moderately correlated with 
Note: The color of the boxes indicates the direction and relative strength 
of the association as indicated by the color key. 

 

Figure 7 
Bivariate correlations between person-level 
average emotion appraisals and person-level 
average and trait emotion constructs 
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baseline reports of anxiety, anger, depression, and emotional reactivity. A tendency to report 

higher ER self-efficacy across the study period was weakly associated with lower anxiety, anger, 

depression, and emotional reactivity at baseline. ER importance and self-efficacy tendencies 

remained only weakly and inversely correlated at the person-average level.  

Between-Person Criterion 

Validity. Figure 8 shows the correlations 

between emotion appraisal aggregated to 

the person-level (an individual’s average 

tendency over the EMA period) and 

person-level aggregates of emotion 

regulation variables as well as trait-level 

measures of emotion regulation 

tendencies measured at baseline. 

A tendency to report higher ER 

importance across the study period was 

moderately correlated with reporting 

more ER strategies during the same 

period (r = .38). ER importance was 

relatively more strongly correlated with 

reporting disengagement strategies (r = 

.41) compared to engagement strategies 

(r = .28). Similarly, average ER 

importance was weakly correlated with 
Note: The color of the boxes indicates the direction and relative 
strength of the association as indicated by the color key. 

Figure 8 
Bivariate correlations between person-level 
average emotion appraisals and person-level 
average and trait emotion regulation 
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maladaptive cognitive coping strategies as reported at baseline (self-blame, rumination, and 

catastrophizing; rs = .21-.27). It was uncorrelated with all adaptive cognitive coping strategies 

with the exception of planning (r = .19).  

A tendency to report higher ER self-efficacy over the study period was weakly correlated 

with endorsing less ER on average (rs = -.14- -.18). Average ER self-efficacy was weakly 

correlated with less maladaptive coping reported at baseline (rs = -.13- -.27), and in particular 

with less rumination (r = -.27). Average self-efficacy was largely uncorrelated with adaptive 

coping reported at baseline. 

Figure 9 shows the correlations between emotion appraisal aggregated to the person-level 

(an individual’s average tendency over 

the EMA period) and person-level 

aggregates of impulsivity as well as trait-

level measures of impulsivity traits 

measured at baseline. 

 Higher average ER importance 

over the EMA period was correlated with 

moderately higher average acting on 

impulse and trait negative urgency and 

was relatively uncorrelated with planning 

or persistence – both as an EMA 

aggregate and as reported at baseline.  

Note: The color of the boxes indicates the direction and relative 
strength of the association as indicated by the color key. 

Figure 9 
Bivariate correlations between person-level 
average emotion appraisals and person-level 
average and trait impulsivity and substance 
use problems 
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 Higher average ER self-efficacy over the EMA period was moderately correlated with 

higher average EMA planning and persistence and lower acting on impulse (absolute value of rs 

= .28-.39). Average ER self-efficacy was weakly associated with lower negative urgency (r = -

.2) and higher persistence (r = .29) at baseline but was uncorrelated with trait planning.  

 Average ER importance was weakly correlated with alcohol problems (r = .2) whereas 

average ER self-efficacy was weakly related to fewer alcohol problems (r = -.2). Neither were 

associated with marijuana problems in this sample. 

 

3.2 Emotion Appraisals Predicting ER Behaviors: Analytic Approach 

3.2.1 Centering 

For all following analyses, I centered EMA variables within-person by subtracting each 

person’s EMA average score across all observations, so that 0 represents that individual’s 

average level over the EMA session. Unless otherwise noted, EMA variables were further scaled 

by dividing by 10 so that a one-unit increase can be interpreted as 1/10 of our visual analogue 

scale. Age was centered so that 0 is equal to age 18, the bottom end of the age range of our 

sample. Time of day is centered so that 0 is 9:00 AM and each additional unit is an hour past 9:00 

AM. Study day is centered so that 0 is the first day and 10 is the last day of data collection. When 

distance between assessments was included in analyses, the unit was in hours.  

3.2.2 Descriptive Statistics for ER Outcomes 

The average participant in our study endorsed at least one ER strategy at 45% of their 

observations, and the average number of ER strategies reported at any given observation was .78. 

The most frequently endorsed ER strategies were acceptance (17% of observations), problem 
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solving (15%), distraction (12%) and rumination (11%). The least commonly endorsed were 

avoidance (9%), reappraisal (6%), and suppression (5%).  

At least one engagement strategy was endorsed at 30% of observations, with an average 

of .4 engagement strategies per observations. At least one disengagement strategy was endorsed 

at 19% of observations, with an average of .3 engagement strategies per observations. 

3.2.3. Covariates 

For all regression analyses, I controlled for the effects of person-level demographic 

attributes that have been previously shown to be associated with emotion beliefs (De Vaus et al., 

2018; Tamir & Gutentag, 2017). These include biological sex (1 = male, 0 = female), 

ethnicity/race (1 = non-white, 0 = white), and age. I will also control for time of day of the EMA 

(coded as the time elapsed since 9am, the earliest possible time of assessment), and day in the 

study (0-10) to control for temporal effects.  

 

3.2.4. Model Building Approach 

Specifying the Distribution. All the outcomes in these proposed models (total ER, 

disengagement ER and engagement ER) can be considered ‘variety’ scores - representing the 

total number of different discrete ER strategies within a given category used during any 

assessment period. Because this outcome has only discrete integer values above one, I opted to 

use regression approaches designed for use with count data. Count data is commonly modeled 

using either Poisson or negative-binomial distributions which are logarithmic in nature (Coxe et 

al., 2009). Negative-binomial models estimate an additional dispersion parameter and are 

preferrable when the outcome is over-dispersed. For all Aim 2 models I compared model fit of 
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the Poisson and negative-binomial models as well as checking indicators of overdispersion in the 

Poisson model. 

Modeling Extra Zeroes. I also considered the possibility that these outcomes included 

an inflated number of ‘zero’ reports. Theoretically, controlling for inflated zeros is called for 

when it is believed that either 1) some of the zero responses represent observations in which the 

outcome could not have been possible or 2) the prediction of going from 0 to 1 is expected to be 

different than the prediction of the rest of the distribution (Ridout et al., 1998). For the 

hypothesized effect of emotion appraisals on ER outcomes there did not seem to be a strong 

theoretical reason to make either of these assumptions, as the ER strategies measured are thought 

to be readily ‘accessible’ and I did not hypothesize that motivating one ER strategy is any 

different than motivating more than one. Despite the lack of a clear theoretical reason for 

assuming extra zeros in the data, if there is an excess of zero responses in the data that can’t be 

adequately accounted for by the count distribution, it is important to model these zeros in order 

to correctly specify the model. There are two primary approaches for modeling excess zeros – 

either as a zero-inflated model or as a hurdle model. Zero-inflated models model zero responses 

as a mixture of structural (related to the hypothesized distribution) and sampling (observations in 

which the outcome could not occur), whereas hurdle models model the binomial probability of a 

value other than zero separate from the zero-truncated conditional model (Hu et al., 2011, p.; 

Zorn, 1998). For all Aim 2 models I compared zero-inflated and hurdle models to those that did 

not account for excess zeros. 

Multi-level Modeling. In all models, when emotion appraisals and negative affect were 

included as level 1 predictors, their person-level average was also included as a level 2 predictor 

of the random intercept. This allows for the disaggregation of between-person and within-person 
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effects. In the analyses for H1 (ER importance predicting total ER), I also tested whether a 

random effect of ER importance would improve model fit. Random slopes were not tested in 

subsequent analyses due to convergence issues in these models when these parameters were 

added. In models where an interaction is tested, it was added as the last step. Inclusion in the 

final model was determined by significance level of the interaction term and the improvement in 

fit as described below. 

Indicators of Improved Model Fit. Final models for each hypothesis were determined 

by examining the log likelihood, Akaike Information Criteria (AIC), and Bayesian Information 

Criteria (BIC) of competing models, as well as theoretical and practical considerations favoring 

parsimony when models were close in both fit and predicted effects. 

3.3. H1 Results: ER importance predicting total ER use, controlling for negative affect 

Table 2 shows the relative fit statistics for of the 12 models tested. The Poisson hurdle 

model with random effect, and both Negative binomial hurdle models (fixed and random) had 

minor convergence warnings when using the default optimizer for the package ‘glmmTMB’ 

(‘nlminb’). Per the suggestion of the authors of this package, a different optimizer was used 

(‘BFGS’) and I compared estimates from both to determine if they varied significantly (Brooks 

et al., 2017). Estimates were largely the same with both optimizers. Ultimately, these models 

demonstrated the worst comparative fit regardless of optimizer and were not considered further. 
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Table 2 
Model comparisons for ER importance predicting total ER 

Distribution 
Modeled 

Extra Zeros 
Modeled 

Fixed or 
Random effect  AIC BIC LogLik Chi 

Squared P-value 

Poisson 

None  
Fixed 5794 5859* -2886   

Random 5792* 5869 -2883* 6.13 0.05 

Zero-Inflated  
Fixed 5796 5867 -2886   

Random 5794 5877 -2883 6.13 0.05 

Hurdle  
Fixed 6244 6316 -3110   

Random 6248 6331 -3110 0.39 0.82 

Negative 
binomial  

None  
Fixed 5795 5866 -2885   

Random 5794 5877 -2883 5.22 0.07 

Zero-Inflated  
Fixed 5797 5874 -2885   

Random 5796 5885 -2883 5.22 0.07 

Hurdle  
Fixed 6246 6324 -3110   

Random 6250 6339 -3110 0.24 0.89 

Note: The lowest values of each metric are marked with an asterisk. The selected model is 
indicated in bold. 

 

Negative binomial models vary from Poisson models in that they estimate one additional 

parameter – a dispersion parameter that accounts for over-dispersion in the outcome. The added 

parameter is justified when the Poisson model suggests overdispersion. Because the Poisson and 

negative-binomial models I ran were comparable to each other in their fit statistics and estimates 

for the conditional models (inferences would not be different between the two), I chose between 

these models on the basis of the presence of overdispersion. A test of overdispersion on the 

Poisson models indicated no over-dispersion (dispersion ratio =  0.99 Pearson’s Chi-Squared = 
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2780,  p-value = 0.65). Therefore, I decided to use the Poisson distribution for the sake of 

simplicity and on the grounds that these models demonstrated slightly superior fit. On similar 

grounds I decided not to consider the Poisson models that modeled extra zeroes, as they did not 

demonstrate increased fit on any metric and necessitate the estimation of additional parameters. 

The addition of the random effect of ER importance led to a decrease in AIC but an increase in 

BIC.  The likelihood ratio test was not significant at alpha = .05. When comparing the estimates 

of both models – the random effect estimate was very small in magnitude and the level 1 

estimates were unchanged. Given the relative equivalence of the two models, I again decided to 

opt for parsimony by using the fixed-slope model as my final model. Thus, the preliminary 

model for this hypothesis was a Poisson GLMM with a fixed effect of ER importance.  

Next, I added momentary negative affect and average negative affect to the model and 

compared the results to determine if the effects of ER importance on ER strategies was robust 

over and above the effect of negative affect. The results of both models can be seen in Table 3. 
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Table 3 
Model results for ER importance predicting total ER 
 
 Initial Model 

 b SE RR 95% CI 

Intercept -0.96 0.24 0.38 0.24-0.61 

Study Day -0.055* 0.006 0.95* 0.94-0.96 

Time of Day -0.028* 0.007 0.97* 0.96-0.99 

Average ER Importance 0.24* 0.052 1.27* 1.15-1.41 

Momentary ER Importance 0.078* 0.022 1.08* 1.04-1.13 
 
With Negative Affect Added 

 b SE RR 95% CI 

Intercept -1.102 0.231 0.33 0.21-0.52 

Study Day -0.053* 0.006 0.95* 0.94-0.96 

Time of Day -0.028* 0.007 0.97* 0.96-0.99 

Average ER Importance 0.105 0.059 1.11 0.99-1.25 

Momentary ER Importance 0.070* 0.022 1.07* 1.03-1.12 

Average Negative Affect 0.33* 0.081 1.39* 1.19-1.63 

Momentary Negative Affect 0.03 0.017 1.03 1.00-1.07 

Notes: Covariates that weren’t significant in either model are not displayed. 
Coefficients significant at p < .05 are indicated with an asterisk. 

3.3.1 Covariate effects.  

Age, sex, and race were not significant predictors of total ER in either model. Across 

both models, study day and time of day were significant predictors of total ER such that for each 

subsequent day in the study, there was a .95 multiplicative effect on their predicted count of total 

ER. In general, people reported fewer ER strategies over the course of participation in the study. 

For example, if a participant’s predicted ER count on day 1 was 1 strategy and everything else is 
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held constant, their predicted ER on the last day would be .57. Similarly, for each subsequent 

hour past 9am, there was a .97 multiplicative effect on total ER. In general, people reported 

fewer ER strategies later in the day. For example, if a participant’s predicted count of ER at 9am 

was 1 strategy and everything else is held constant, their predicted ER at 9pm would be .70. 

3.3.2. Average ER Importance and Negative Affect 

In the preliminary model without negative affect, there was a significant effect of average 

ER importance on total ER such that a 10-unit increase in average ER importance predicted a 

1.27 multiplicative effect on expected total ER, with everything else held constant. However, the 

magnitude of this effect was diminished and no longer significant when the negative affect 

predictors were added to the model. In the negative affect model, there was instead a significant 

effect of average negative affect on total ER; people who tend to report higher levels of negative 

affect on average also report using more ER strategies across all situations. A 10-unit increase 

predicted a 1.39 multiplicative effect on expected total ER, with everything else held constant. 

This suggests that the effect of average ER importance on total ER is due to shared variance with 

average negative affect (they are correlated r = .57 at the person-average level) and the effect on 

ER may be best explained by average levels of negative affect.  
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3.3.3. Momentary ER Importance and Negative Affect 

Across both models there was a significant effect of momentary ER importance on the 

count of total ER use during the next assessment period such that for a 10-unit increase in ER 

importance there is a predicted 1.08 multiplicative effect on total ER. For example, if going from 

0 (‘not at all important’) to 50 (‘somewhat important) on our visual analogue scale, there would 

be a predicted 1.47 multiplicative effect on total ER, with all else help constant in the model. 

There was not a significant effect of momentary negative affect on total ER, and the magnitude 

of the effect of ER importance only decreased very slightly (Delta RR = .01) when negative 

affect was added to the model. This suggests that above and beyond the impact of negative 

affect, when individuals report increased motivation to change their mood, they tend to report 

using more emotion regulation strategies at the next observation. Due to the logarithmic nature 

of the count model, the amount of predicted change in ER strategy use varies depends on the 

levels of other variables in the model and is difficult to summarize concisely. Figure 10 shows 

the predicted effect for all individuals in our study based on their own demographic and person-

level average variables. This figure also demonstrated how the magnitude of the effect changes 

based on different person-level average levels of negative affect – the only significant predictor 

of the random intercept in the final model.  
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Figure 10 
Predicted effect of ER importance on total ER at different levels of 
average negative affect 

Note: Individual grey lines are the predicted effects for actual participants in this study. The 
blue lines are assuming population average levels of between-person variables and individual 
mean levels of within-person variables in a 20-year old non-white female at 9am on the first 
day of the study. 
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3.4 H2 Results: Emotion Appraisals Predicting Disengagement and Engagement ER  

Table 4 shows the relative fit statistics for of the 6 models tested for both engagement and 

disengagement ER. 

Table 4 
Model comparisons for emotion appraisals predicting disengagement and 
engagement ER Use 
 

Distribution 
Modeled 

Extra Zeroes 
Modeled AIC BIC LogLik 

Disengagement ER Models 

Poisson  

None 3254 3319 -1616 

Zero-Inflated 3241* 3312* -1608* 

Hurdle 3524 3595 -1750 

Negative 
binomial  

None 3248 3319 -1612 

Zero-Inflated 3243 3320 -1608* 

Hurdle 3526 3603 -1750 

Engagement ER Models 

Poisson 

None 3885* 3951* -1932* 

Zero-Inflated 3887 3958 -1932* 

Hurdle 4341 4413 -2159 

Negative 
binomial 

None 3887 3958 -1932* 

Zero-Inflated 3889 3966 -1932* 

Hurdle 4343 4420 -2159 
Notes: Covariates that weren’t significant in either model are not 
displayed. Coefficients significant at p < .05 are indicated with an 
asterisk. 
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For the models predicting disengagement ER, a zero-inflated Poisson model 

demonstrated the best fit, whereas the Poisson without excess zeros modeled fit best amongst the 

models predicting engagement ER. 

For both models, adding the hypothesized interaction of ER importance and self-efficacy 

did not result in a significant coefficient or increase overall fit (disengagement: X2= .26, p = .61; 

engagement: X2(1) = .04, p = .84). Table 5 shows the results from both models without the 

interaction added. 
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Table 5 
Model results of emotion appraisals predicting disengagement and engagement 
ER use  

b SE RR 95% CI 

Disengagement ER 

Intercept -1.35 0.43 0.26 0.11-0.61 

Study Day -0.07 0.01 0.94 0.92-0.96 

Time of Day -0.03 0.01 0.98 0.95-1.00 

Average ER Importance 0.27 0.07 1.31 1.15-1.49 

Average ER Self-Efficacy -0.12 0.05 0.89 0.80-0.99 

Momentary ER Importance 0.06 0.02 1.06 1.03-1.10 

Momentary ER Self-Efficacy -0.01 0.02 1.00 0.96-1.03 

Engagement ER 
    

Intercept -1.19 0.41 0.30 0.14-0.68 

Study Day -0.05 0.01 0.96 0.94-0.97 

Time of Day -0.03 0.01 0.97 0.95-0.99 

Average ER Importance 0.18 0.06 1.20 1.06-1.35 

Average ER Self-Efficacy -0.051 0.05 0.95 0.86-1.05 

Momentary ER Importance 0.057 0.01 1.06 1.03-1.09 

Momentary ER Self-Efficacy -0.019 0.02 0.98 0.95-1.01 

Note: Effects that were significant at p < .05 are bolded. Effects that remained 
significant after the addition of momentary and average negative affect are 
italicized. 

 

3.4.1 Covariate Effects 

Age, sex, and race were not significant predictors in either model. Study day was a 

significant predictor of both engagement and disengagement ER such that lower levels of both 
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were predicted as the study went on (disengagement RR = .94; engagement RR = .96 per 

subsequent study day). Time of day was a significant predictor of engagement coping (RR = .97 

per subsequent hour), but not disengagement. Lower levels of engagement ER were predicted 

later in the day. 

3.4.2 Effects of Average ER Importance and Self-Efficacy 

 Average ER importance over the course of the study was a significant predictor of both 

engagement and disengagement ER. A 10-unit increase in average ER importance predicts a 1.31 

multiplicative effect on disengagement ER and a 1.2 multiplicative effect on engagement ER, 

with all else held constant. Individuals who tend to report higher ER importance also report 

increased disengagement and engagement ER across situations. 

Average ER self-efficacy over the course of the study was a significant predictor of 

disengagement ER, but not engagement ER. A 10-unit increase in average ER self-efficacy 

predicts a .89 multiplicative decrease in disengagement ER, with all else held constant. 

Individuals who tend to report higher ER self-efficacy in general also report relatively lower use 

of disengagement ER across situations. 

3.4.3 Effects of Momentary ER Importance and Self-Efficacy  

Momentary ER importance was a significant predictor of both disengagement and 

engagement ER reported at the subsequent assessment (RR = 1.06 for a 10-unit increase in both 

models) . Going from 0 (‘not at all important’) to 50 (‘somewhat important’) on our scale 

predicted a 1.34 multiplicative effect on both engagement and disengagement ER used, with all 

else held constant in the model. Figure 11 shows the predicted effect of ER importance on 

disengagement and engagement ER for all participants in the study based on their own 
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demographics and person-level averages. Momentary ER self-efficacy did not predict either type 

of ER. 

 

3.4.4 Post-Hoc Analyses: Addition of Negative Affect 

Because of the level 2 effects of average negative affect on ER found in the Total ER 

model, I included a final step of adding both average and momentary negative affect to both of 

the H2 models to see if the effects were similarly impacted by the inclusion of affect. The 

italicized estimates in table 5 show the estimates that were robust to the addition. Similar to the 

H1 model, none of the person-average effects of appraisals were robust to the addition of person-

Note: Individual grey lines are the predicted effects for actual participants in this study. The blue lines are assuming 
population average levels of between-person variables and individual mean levels of within-person variables in a 20-year 
old non-white female at 9am on the first day of the study. 

Figure 11 
Predicted effect of ER importance on total engagement and disengagement ER at 
different levels of average negative affect 
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average negative affect, but the momentary effect of ER importance on subsequent ER was 

unchanged. In these models, average negative affect was a significant predictor of both 

disengagement (RR = 1.4 for a 10-unit increase) and engagement (RR = 1.3 for a 10-unit 

increase). Figure 11 shows the predicted effect on each ER category based on different levels of 

average negative affect, the only significant predictor of slope in both final models. 

3.5 Exploratory Analyses Results: Emotion appraisals predicting specific ER strategies 

 The third aim of this study was to provide preliminary results about the associations 

between emotion appraisals and specific ER strategies. To do this, I ran models predicting 

acceptance, problem-solving, cognitive reappraisal, avoidance, distraction, suppression, and 

rumination. I also tested whether emotion appraisals predicted whether any ER strategy was used 

at the next time point. These models followed the same general analytic approach previously 

outlined, apart from using multi-level logistic regression given the binary nature of the specific 

ER strategies. To facilitate the models converging, EMA variables were further scaled so that the 

scale that was originally 0-100 was instead 0-1. I have transformed coefficients back to the 0-10 

scale for reporting so that they are consistent with the previous models presented. One set of 

models – those with distraction as an outcome – failed to converge with all covariates in the 

model. I removed the three person-level covariates from the model (age, sex, and race) which 

allowed convergence and compared the estimates from both models. No inferences were 

changed between the two. The coefficients presented here for distraction are from the version 

without the person-level covariates. Notably, these covariates were not significant predictors of 

ER in any model run as part of this study. 

The interaction between ER importance and ER self-efficacy was not significant and did 

not improve model fit for any of the eight models predicting ER strategy use and were not 
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included in the final models. Table 6 presents the key effects of interest. Because there are four 

coefficients of interest in each model and these are exploratory analyses, I opted to use a 

Bonferroni-corrected criterion of p < .001 to avoid highlighting potentially spurious association. 
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Table 6 
Model results for emotion appraisals predicting specific emotion regulation strategies 

 Acceptance  Problem-Solving 
 

b SE OR 99.9% CI  b SE OR 99.9% CI 

Average ER Importance 0.25 0.01 1.28 0.96-1.71  0.24 0.10 1.27 0.94-1.70 

Average ER Self-Efficacy -0.06 0.08 0.94 0.75-1.19  0.03 0.08 0.97 0.76-1.22 

Momentary ER Importance 0.09 0.03 1.09 1.01-1.19  0.06 0.03 1.06 0.98-1.15 

Momentary ER Self-Efficacy 0.003 0.03 1.00 0.92-1.09  -0.06 0.03 0.94 0.86-1.02 

 Reappraisal  Avoidance 

 b SE OR 99.9% CI  b SE OR 99.9% CI 

Average ER Importance 0.19 0.11 1.20 0.85-1.70  0.31 0.09 1.36 1.00-1.84 

Average ER Self-Efficacy -0.12 0.09 0.88 0.67-1.17  -0.11 0.08 0.90 0.70-1.16 

Momentary ER Importance 0.16 0.04 1.17 1.03-1.33  0.11 0.03 1.12 1.01-1.24 

Momentary ER Self-Efficacy -0.04 0.04 0.96 0.83-1.11  -0.07 0.04 0.93 0.83-1.05 

 Distraction  Suppression 

 b SE OR 99.9% CI  b SE OR 99.9% CI 

Average ER Importance 0.26 0.08 1.30 1.01-1.67  0.38 0.09 1.46 1.09-1.95 

Average ER Self-Efficacy -0.14 0.06 0.87 0.70-1.07  -0.08 0.08 0.92 0.72-1.19 

Momentary ER Importance 0.03 0.03 1.03 0.94-1.13  0.15 0.04 1.16 1.02-1.31 

Momentary ER Self-Efficacy -0.01 0.03 0.99 0.90-1.10  0.08 0.05 1.09 0.94-1.26 

 Rumination  Any ER 

 b SE OR 99.9% CI  b SE OR 99.9% CI 

Average ER Importance 0.21 0.10 1.23 0.90-1.69  0.40 0.10 1.49 1.07-2.07 

Average ER Self-Efficacy -0.13 0.08 0.87 0.68-1.13  -0.12 0.08 0.89 0.69-1.15 

Momentary ER Importance 0.09 0.03 1.09 0.99-1.21  0.10 0.02 1.10 1.02-1.19 

Momentary ER Self-Efficacy -0.08 0.03 0.92 0.83-1.03  -0.06 0.02 0.94 0.87-1.02 

Note: Coefficients in bold are significant at the p < .001 level. Those in italics were found to be robust to 
the addition of momentary negative affect and average negative affect.  
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3.5.1 Covariate Effects  

Like previous models, study day significantly predicted all individual ER strategies, 

except suppression, such that participants were relatively less likely to report ER strategies in 

later observations. Time of day was only a significant predictor of reappraisal and engaging in 

any ER strategy, such that they were relatively less likely to be endorsed as the day went on. The 

person-level covariates of age, sex, and race were not significant in any model. 

3.5.2 Average Effects of ER Importance and Self-Efficacy  

Average ER importance significantly predicted an individual’s use of avoidance, 

distraction, suppression, and any ER. A participant with a 10-unit increase in average ER 

importance is 1.36 times more likely to endorse avoidance, 1.30 times more likely to endorse 

distraction, 1.46 times more likely to endorse suppression, and 1.49 times more likely to endorse 

any ER strategy across situations – with all else held equal in the model.  

Average ER self-efficacy was not a significant predictor of any ER strategy. 

3.5.3. Momentary Effects of ER Importance and Self-Efficacy 

 Momentary ER importance was a significant predictor (at p < .001) of all ER strategies 

except for problem-solving, distraction, and rumination. The odds ratios for a 10-unit increase in 

momentary ER importance ranged from 1.09 (for acceptance) to 1.17 (for reappraisal). A 

participant going from “not at all” important to “somewhat important” on our visual analogue 

scale of ER importance (to change current mood) is predicted to be 1.5 times more likely to 

report acceptance at the next timepoint, 2.2 times more likely to report reappraisal, 1.76 times 

more likely to report avoidance, and 2.1 times more likely to report suppression.  
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Momentary ER self-efficacy was not a significant predictor in any of the models based on 

our adjusted alpha level. 

3.5.4. Post-Hoc Analyses: Inclusion of Negative Affect  

Lastly, I added average and momentary negative affect the model to explore whether 

these effects were robust to the inclusion. As in previous models, only momentary effects were 

robust to the addition, whereas the level 2 predictions of ER from average motivation were not. 

All the momentary effects of ER importance on specific ER strategies were robust to the 

inclusion of momentary NA. This suggests that at the momentary level, ER importance may be a 

better predictor of regulatory behaviors than affect alone. However, at the trait level, average 

negative affect is a better predictor of ER tendencies than average ER importance is.  

Chapter 4: Discussion 

  Beliefs that emotions are generally undesirable and unchangeable are associated with 

worse mental health outcomes  (De Castella et al., 2013, 2018b; Ford et al., 2018; Karnaze & 

Levine, 2018; King & dela Rosa, 2019; Tamir et al., 2007; Yoon et al., 2018). Researchers have 

posited that this association is driven by in-the-moment appraisals of emotion states that bias 

individuals towards emotion regulation behaviors that are less adaptive long-term, such as 

avoidance and suppression (De Castella et al., 2013, 2018b; Ford et al., 2018; Ford & Gross, 

2019; Hu et al., 2011; Kneeland et al., 2020; Ortner & Pennekamp, 2020; Tamir & Ford, 2009, 

2012). However, there is limited existing research on momentary appraisals of emotion states – 

let alone how they relate to subsequent regulatory behaviors. The current study aimed to present 

preliminary psychometric descriptions of two novel EMA emotion appraisal items and to test 

foundational hypotheses of how these appraisals relate to emotion regulation in day-to-day life.  
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4.1 Psychometric Properties of Momentary Appraisal Items 

 The first aim of this study was to characterize the basic psychometric properties of two 

emotion appraisal items. These items, which I have referred to as ER importance and ER self-

efficacy, were selected because they reflect my best guess at how emotion valuation and 

malleability beliefs are likely manifest in the moment. In this way, I can tie our results 

conceptually to the body of work on trait-level emotion beliefs while also exploring process-

oriented theories of emotion regulation. 

 Results indicated that both measures of emotion appraisals had substantial variation at 

both the between- and within-person level. On average, individuals endorse low level of 

importance for changing their current mood, and a moderate belief in their ability to change it. 

However, moments of increased ER importance and of both lower and higher ER self-efficacy 

were typical for most participants over the eight days of our data collection. For most people, 

momentary ER importance and ER self-efficacy ratings were not strongly impacted by their 

rating earlier in the day. Some individuals in our study did exhibit stronger autocorrelations, 

representing more ‘inertia’ in their appraisal states within the same day. This variation in 

autocorrelation may be a fruitful area of investigation in the future because this measure of 

‘inertia’ could have meaningful interpretations within an ER process model. For example, high 

autocorrelation could theoretically reflect poor ER effectiveness is desire to change emotion 

persists longer over time. Conversely, if high ER importance at one observation predicts lower 

levels at the next (a negative autocorrelation), that could potentially indicate a quickly ‘resolved’ 

emotion state. Past studies have used autocorrelation of emotion measures as an indicator of 

‘emotional inertia’ – which has been associated with maladaptive emotion regulation strategies 

and worse mental health outcomes (Koval et al., 2015; Kuppens et al., 2010). Exploration of 
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similar within-person dynamics in emotion appraisals could build on this work and further 

illuminate how differences in appraisals contribute to both healthy and unhealthy patterns of 

emotion regulation.  

Placing measures of emotion appraisals within a nomothetic web of related constructs is 

important for understanding if they capture the constructs they were designed to, as well as 

understanding how they differ from measures already commonly in use. Many of my hypotheses 

about the correlations of these items with other measures were supported. At the momentary 

level, people tend to have higher ER importance when experiencing low arousal, high valence 

emotion states and those reflecting more negative affect and less positive affect. These 

correlations were weak to moderate, suggesting that though ER importance may be related to 

experiences of ‘negative’ emotions, it is not redundant with any of the components of emotion 

we measured concurrently. On the other hand, people tend to believe they can change high-

arousal, positive valenced moods somewhat more than low-energy, negative moods. Notably, ER 

importance and ER self-efficacy were very weakly correlated with each other. This may be in 

part because our ER self-efficacy measure was not specific to down-regulating negative 

emotions. For example, high momentary self-efficacy could reflect feeling that it would be 

possible to temper a positive mood, whereas ER importance seems to be more tightly related to 

negative emotion states.  

When looking at the association between momentary emotion appraisals and behaviors 

reported at the next observation, ER importance was only weakly correlated with ER variables. 

Perhaps surprisingly, ER importance was as strongly related to acting on impulse as to ER 

behaviors. Similarly, ER self-efficacy was weakly correlated with less acting on impulse and 

more planning and persistence – but unrelated to ER behaviors. This suggests that emotion 
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appraisals may be just as related to, or even more related to, general processes of behavioral 

control, as opposed to directing emotion-regulatory behaviors specifically. Future research could 

integrate measures of momentary impulsivity into process-oriented models to disentangle general 

behavioral dysregulation from explicitly emotion-directed behavior. 

Because the momentary emotion appraisal items used in this study were selected to 

reflect state-level manifestations of emotion beliefs, I expected that the person-level averages of 

these momentary measures would behave similarly to trait-level measures of emotion valuation 

and malleability beliefs. Beliefs that emotions are generally less desirable and less malleable 

have been consistently associated with poorer mental health outcomes (De Castella et al., 2018b; 

Ford et al., 2018; Karnaze & Levine, 2018; Yoon et al., 2018). This was also generally borne out 

in my results as well; the tendency report high ER importance was related to a constellation of 

trait measures representing negative emotionality and more mental health symptoms whereas the 

tendency to report high ER self-efficacy was related to trait measures of positive affect and 

emotional wellbeing. Trait-level studies of emotion beliefs, particularly of malleability beliefs, 

have also found associated between these beliefs and emotion regulation tendencies. Low 

malleability beliefs have been associated with the tendency to use less cognitive reappraisal (De 

Castella et al., 2013; Ford et al., 2018; King & dela Rosa, 2019; Kneeland et al., 2020; Ortner & 

Pennekamp, 2020; Tamir et al., 2007) and higher levels of emotional and cognitive avoidance 

(De Castella et al., 2018; Moumne et al., 2020; Ortner & Pennekamp, 2020). Consistent with 

this, I found a stronger association between ER self-efficacy at the person-average level than at 

the momentary level. People with higher average ER self-efficacy reported that they use less 

maladaptive ER strategies as measured by global self-report, and less of all types of ER 

strategies when measured via EMA. 
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Overall, the preliminary psychometric properties of these items are largely as expected 

and they appear to be promising EMA measures that capture significant within-person variation 

without being unduly biased by temporal or sampling effects (at the current frequency and 

duration of sampling). 

4.2 ER Importance and Regulatory Behaviors 

Though negative beliefs about emotions are associated with lower wellbeing at the trait 

level, state-level appraisals of the usefulness of a current emotion have been found to motivate 

goal-congruent regulatory behaviors (Tamir & Ford, 2009, 2012), and desire to change a current 

emotion was associated with both engagement and disengagement ER use in one EMA study 

(Daros et al., 2020). These past findings suggest that the tendency to view emotions as unwanted 

may be more selectively related to negative outcomes, whereas the momentary appraisal that an 

emotion should change may be more broadly related to all regulatory behaviors (both those that 

are adaptive and maladaptive). My results partially support this idea. First, I did find that 

momentary ER importance predicted total ER use, disengagement and engagement ER 

separately, and a number of individual ER strategies. These findings lend support for the idea 

that momentary valuation appraisals function at the process-level as the metaphorical ‘gas-pedal’ 

that motivates ER behaviors. However, average ER importance was also associated with both 

engagement and disengagement strategies to approximately the same degree. These findings 

raise questions about the mechanism through which negative valuation beliefs create risk for 

psychopathology if they do not bias regulatory behaviors toward maladaptive ER at neither the 

momentary nor the trait level. Given the present findings, there are several alternative 

explanations. It could be that using higher levels of disengagement strategies creates risk for 

psychopathology even when levels of engagement ER are also high. Another possibility is that 
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high levels of concurrent disengagement and engagement ER as reported in EMA may capture 

ineffective ER use – essentially a ‘kitchen sink’ approach to regulation that creates risk because 

no single strategy is particularly effective. Lastly, it could be that emotion valuation beliefs are 

not linked to mental health outcomes via momentary processes, but through covariance with 

other constructs at the trait-level. I found some evidence for this possibility in my analyses that 

included negative affect as a covariate.  

When negative affect was added to all the models in which emotion appraisals were 

predicting ER, only the within-person effects were robust to the addition. It’s also important to 

note that negative affect and ER importance were more strongly correlated at the between-person 

level than at the momentary level (r = .57 vs r = .43). This suggests that the general tendency to 

experience negative affect and the general tendency to want to change emotions share more 

variance than do negative affect and ER importance at the momentary level. It seems that at the 

between-person level, the association between average ER importance and average ER strategy 

use is better explained by this shared variance with the broader trait of negative emotionality – 

and in fact that negative emotionality may be a better predictor of typical ER use than emotion 

valuation tendencies. This finding is at odds with two past studies that found that negative 

emotion valuation beliefs were more directly related to negative health outcomes than negative 

affect (Karnaze & Levine, 2018; Luong et al., 2016). It’s possible this is a result of the difference 

between traditional measures of trait-level emotion beliefs and the person-level averages of ER 

importance used in the present analyses. Person-level averages of momentary appraisals and 

negative affect reflect and individual’s experience during the limited window of the study period. 

It is quite possible that because of this they tap slightly different constructs than those measured 

via global self-report, and that the associations between appraisals and affect may vary. Because 
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of this it may be important to be more specific about what was measured in the present study; my 

results suggest that average ER importance may be part of a larger constellation of constructs 

that tend to cluster together at the individual level within the same sampling window. To 

summarize, people who are experiencing more negative emotions also tend to report a desire to 

change their mood, and in general are doing more of all types of emotion regulation during the 

same two-week interval. The fact that average negative affect predicts typical ER behaviors 

above and beyond the effect of average ER importance suggests that average negative affect has 

unique variance that is associated with ER behaviors. There are many potential explanations for 

why we might see this at the person-average level but not the momentary level. For example, it 

could be that there are other factors that are exerting an impact negative affect and ER behaviors 

during the same sampling period that are not captured by ER importance. For example, if 

someone is experiencing a high level of life stressors, they may also have more negative 

emotions and exhibit more regulatory behaviors (such as problem-solving or distraction) that are 

not as directly related to the conscious desire to change the emotion perse, but to cope with or 

resolve the larger stressor. It could also be that the association between average negative affect 

and ER use is best explained by trait-level negative emotionality (i.e. people who are predisposed 

to experience negative emotions use a higher number of ER strategies in general, perhaps due to 

having a larger repertoire out of necessity) and that the person-average negative emotionality 

measure used in this study better taps that larger construct than person-average ER importance 

does. There is some evidence to support this in the correlational findings from the present study; 

person-average negative affect was more strongly correlated with all trait-level measures of 

emotionality (the ERS and PROMIS emotion scales) than person-average ER importance was. 
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 Though the between-person association of ER importance with ER behaviors may be 

better explained by shared variance with negative affect, the within-person effect was robust to 

the addition of momentary negative affect across all models I examined. Further, negative affect 

was not a significant predictor of ER behaviors when included in models with ER importance. 

This finding lends support to process-oriented theories of ER that place emotion appraisals as 

more proximal to ER behaviors. Functionally, these findings support the idea that measures of 

momentary ER importance provide stronger prediction of emotion-motivated behaviors than 

emotion measures alone. This could represent a significant contribution to lines of EMA research 

that have attempted to connect in-the-moment emotion experiences to clinically relevant 

behavioral outcomes. As one example, it’s been notoriously difficult to observe patterns of 

emotion-motivated drinking in EMA (Wray et al., 2014) and results are sometimes conflicting, 

such as anxiety predicting both more (Simons et al., 2010) and less alcohol use (Dvorak et al., 

2014).  If appraisals of ER importance are a more direct measure of the components of emotion 

that motivate behavior, then integrating them into these types of studies of emotion-behavior 

processes could help clarify these dynamics in the future.  

4.3 ER Self-Efficacy and Regulatory Behaviors 

Beliefs that emotions are malleable is generally associated with better wellbeing. A 

commonly proposed mechanism for this association is that momentary appraisals of how 

changeable an emotion is will bias ER strategy selection toward strategies that promote 

wellbeing long-term, such as reappraisal and problem-solving (Ford & Gross, 2019). The 

inclusion of momentary ER self-efficacy in the current study aimed to test whether higher 

momentary ER self-efficacy differentially predicted the use of engagement versus 

disengagement ER, both at the between- and within- person levels. I also aimed to test the 
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potential interaction between momentary ER self-efficacy and ER importance, with the 

hypothesis that any associations between ER self-efficacy and ER behaviors would be moderated 

by ER importance. Contrary to my hypotheses, momentary ER self-efficacy was not a significant 

predictor of ER in any model, nor was the hypothesized interaction significant in any model. 

Though there was variability in ER self-efficacy within person, it does not seem that moments of 

higher ER self-efficacy are associated with increased ER of any kind.  

At the between-person level, average ER self-efficacy did significantly predict less 

disengagement ER, but not more engagement ER. People who in general feel more confident in 

their ability to change their mood tend to use disengagement strategies less. This pattern of 

results is consistent with past research on emotion malleability beliefs, which have found that 

beliefs that emotions are generally more malleable are associated with higher levels of emotional 

and cognitive avoidance (De Castella et al., 2018a; Moumne et al., 2020; Ortner & Pennekamp, 

2020). However, other between-person studies have found that people with lower malleability 

beliefs report less cognitive reappraisal (De Castella et al., 2013; Ford et al., 2018; King & dela 

Rosa, 2019; Kneeland et al., 2020; Ortner & Pennekamp, 2020; Tamir et al., 2007), which my 

results did not support. Notably, the effect of average ER self-efficacy on disengagement ER was 

not robust to the addition of average negative affect. Like with average ER importance, it seems 

that at the between-person level, the impact of appraisal tendencies on ER behaviors may be 

redundant with the impact of negative emotionality. Past research on the association between 

malleability beliefs and ER behaviors has been inconsistent in including trait-level negative 

emotionality as a control variable, with some finding a significant effect while controlling for 

trait emotionality (Tamir et al., 2007; Ford et al., 2018; Kneeland et al., 2020), while others did 

not include this control (Ortner & Pennekamp, 2020; King & dela Rosa, 2019; De Castella et al., 
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2013; Moumne et al., 2020). The current study also varies from these studies in that it is the first 

to my knowledge to use an EMA-derived measure of malleability beliefs. It’s possible that some 

of the discrepancy is due to this mesurement difference.  

Overall, the findings on ER self-efficacy do not suggest an active role for malleability 

appraisals in directing ER behaviors in the moment. They also do no support the idea that 

average ER self-efficacy is related to general tendencies in ER use. These results cast some 

doubt on process-oriented theories of how emotion malleability beliefs impact mental health 

outcomes. However, it’s also possible that the momentary effect of ER self-efficacy on ER 

strategy selection, if it exists, may not have been captured by the current analyses because it is 

too context specific. Because ER self-efficacy is not hypothesized to motivate behavior directly, 

but to direct ER once it already motivated, it’s possible that including it as an interaction may not 

have been an adequately sensitive analytic approach for characterizing this type of contextual 

specificity. If this process is only evident at high levels of ER importance, it may also be that not 

enough moments of high ER importance were captured within our sample to be able to identify 

such a specific interaction. Future studies could consider modeling the effect of ER self-efficacy 

on strategy selection only in observations in which ER behaviors are endorsed or increasing the 

sample size of observations to capture more ER occasions. 

Overall, the results of testing specific hypotheses related to emotion appraisals and ER 

suggest that the strongest predictor of an individual’s typical ER use is their average level of 

negative affect during the same time period. However, the best predictor of an individual’s 

momentary ER (relative to their regular use) is their current appraisal of the importance of 

changing their mood. This pattern of effect seems to be the same for both engagement and 

disengagement ER. 
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4.4 Insights from Exploratory Analyses 

 The final aim of the current study was to examine the effect of momentary emotion 

appraisals on the likelihood of reporting specific ER strategies. Because I used a more stringent 

alpha level for these analyses, only the most robust effects reached significance. Where between-

person effects of appraisals were present, they were better explained by average negative affect. 

Within-person, momentary ER importance was most strongly associated with acceptance, 

reappraisal, avoidance, and suppression. Consistent with my other findings, momentary ER 

importance is associated with a mix of engagement and disengagement strategies. The weakest 

effects in terms of magnitude were those for distraction and problem solving. It’s possible this is 

because these two ER strategies are also behaviors that can occur outside of emotional contexts, 

whereas some of the others are specific to emotional contexts (for example suppression and 

reappraisal, which had the strongest effects). Thus, they may be less tightly linked to ER 

importance. 

Though there were no effects of momentary ER self-efficacy that were significant at p < 

.001, there were some trends in these effects that I will note cautiously in order to highlight 

methodological difficulties in predicting ER strategies. Across the specific ER strategies 

modeled, momentary ER self-efficacy trended toward predicting a lower probability of most 

strategies. However, this was not true for suppression; results trended toward higher momentary 

ER self-efficacy being associated a higher chance of suppression. This points to the possibility 

that some emotion appraisals may be differentially related to specific strategies within the same 

broader category such as ‘engagement’ or ‘disengagement.’ For example, if someone believes 

their mood is changeable in the moment, this could make them simultaneously less likely to 

avoid the situation and more likely to attempt to suppress their emotions. Future studies should 
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be thoughtful when combining ER strategies to make sure their outcomes are sensitive to these 

potential differences, if they are relevant to the research question. 

 One specific hypothesis I made was that acceptance would be predicted by lower ER 

importance. Instead, acceptance was predicted by higher momentary ER importance, even at our 

more stringent alpha level. This may again be because the current analyses were not designed to 

predict the relative selection of certain strategies over others, but the likelihood of using the 

strategy versus not using it. Future studies may consider using analytic methods more tailored to 

examining which strategies are chosen when there is a goal to regulate to better understand 

processes related to strategy selection. I hope that these exploratory analyses can help inform 

future hypotheses that seek to understand how emotion appraisals relate to ER behaviors.  

4.5 Limitations and Future Directions 

 Though this study has many strengths, there are also notable limitations in the approaches 

used – some of which have already been mentioned in the context of interpreting this study’s 

findings. An important limitation of the psychometric component of this study is the lack of trait-

level measurement of emotion beliefs. Because we did not measure beliefs directly, it is not 

possible to describe the relation between momentary emotion appraisals and the trait-level 

constructs they were inspired by. However, it is well established that global self-reports do not 

consistently capture differences in state-level phenomena (see Feil et al., 2020 & Koval et al., 

2020 for two examples), and in particular we may not expect global self-report of beliefs to 

directly track with averages of momentary appraisals, given that the manifestation of belief-

congruent appraisals may be highly situation specific. Nonetheless, future psychometric work on 

these items would benefit greatly from comparing average emotion appraisals to their 

corresponding emotion beliefs. 
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 To satisfy the first aim of this study, I reported on various within-person and temporal 

dynamics of these measures. However, my ability to fully characterize these dynamics is 

naturally limited by our sampling frequency. It’s possible that meaningful trends in these 

appraisals were not captured by my analyses because they play out on a shorter time scale than is 

represented by our 5-times-per-day protocol. Sampling frequency could also have an impact on 

the correlations presented when there is a time-lag between the two variables, and in the rest of 

the analyses which have ER behaviors being predicted at the next time point. In this study, the 

average distance between observations within the same day was 3 hours and 7 minutes, and 

participants report on emotion regulation that happened over that entire period. While it seems 

reasonable that emotion appraisals could have an impact on ER behaviors within this time scale, 

it’s possible that either a shorter or longer lag between observations would have generated 

different results. Many process-oriented models of emotion regulation theorize that emotion 

regulation is a recursive process involving continued feedback and adjustment of appraisals, 

goals, and behaviors (Ford & Gross, 2019). This suggests more temporal and directional nuance 

than what was modeled in the current study, which only looked at appraisals impacting ER 

behavior. However, it’s equally likely that ER behaviors – and their emotional outcomes – 

impact appraisals. For example, the use of effective ER at the previous time point might lead to 

decreased ER importance and increased ER self-efficacy.  Testing these more complex models 

would likely require more frequent within-day sampling.  

 Another potential limitation of the current study is the way in which the ER behavior 

outcome variables were measured and calculated. Because individual strategies were measured 

as binary, there is a significant amount of information missing about the nature of the regulation 

individuals did. For example, endorsing ‘distraction’ could describe someone taking a short 
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break to take their mind off a problem, or it could describe someone who spent hours watching 

TV to avoid thinking about a problem. It could be argued that the later individual is doing ‘more’ 

distraction than the former – in which case it might be appropriate for ER strategies to be 

measured on a scale that represents intensity of the ER behaviors in addition to simply whether 

they did it or not. Additionally, there’s no information captured in these measures as to whether 

the ER strategy was used effectively. Together, these measurement limitations make it somewhat 

difficult to interpret the meaning of a calculated variable such as ‘total ER.’ I’ve characterized 

the sum scored used in this study as a ‘variety’ score which captures the number of different 

strategies an individual uses during a given assessment period. However, a high number could 

represent someone effectively and competently deploying a range of strategies, or it could 

represent someone who is using multiple strategies out of desperation because none are 

particularly effective. The present study was not concerned as much with these nuances, but to 

integrate the present results into larger theories of how emotion appraisals contribute to 

psychopathology, understanding the precursors of effective versus ineffective ER may be 

particularly important.  

 Another potential limitation of this study is the use of single-item scales for the appraisal 

items. There is active debate within EMA research as to the benefits of single-item measures 

versus multiple item-scales (Diamantopoulos et al., 2012; Gardner et al., 1998). Single items 

have the benefit of being low burden and having clear construct coverage when the construct is 

thought to be narrow and homogenous across individuals (the item essentially is the construct). 

The appropriateness of using a single item for specific emotion appraisals depends partially on 

how complex we believe this construct to be – some of which comes down to semantic 

considerations. For example, it could be argued that the language ‘how important is it to you to 
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changing your mood’ doesn’t cleanly capture either valuation appraisals (which have been at 

times used to describe whether emotions are desirable, harmful, unwanted, and appropriate, 

among others) or ER importance, which may imply an explicit desire to enact change. Is saying 

that something is ‘important to change’ the same as saying you don’t like it or that you want it to 

change? These are empirical questions, and if researchers believe that broader coverage is 

needed to fully characterize appraisal dimensions, then development of a multi-item scales may 

be a productive direction for future psychometric work on momentary appraisals.  

Lastly, this study was conducted in a non-clinical population of undergraduate students. 

These patterns may look different in clinical population, particularly in populations that are 

characterized by specific patterns in emotion regulatory difficulties. Future studies may find it 

fruitful to look for different appraisal and ER patterns within individuals that have high trait 

negative emotionality, since that ended up being a powerful predictor of almost all ER behaviors. 

The correlation between ER importance and ER self-efficacy was weak at the trait-level, 

suggesting that within the group of individuals with high negative emotionality and high ER use, 

varying levels of average ER self-efficacy could be represented. For example, some may be 

using ER strategies while feeling confident in their abilities to regulate, while others may be 

using many strategies while having low confidence in their abilities to effectively change their 

mood. These differences may be more clinically relevant than the difference between how 

someone with generally low negative affect differs in their regulation from someone who is 

generally high in NA, as the goal of therapy is often not to reduce the experience of negative 

affect directly, but to help individuals who are predisposed to negative emotionality learn to cope 

effectively with their emotions. As an extension, examining these patterns within clinical 

populations – and within individuals who have been successfully treated for mental health 
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disorders – may help connect patterns of emotion appraisal and regulation to specific 

psychological outcomes as well as effective components of treatment. 

4.6 Strengths, Clinical Implications, and Conclusions  

The current study has many strengths, and the results have important implications for 

both research and treatment. This study provides the first thorough psychometric account of 

EMA items measuring momentary emotion appraisals and to test hypotheses about their 

interaction. It is also one of the first studies to examine prospective associations between 

emotional appraisals and emotion regulation in day-to-day life. I hope that the findings from this 

study may encourage other EMA researchers interested in emotion-behavior dynamics to 

consider the inclusion of appraisals – and in particular ER importance – in their models. These 

items could be helpful for moving forward research on emotion-related processes and how they 

contribute to psychopathology. Given the brief nature of the ER importance item and its 

associations with ER behaviors, use of this measure may be useful for more prediction-oriented 

work in particular. There has been a rise in interest in idiographic methods and individualized 

assessment and treatment approaches that could use EMA-like methods to tailor interventions to 

individuals. Measuring relevant appraisals in a low-burden way may be useful in advancing the 

precision of this work. 

Engaging in ‘unhealthy’ ER strategies was most strongly related to a combination of trait 

emotionality and momentary ER importance. Given this, interventions which seek to reduce the 

desire to change one’s emotion could theoretically produce healthier coping responses. For 

example, acceptance and mindfulness based approaches seek to reduce distress by changing 

appraisals of negative emotions to be more neutral (Hayes, 2004; Hayes et al., 2006). However, 

our findings suggest that the same processes promote ‘healthier’ ER behaviors as well. This 
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highlights the clinical struggle to define what a ‘healthy’ set of emotion appraisals may look like. 

Further, some research suggests that psychological flexibility and fitting emotion regulation 

attempts to the situation is key to psychological health (Haines et al., 2016), such that 

disengagement strategies may be more appropriate in some situations, and engagement strategies 

more appropriate in others. Other studies have found that person-level factors may moderate 

whether acceptance-based or control-based regulation strategies are more effective (Forman et 

al., 2007), indicating that different appraisals may be more or less useful for different 

individuals.  The appraisal items presented in this paper could be used in future studies to 

examine this type of contextual nuance. 

This study provides preliminary evidence that emotion appraisals can be measured in 

EMA and capture enough within-person variance to be used in models of emotion-behavior 

dynamics. It also provided evidence for the importance of measuring emotion appraisals in 

addition to more traditional components of emotion such as valence and discrete emotion terms. 

These results also highlight the importance of differentiating between appraisal tendencies and 

momentary appraisals, and provide preliminary evidence that appraisals may be more important 

at the within-person level than the between-person level. This is a particularly novel finding 

considering that the bulk of the research on emotion beliefs to date has focused exclusively on 

the trait level.  

 Lastly, I hope that these results support the integration of emotion appraisals into future 

work that examines how individuals make meaning of their emotional experiences, and how that 

meaning guides their behavior. Ultimately, the goal of integrating emotion appraisals into models 

of emotion-behavior associations is to understand how individuals can most adaptively interact 

with their own internal experiences in order to promote psychological health and wellbeing. 
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Appendix 1 

Figure 12 

Emotion appraisal and emotion regulation items as they appear to participants in EMAs 
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Appendix 2 

Table 7 
Descriptive statistics for all study variables 
 
 
 Ecological Momentary 

Assessment 
Person-Level EMA 

Average Baseline Variables 

 Mean SD Mean SD Mean SD 
ER Importance 21.67 24.99 22.02 14.66 - - 

ER Self-Efficacy 56.12 27.36 55.46 18.50 - - 
Negative Affect 13.23 15.30 14.14 10.43 - - 
Positive Affect 53.94 22.26 53.97 53.97 - - 

Total ER 0.74 1.08 0.778 0.64 - - 
Engagement ER 0.37 0.64 0.39 0.35 - - 

Disengagement ER 0.26 0.59 0.27 0.27 - - 
Negative Urgency (UPPS) 19.07 22.17 19.35 15.45 2.54 0.49 

Persistence (UPPS) 51.53 18.20 51.38 9.03 2.07 0.35 
Planning (UPPS) 62.10 19.93 61.84 12.67 1.95 0.51 

Emotion Reactivity Scale (ERS) - - - - 2.33 2.33 
Self-Blame (CERQ) - - - - 2.87 0.84 

Other-Blame (CERQ) - - - - 1.97 0.54 
Rumination (CERQ) - - - - 3.22 0.90 

Catastrophizing (CERQ) - - - - 2.03 0.72 
Reframing (CERQ) - - - - 2.37 0.85 
Planning (CERQ) - - - - 3.24 0.79 

Reappraisal (CERQ) - - - - 3.36 0.89 
Perspective Taking (CERQ) - - - - 3.26 0.83 

Acceptance (CERQ) - - - - 3.23 0.74 
Depression (PROMIS) - - - - 1.97 0.93 

Anxiety (PROMIS) - - - - 2.53 0.93 
Anger (PROMIS) - - - - 2.32 0.78 

Marijuana Problems (PROMIS) - - - - 1.73 1.03 
Alcohol Problems (PROMIS) - - - - 2.70 1.10 
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Appendix 3 

Table 8 
Bivariate Correlations of EMA emotion appraisals and other EMA study variables 

 1 2 3 4 5 6 7 8 9 10 11 

1. ER Importance             

2. ER Self-Efficacy  0.11           

3. Valence  0.24 -0.17          

4. Arousal -0.12 0.14 -0.34         

5. Negative Affect 0.43 -0.20 0.42 -0.24        

6. Positive Affect -0.21 0.29 -0.52 0.48 -0.37       

7. Total ER 0.20 -0.09 0.05 -0.07 0.22 -0.06      

8. Engagement ER 0.14 -0.07 0.03 -0.02 0.14 0.00 0.75     

9. Disengagement ER 0.16 -0.05 0.03 -0.07 0.16 -0.07 0.74 0.19    

10. Acting on Impulse 0.20 -0.17 0.04 -0.05 0.20 -0.13 0.16 0.06 0.15   

11. Persistence -0.02 0.14 -0.06 0.06 -0.03 0.15 -0.04 0.03 -0.06 -0.01  

12. Planning -0.06 0.20 -0.08 0.09 -0.10 0.19 -0.06 0.03 -0.09 -0.39 0.22 
Note: Correlations significant a p < .05 are bolded. 

 
Table 9 
Bivariate correlations of person-level average emotion appraisals and person-level and 
trait emotion variables 
 1 2 3 4 5 6 7 8 9 
1. Average ER Importance          

2. Average ER Self-Efficacy -0.15         

3. Average Valence 0.21 -0.19        

4. Average Arousal -0.17 0.14 -0.38       

5. Average Negative Affect 0.54 -0.20 0.37 -0.31      

6. Average Positive Affect -0.17 0.34 -0.64 0.55 -0.26     

7. PROMIS Anxiety 0.41 -0.18 0.34 -0.19 0.47 -0.39    

8. PROMIS Anger 0.35 -0.17 0.19 -0.22 0.47 -0.19 0.52   

9. PROMIS Depression 0.40 -0.23 0.30 -0.26 0.45 -0.34 0.78 0.56  

10. Emotion Reactivity Scale 
(ERS) 0.27 -0.23 0.15 -0.05 0.36 -0.21 0.54 0.42 0.43 

Note: Correlations significant a p < .05 are bolded. 
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Table 10 
Bivariate correlations of person-average emotion appraisals and person-average and trait-level ER variables 
 1 2 3 4 5 6 7 8 9 10 11 12 13 
1. Average ER Importance               

2. Average ER Self-Efficacy  -0.15             

3. Self-Blame (CERQ) 0.28 -0.13            

4. Other-blame  (CERQ) 0.05 -0.14 0.05           

5. Rumination (CERQ) 0.19 -0.28 0.48 0.23          

6. Catastrophizing (CERQ) 0.32 -0.21 0.31 0.42 0.45         

7. Reframing (CERQ) -0.07 0.10 -0.22 0.03 0.02 -0.16        

8. Planning (CERQ) 0.19 0.03 0.16 0.02 0.17 -0.14 0.35       

9. Reappraisal (CERQ) -0.01 0.13 -0.16 -0.17 -0.10 -0.33 0.42 0.63      

10. Perspective Taking (CERQ) -0.07 0.04 -0.12 0.03 -0.08 -0.17 0.32 0.41 0.50     

11. Acceptance (CERQ) 0.00 -0.03 0.30 -0.11 0.22 0.11 0.08 0.14 0.15 0.11    

12. Average Total ER   0.35 -0.18 0.31 0.03 0.31 0.19 -0.03 0.24 -0.01 -0.06 0.16   

12. Average Disengagement ER  0.39 -0.15 0.35 0.06 0.30 0.17 -0.04 0.14 -0.10 -0.14 0.22 0.81  

13. Average Engagement ER  0.24 -0.14 0.21 0.01 0.26 0.16 0.04 0.34 0.13 0.04 0.11 0.87 0.47 
Note: Correlations significant a p < .05 are bolded. 

 

Table 11 
Bivariate correlations of person-average emotion appraisals and person-average and trait 
impulsivity and substance use problems 
 1 2 3 4 5 6 7 8 9 
1. ER Importance          

2. ER Self-Efficacy -0.15         

3. Acting on Impulse (EMA) 0.36 -0.28        

4. Persistence (EMA) -0.10 0.39 -0.12       

5. Planning (EMA) -0.07 0.37 -0.53 0.52      

6. Urgency (UPPS) -0.24 0.15 -0.35 0.01 0.29     

7. Planning (UPPS) -0.06 -0.07 0.28 0.04 -0.34 -0.31    

8. Persistence (UPPS) 0.00 -0.20 0.27 -0.27 -0.35 -0.03 0.41   

9. Marijuana Problems (PROMIS) -0.04 0.12 0.08 0.09 -0.03 -0.04 0.16 0.04  

10. Alcohol Problems (PROMIS) 0.23 -0.19 0.22 -0.05 -0.23 -0.46 0.16 0.04 0.01 
Note: Correlations significant a p < .05 are bolded. 

 


