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Abstract 

The following dissertation contains three studies examining academic boredom 

development in five high-track German secondary schools (AVG-project data; Study 1: N = 

1,432; Study 2: N = 1,861; Study 3: N = 1,428). The investigation period spanned 3.5 years, 

with four waves of measurement from grades 5 to 8 (T1: 5th grade, after transition to 

secondary school; T2: 5th grade, after mid-term evaluations; T3: 6th grade, after mid-term 

evaluations; T4: 8th grade, after mid-term evaluations). All three studies featured cross-

sectional and longitudinal analyses, separating, and comparing the subject domains of 

mathematics and German. 

Study 1 provided an investigation of academic boredom’s factorial structure alongside 

correlational and reciprocal relations of different forms of boredom and academic self-

concept. Analyses included reciprocal effects models and latent correlation analyses. Results 

indicated separability of boredom intensity, boredom due to underchallenge and boredom due 

to overchallenge, as separate, correlated factors. Evidence for reciprocal relations between 

boredom and academic self-concept was limited. 

Study 2 examined the effectiveness and efficacy of full-time ability grouping for as a 

boredom intervention directed at the intellectually gifted. Analyses included propensity score 

matching, and latent growth curve modelling. Results pointed to limited effectiveness and 

efficacy for full-time ability grouping regarding boredom reduction. 

Study 3 explored gender differences in academic boredom development, mediated by 

academic interest, academic self-concept, and previous academic achievement. Analyses 

included measurement invariance testing, and multiple-indicator-multi-cause-models. Results 

showed one-sided gender differences, with boys reporting less favorable boredom 

development compared to girls, even beyond the inclusion of relevant mediators. 

Findings from all three studies were embedded into the theoretical framework of 

control-value theory (Pekrun, 2006; 2019; Pekrun et al., 2023). Limitations, directions for 

future research, and practical implications were acknowledged and discussed. 

Overall, this dissertation yielded important insights into boredom’s conceptual 

complexity. This concerned factorial structure, developmental trajectories, interrelations to 

other learning variables, individual differences, and domain specificities. 

Keywords: Academic boredom, boredom intensity, boredom due to underchallenge, 

boredom due to overchallenge, ability grouping, gender differences, longitudinal data 

analysis, control-value theory  
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TOPICAL INTRODUCTION 1 

Chapter 1 – Topical Introduction 

This dissertation concerns experiences of boredom in secondary school. I will detail 

its theoretical base and research questions on the pages to come. Before this, I first illustrate 

the relevance of this research topic by elaborating on the gravity of academic boredom. 

First off, there is no escaping boredom at school. It affects all students alike and is 

easily the most frequent emotional experience in modern-day classrooms (Goetz et al., 2020; 

Nett et al., 2011). Second, boredom feels bad. It is an intense emotion, even when compared 

to supposedly more averse ones, like anxiety (Goetz & Nett, 2012; Haag & Goetz, 2012). 

Neuroscientific evidence even points to boredom literally hurting (Willis, 2014). Third, 

boredom at school is hard to grasp. Boredom research suffers from theoretical heterogeneity 

(Goetz et al., 2019). To make matters even more complex, boredom and other academic 

emotions have been shown to be experienced domain-specifically (Goetz et al., 2007). This 

implies that subject matter is likely linked to differential emotional experience. Fourth, 

boredom at school can lead to diminished academic achievement and even to drop-out 

(Camacho-Morles et al., 2021; Robinson, 1975; Tze et al., 2016). This tendency is 

exacerbated as poor academic performance also increases subsequent boredom, forming a 

dangerous downward spiral (Pekrun et al., 2017). Fifth, boredom’s negative consequences are 

not exclusive to the scholar environment. Boredom, for instance, correlates with various 

unhealthy behaviors, such as alcohol and drug abuse or binge eating (Bench & Lench, 2013). 

Finally, and perhaps most gravely, boredom increases over time, especially during 

adolescence and secondary education (Spaeth et al., 2015; Vierhaus et al., 2016; Weybright et 

al., 2020). Given all this alarming information on academic boredom, it is hard to believe that 

direct boredom interventions are still lacking in educational practice. 

On a positive note, ever since boredom was formally addressed as an achievement 

emotion for the first time (Pekrun, 2006), research interest in academic boredom has 
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continuously grown stronger (see Figure 1.1). Especially in recent years, a steep increase in 

publication numbers with a peak in 2021 is evident. Research interest remains strong to date. 

One could argue that academic boredom research is at an all-time high. Interestingly, this 

recent period of acceleration in publication numbers coincides with the present dissertation’s 

process (i.e., 2019 – 2023). Before detailing its contents, however, I will (try to) establish 

academic boredom’s theoretical foundations, starting with defining boredom.
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Figure 1.1 

Scientific Data Base Entries for “Academic Boredom” Since 2006 

 

Note. Results for simple all field-searches using the search string “academic boredom”. Searches were conducted on January 19th, 2023. 

k = total number of publications since 2006 for respective scientific data bases. 
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What is Boredom? 

Pinpointing the boredom experience in scientific terms is an ongoing task in emotion 

research. Studied in various contexts – e.g., in academia (Pekrun, 2006), on the job (Reijseger 

et al., 2013), in relationships (Harasymchuk & Fehr, 2012), in leisure time (Ragheb & 

Merydith, 2001), or even in art (Elpidorou, 2017) – many questions remain on boredom’s 

phenomenology. In many ways, boredom has always been enigmatic, and highly different 

from other emotions (e.g., van Tilburg & Igou, 2017). That is why I dedicate the following 

columns to describing boredom in detail, as far as scientific consensus is established. 

Defining Boredom 

Through the years there have been a plethora of definitions. Probably the most cited 

one, Eastwood and colleagues (2012) call boredom “the aversive state of wanting, but being 

unable, to engage in satisfying activity” (p. 483). Roughly 20 years earlier, Mikulas and 

Vodanovich (1993) stated that “boredom is a state of relatively low arousal and 

dissatisfaction, which is attributed to an inadequately stimulating situation” (p. 3). While both 

definitions appear to be different at first, they do share the idea of boredom as an emotional 

state. At this point, we could enter another ongoing discussion in the boredom literature: is 

boredom solely experienced in the moment, or are there habitual components to it – putting 

different individuals at differential risk of experiencing boredom in comparable situations? In 

other words: is boredom a state, a trait, or both? I will address this question briefly, before 

returning to contemporary definitions of boredom. 

In personality research, boredom has been conceptualized as a trait in the past. Within 

Zuckerman’s (1979) sensation seeking concept, the boredom susceptibility scale (ZBS) forms 

an important subscale. Similarly, Farmer and Sundberg (1986) developed the boredom 

proneness scale (BPS) to capture dispositional boredom. However, both measures have been 

critiqued in terms of their psychometric properties. For instance, ZBS- and BPS-scores are 
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only weakly correlated (r = .17; Mercer-Lynn et al., 2014). The ZBS displayed reliability 

problems (Mercer-Lynn et al., 2013). The BPS has been questioned in terms of validity. Its 

assumed factorial structure has not been clearly replicated (Melton & Schulenberg, 2009). 

Moreover, BPS-sores did not show constructs stability over extended amounts of time (Gana 

et al., 2019). In sum, it appears that neither scale, albeit conceptually related, functions as an 

adequate marker of trait boredom (Vodanovich & Watt, 2016). This leaves the contemporary 

literature hanging in the balance when it comes to trait-ness of boredom. It would be wisest to 

assume a temporal continuum regarding boredom experience, with momentarily occurring 

boredom being targeted in most definition attempts. 

Moving on from the two most historically popular definitions of boredom to two more 

timely ones: Westgate (2020) and Elpidorou (2021) both provide theoretical reviews, 

addressing conceptual heterogeneity in the boredom literature. While Elpidorou’s text puts 

boredom’s function at its center, Westgate’s article focuses on avenues to boredom 

regulation. Even though neither review explicitly proposes a definition of boredom, there are 

quotable conclusions drawn in both works as to what boredom encapsulates. According to 

Westgate (2020), boredom is “an affective indicator of unsuccessful attentional engagement 

in valued goal-congruent activities” (p. 34). Elpidorou (2021) summarizes that “boredom is a 

sign of the presence of an unfulfilled desire to engage with our situation in a satisfactory 

manner and also a motivation to fulfill that desire by doing something other than what we are 

currently doing” (p. 506). 

All four definitions are united by boredom’s unsatisfactory nature. Boredom hence 

appears to occur whenever something holds us back, hinders us, or stops us in any way from 

pursuing our goals. Second, all four definitions view boredom as situation dependent. 

Mikulas and Vodanovich (1993), for instance, highlight an adequate amount of stimulation, 

while Westgate (2020) emphasises the content of the situation at hand as being of high value 
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and relevancy. Third, all four definitions agree on boredom being an emotion as they attribute 

salient affective properties to it. Eastwood et al. (2012) call it an “aversive state” (p. 483), 

Westgate (2020) an “affective indicator” (p. 34), and Elpidorou (2021) a “sign” (p. 506). The 

latter account further stresses boredom’s motivational role as it makes us strive to change 

activities whenever possible. 

To sum up, boredom definitions, albeit different in wording, show considerable 

conceptual overlap. Nevertheless, theoretical models are needed beyond verbal definitions to 

specify the emotional experience of feeling bored.  

Components of Boredom 

Theories of emotion take different stances on boredom. Despite being absent from 

some of the most important theories of emotion in the psychological literature (e.g., Ekman, 

1992; Izard, 1992; Weiner, 1985), being bored is part of Russell’s (1980) circumplex model 

of affect. Herein, different affective states are placed inside a valence-by-arousal-continuum, 

describing a circular shape (see Figure 1.2). 
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Figure 1.2 

Circumplex Model of Affect 

 

Note. Results of unidimensional scaling of 28 affect words conducted by Russell (1980, for 

original figure, see p. 1169). 

 

The resulting grid contains four different subsections: affective states of either negative 

valence and low arousal (e.g., bored), negative valence and high arousal (e.g., angry), 

positive valence and low arousal (e.g., relaxed), or positive valence and high arousal (e.g., 

happy). While there is consensus on boredom’s negative valence, its low-arousal status needs 

to be revised. Boredom has been found to correlate with low, as well as high arousal 

(Raffaelli et al., 2018; van Hooft & van Hooff, 2018). Because of inconclusive results in this 

arousal debate, it is argued that defining boredom in terms of arousal should be avoided 
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altogether (Elpidorou, 2021). Consequently, other components need to be examined to 

specify boredom experiences. 

Scherer’s (2009) component process model of emotion proposes five components to 

describe and distinguish emotional experience: affect, physiology, cognition, expression, and 

motivation. Starting with the affective component, boredom is experienced as negative and 

averse (see above) with accompanying feelings of inertia, emptiness, anger or impulsivity 

(Sommers & Vodanovich, 2000; Titz, 2001). From a physiological standpoint, inconclusive 

results on arousal loom large, with boredom being associated, for instance, with both 

sleepiness and restlessness (Goetz & Frenzel, 2006; Sundberg & Bisno, 1983). Regarding 

cognitive processes, feeling bored is accompanied by concentration difficulties, task-

unrelated thoughts, perceptions of time dilatation and mind-wandering (Eastwood et al., 

2012; Raffaelli et al., 2018; Westgate & Wilson, 2018). For the expressive component, I 

kindly refer the reader to the collage at the beginning of this dissertation. Finally, boredom 

decidedly motivates the pursuit of novel activity (Bench & Lench, 2013; Elpidorou, 2021). 

To sum up, when feeling bored, arousal is either high or low, goal-directed cognitive 

functions are impeded, and aversiveness prevails. Definitive consensus is limited to 

boredom’s core function of motivating changes in the current activity. After detailing the 

complexity of boredom as an emotion (and failing at establishing a common ground), I will 

narrow my focus to experiences of boredom in achievement situations. 

The Control-Value Theory of Achievement Emotions 

In 2006, Pekrun introduced the control-value theory (CVT) of achievement emotions 

(see also Pekrun, 2019; Pekrun et al., 2023). This marked a turning point in educational 

emotion research, as emotions linked to achievement settings were embedded in a theoretical 

framework for the first time. There are other achievement settings beyond academia – for 

instance, in sports, competitive job environments, or the performing arts. Herein, however, I 
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will focus on the academic realm. CVT drew from many theories historically rooted in 

motivational psychology (e.g., Atkinson’s risk preference model, 1964; flow theory, 

Csikszentmihalyi, 1990; or Weiner’s attributional theory, 1985). Its innovation lay in 

combining existing approaches and tailoring its premises towards achievement situations. 

Taxonomy of Achievement Emotions 

Before CVT’s rise, test anxiety was the only emotion relevant for educational research 

(Mandler & Sarason, 1952). Nowadays, 20 distinct emotions experienced in achievement-

related contexts can be systematically distinguished (see Table 1.1). These achievement 

emotions are defined as “emotions tied directly to achievement activities or achievement 

outcomes” (Pekrun, 2006, p. 317). This definition contains the first important distinction 

within achievement emotions: there are activity emotions (e.g., boredom) and there are 

outcome emotions (e.g., hope or pride). They differ in temporal object focus. Activity 

emotions are experienced during achievement activities (e.g., while preparing a presentation) 

whereas outcome emotions relate to future (i.e., prospective outcome emotions) or past 

events (i.e., retrospective outcome emotions). Boredom is an activity emotion, underlining its 

momentary nature stressed also in previously introduced construct definitions (see above).
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Table 1.1 

Taxonomy of Achievement Emotions 

   +  – 

Object Focus Control Value Activating Deactivating  Activating Deactivating 

Activity 

Emotions 

High Positive Enjoyment, 

Excitement 

Relaxation° 
   

High Negative    Anger  

Low Positive/Negative    Frustration  

High/Low None     Boredom 

Prospective 

Outcome 

Emotions 

High 

Positive (Success) 

Anticipatory Joy Assurance*    

Medium Hope     

Low     Hopelessness 

High 

Negative (Failure) 

 Anticipatory ReliefX    

Medium    Anxiety  

Low     Hopelessness 

Retrospective 

Outcome 

Emotions 

Irrelevant 

Positive (Success) 

Retrospective Joy Relief°    

Self Pride Contentment    

Other Gratitude     

Irrelevant 

Negative (Failure) 

    Sadness 

Self    Shame/Guilt  

Other    Anger Disappointment° 

        

Note. For original taxonomy see Pekrun (2006, p. 320). For updated taxonomy see Pekrun et al. (2023, p. 149). 

* added in 2023. ° added in later version (cf. Pekrun, 2017). X removed in 2023. 
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Besides object focus, achievement emotions can also be distinguished in terms of 

CVT’s name-giving control and value appraisals. In case of prospective outcome emotions, 

control appraisals regarding future achievement situations (e.g., an upcoming biology exam) 

were assumed to either be low (e.g., hopelessness), medium (e.g., hope) or high (e.g., 

anticipatory joy). For retrospective outcome emotions, control appraisals revert to attributions 

of success or failure in a past achievement situation (e.g., who is to blame for me not passing 

the recent biology exam?). Retrospectively, control was either exerted by oneself (e.g., 

shame), or located in the outside circumstances (e.g., gratitude for the exam having been 

composed of rather easy questions). Locus of control might also have been irrelevant for the 

resulting emotion (e.g., joy or sadness). Control appraisals in activity emotions are usually 

either low (e.g., frustration) or high (e.g., enjoyment). For boredom, however, both can apply. 

That way, boredom is experienced in underchallenging (i.e., high control) as well as 

overchallenging (i.e., low control) achievement situations (cf. Acee et al., 2010; see also 

Chapter 2). 

Value appraisals are less complex, compared to control appraisals. They can either be 

positive or negative, regardless of object focus. They entail how important is it to an 

individual to succeed in a given achievement situation. Again, boredom begs to differ, as it is 

the only achievement emotion for which subjective value is neither positive nor negative but 

nonexistent. That means that boredom is expected to occur in achievement situations that we 

do not care about. This notion is contradictory, however, to Westgate’s (2020) boredom 

definition, where it is precisely stated that boredom pertains to “valued goal-congruent 

activities” (p. 34). 

In newer accounts of CVT (e.g., Pekrun et al., 2023) the structure of achievement 

emotions was slightly altered. Instead of separating emotions by object focus, control and 

value, they are now taxonomized in terms of object focus, valence, and arousal (cf. Russell, 
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1980). The valence dimension, i.e., whether an emotion is positive or negative, largely 

overlaps with value appraisals. Boredom is now listed as a negative emotion, which aligns 

with its aversive nature (cf. Eastwood et al., 2012). The arousal dimension divides emotions 

into two categories: activating (e.g., anger) and deactivating (e.g., boredom) emotions. With 

the inconclusiveness in boredom’s arousal debate illustrated above, labelling it a deactivating 

emotion can certainly be discussed. Even in this newer taxonomy, boredom appears to not 

quite fit in. 

To sum up, boredom is a negative deactivating activity achievement emotion. 

According to control-value theory, boring achievement situations are characterized by either 

high or low subjective control and an absence of subjective value. 

Theoretical Framework 

Besides offering a continuously updated taxonomy of achievement emotions, CVT 

also features a theoretical framework serving as base for many empirical studies. Herein, a 

motivational process is outlined that establishes a chain of events leading to emotion 

elicitation, which, in turn, affects academic outcomes. With emotion at its core, different 

antecedents as well as consequences to emotional experience in achievement settings are 

proposed. In-between different steps of this process, feedback loops are possible, however. 

Still, I will focus on the main pathway of emotional development. The motivational process 

implied by CVT is depicted in Figure 1.32. 

  

 
2 It is worth noting that the theoretical framework has been altered significantly in CVT’s latest 

amendment (see Pekrun et al., 2023). For example, regulative processes, serving as starting points for 

classroom-based interventions, have been excluded in the 2023 version. Other variables, such as personality 

traits or health problems, have gained in importance. However, the central pathway of emotional development 

remained rather stable. 
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Figure 1.3 

Control-Value Theory’s Theoretical Framework 

 

Note. Hybrid model of CVT’s core propositions (2019-2023). For original models, see 

Pekrun (2019, p. 147) and Pekrun et al. (2023, p. 147). 

 

Regarding the learning environment, CVT emphasizes cognitive and motivational 

quality of instruction, clear expectations and goal structures, and a climate of autonomy as 

favorable attributes of the classroom. However, learning environments are not solely 

encountered at school. They also include students’ private and family life (Robinson, 1975). 

Learning environments promoting boredom have been described as monotonous, with tasks 

low in complexity and variety, resulting in reduced intellectual stimulation (Pekrun et al., 
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2010). Lack of clarity and structure in class is a source of boredom, as well (Goetz, 2004). 

Other teaching factors also play their part, as a supportive presentation style can reduce 

boredom, while excessive demands may enhance it (Goetz et al., 2020). Teachers’ 

enthusiasm and humor have been shown to protect against boredom (Bieg et al., 2019). On 

the other hand, boredom on the teacher’s part can promote boredom among students, if 

recognized (Tam et al., 2020). This is especially important, as teachers often fail to view 

themselves as responsible for boredom experiences in their classrooms (Daschmann et al., 

2014). 

Besides environmental factors, appraisals are the primary and proximal antecedents 

to emotional experience in CVT. I already introduced control and value appraisals and their 

potential results (see above). However, appraisals can come in different forms (cf. Pekrun, 

2019). Control appraisals, for instance, subsume expectancies, attributions, and self-concepts. 

Value appraisals can refer to both intrinsic and extrinsic aspects. Regarding boredom, 

subjective control shows an inconclusive pattern. Befitting boredom’s theoretical appraisal 

profile, subjective control has been both positively (e.g., Goetz et al., 2020) and negatively 

associated with later boredom (e.g., Clem et al., 2021). Other studies found no relation (e.g., 

Putwain et al., 2018). When different forms of boredom are distinguished, academic self-

concept has been shown to negatively predict boredom due to overchallenge and positively 

predict boredom due to underchallenge in mathematics (Goetz & Frenzel, 2010). Subject 

value, on the other hand, has consistent negative links to boredom experiences, with higher 

effect sizes, compared to subjective control (Forsblom et al., 2021; Goetz et al., 2020; Pekrun 

et al., 2010). Within different value appraisals, intrinsic value and motivation are most 

predictive of boredom (Putwain et al., 2018; Sutter-Brandenberger et al., 2018). 

Besides proximal appraisal antecedents, CVT proposes person characteristics as distal 

antecedents to achievement emotions. These should primarily affect appraisals but can also 
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influence emotion directly. Examples of such distal individual antecedents are demographic 

characteristics (e.g., gender) or cognitive abilities (e.g., intelligence). Regarding gender, for 

example, some studies point to higher boredom in male students (e.g., Pekrun et al., 2017; 

Raccanello et al., 2019; Zaccoletti et al., 2020), while others did not find significant gender 

effects (e.g., Forsblom et al., 2021). When distinguishing between boredom due to under- and 

overchallenge, however, girls report more boredom because of overchallenge, in 

mathematics, with boys stating more boredom because of underchallenge (Daschmann et al., 

2011; Goetz & Frenzel, 2010). Not much research exists on intelligence-boredom relations. 

Gifted students displaying high cognitive abilities, for instance, have been found to 

experience less (Gjesme, 1977), more (Larson & Richards, 1991; Stambaugh, 2017) and 

equal amounts of boredom (Feldhusen & Kroll, 1991; Hornstra et al., 2017; Preckel et al., 

2010), in comparison to age-appropriate control samples, on different occasions. 

After emotions flare up, they can lead to different consequences. Among various 

outcomes, academic achievement is of prime relevance to educators and educational scientists 

alike. Empirical evidence unequivocally points to boredom leading to reduced academic 

performance. This connection has been established in singular studies (Forsblom et al., 2021; 

Hunter & Eastwood, 2021; Lichtenfeld et al., 2022; Pekrun et al., 2017; Putwain et al., 2022), 

as well as in meta-analyses (Camacho-Morles et al., 2021; Tze et al., 2016). 

Beyond achievement, health problems have received increased recognition in modern-

day CVT (Pekrun et al., 2023). Boredom is associated with a list of problematic health 

outcomes (see Bench & Lench, 2013, for a review), including reduced psychological well-

being (Schwartze et al., 2021), depressive symptoms (LePera, 2011), and substance abuse 

(Freund et al., 2021). Aside from negative effects of boredom, positive consequences are 

rarely mentioned in the academic literature. Therefore, assumed benefits in relaxation and 

creative incubation need further investigation (Elpidorou, 2014). 
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To sum up, boredom has been widely researched within the CVT framework. Results 

indicate that the learning environment is of central importance to classroom-bound boredom. 

Regarding appraisal antecedents, boredom is associated with negative value, while control 

patterns may vary. Negative associations with academic performance are firmly established. 

Let us now delve into the present dissertational project, which also uses CVT as a theoretical 

framework. 

The Present Dissertation 

Objectives 

I compiled three studies (Studies 1-3) into the present dissertation. Each work tackles 

different research questions that can be projected onto CVT’s theoretical framework. The 

purpose of Study 1 was the empirical separation of different forms of boredom. There is 

ongoing debate on boredom being a singular vs. a facetted construct. Functional accounts 

(Bench & Lench, 2013; Elpidorou, 2018, 2021) emphasise boredom’s unity through its 

motivational component. Other authors have found different types of boredom, using factor 

and profile analyses (Acee et al., 2010; Daschmann et al., 2014; Goetz et al., 2014). 

Moreover, boredom and its different forms have been shown to differentially relate to 

academic self-concept and task difficulty perceptions (Krannich et al., 2019; Westgate & 

Wilson, 2018). Therefore, studying interrelations between boredom and academic self-

concept as control appraisal and important individual characteristic related to academic 

challenge perception formed an addition to this construct validation approach. Precise 

research questions, hypotheses, methods, analytical results, and implications from Study 1 are 

laid out in chapter 2 of this dissertation. Figure 1.4 depicts the portions of CVT examined. 
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Figure 1.4 

Portions of Control-Value Theory’s Theoretical Framework Examined in Study 1 

 

Note. For details on exact implementation, see chapter 2. BO-I = boredom intensity. BO-U = 

boredom due to underchallenge. BO-O = boredom due to overchallenge. 

 

Study 2 focused on intellectually gifted populations. It is often argued that high-ability 

students are at an increased risk of experiencing underchallenge and boredom at school. This 

proposition is also known as the boredom hypothesis (Feldhusen & Kroll, 1991). Grouping 

intellectually gifted students into special classrooms has often been advocated as an ample 

compensation strategy (Bar-On, 2007; Plucker et al., 2004). However, neither the boredom 

hypothesis nor the proposed effectiveness of gifted classes has been tested using convincing 

methodological approaches. Study 2 closes this gap, providing a systematic approach to 

evaluating ability grouping as a classroom-based boredom intervention. To isolate class type-

effects, propensity score matching was applied (Rosenbaum & Rubin, 1983). Study 2 is 

outlined in chapter 3 (see also Figure 1.5). 
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Figure 1.5 

Portions of Control-Value Theory’s Theoretical Framework Examined in Study 2 

 

Note. For details on exact implementation, see chapter 3. Ability grouping as an educational 

intervention, possess attributes of situation- and competence-oriented regulation (cf. Pekrun, 

2019). BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom 

due to overchallenge. * Variables controlled via propensity score matching (grey).  
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Study 3 examined gender differences in academic boredom development. Few 

longitudinal studies exist on this topic (e.g., Weybright et al., 2020). Cross-sectional findings 

indicate higher subject-specific boredom for boys vs. girls (for the mathematics domain, see 

Daschmann et al., 2011; Goetz & Frenzel, 2010; for the verbal domain, see Raccanello et al., 

2019; Zaccoletti et al., 2020). Study 3 covered the largest portion of the CVT framework, as 

gender, control and value appraisals, and academic achievement, were all embedded into the 

same analytical model (see Figure 1.6). Thereby, I was able to concurrently examine gender 

differences in boredom trajectories, as well as possible explanations for them. Study 3 is 

detailed in chapter 4. 
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Figure 1.6 

Portions of Control-Value Theory’s Theoretical Framework Examined in Study 3 

 

Note. For details on exact implementation, see chapter 4. BO-I = boredom intensity. BO-U = 

boredom due to underchallenge. BO-O = boredom due to overchallenge. 

 

Methodological Directions 

All studies from this dissertation are characterized by a longitudinal research 

approach, analysing data provided from multiple schools over several years of research 

cooperation.3 As all relevant data had already been acquired, conducting optimal 

methodological analyses to extract the most important results and promote new insights 

 
3 Data for this dissertation stem from the AVG-project (for a research report, see https://www.uni-

trier.de/fileadmin/fb1/prof/PSY/HBF/Sachbericht_2013_Klassen5-8_final_12-11-2014.pdf). This longitudinal 

study was conducted from 2005 – 2020, examining motivational and emotional development in five successive 

cohorts from five German schools, over the course of secondary education and beyond. Methodological details 

are issued in chapters 2-4 as individual studies pertaining to this work are addressed. 
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became my top priority in the process. For instance, I examined self-report data with 

structural equation modelling (SEM; Jöreskog, 1970) techniques. That way, I could 

effectively account for measurement error, while also providing a confirmation framework to 

test some of CVT’s most important propositions (see Pekrun, 2006, 2019; Pekrun et al., 

2023). Furthermore, I tested for different types of measurement invariance (cf. Byrne, 2012; 

Geiser, 2011; Jöreskog, 1971; Kleinke et al., 2017) as necessary prerequisites to investigating 

group differences (cf. Studies 2 and 3) and long-term developmental processes (e.g., 

reciprocal causation, cf. Study 1 or latent growth, cf. Studies 2 and 3). Moreover, I was able 

to improve methodological precision within each study, by using techniques, such as 

propensity score matching (PSM; Rosenbaum & Rubin, 1983, 1984, 1985, cf. Study 2), the 

inclusion of control variables (cf. Study 3), or reciprocal effects models (REM; Hamaker et 

al., 2015; Usami et al., 2019, cf. Study 1).  

Project Overview 

Before I close this topical introduction, I kindly refer the reader to take note of Table 

1.2. This project overview serves as an advanced organizer to the present dissertation. It 

summarizes the scientific status quo for Studies 1-3 at the time this dissertational text is 

written. Thereby, I cared to provide transparency for my process, while also highlighting the 

scientific effort behind each study.
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Table 1.2 

Project Overview 

    Publication Progress 

Study Title Chapter Appendix Conference Contribtionsa 

Submission 

Attempts 

(Journals) 

Manuscipt Status 

(Journals) Article Reference (URL) 

1 

Academic Boredom and 

Self-Concept in Secondary 

School – Subject-specific 

Correlations and Reciprocal 

Effects 

2 2 
AERA Annual Meeting 2023 

(Poster)b 
1 

Submitted to 

British Journal of 

Educational 

Psychology 

n/a 

2 

Reducing Boredom in Gifted 

Education – Evaluating the 

Effects of 

Full-Time Ability Grouping 

3 3 

- 2. Interdisziplinäre 

Graduiertenkonferenz 

(Poster) 

- JURE 2021 (Paper 

Presentation) 

- PAEPSY 2021 (Paper 

Presentation as Part of a 

Symposium) 

1 

Accepted / 

Published in 

Journal of 

Educational 

Psychology 

https://doi.org/10.1037/edu0000694 

3 

Gender Differences in 

Academic Boredom and Its 

Development in Secondary 

School 

4 4 

- 3. Interdisziplinäre 

Graduiertenkonferenz 

(Paper Presentation) 

- AERA Annual Meeting 

2022 (Paper Presentation) 

- DGPs-Kongress (Poster) 

6 

Ready for 

Submission to 

Learning and 

Individual 

Differences 

n/a 

        

Note. Current state as this dissertation is written (March, 27th 2023). 

a See references for details (Feuchter & Preckel, 2020, 2021a, 2021b, 2021c, 2022a, 2022c, 2023). 

b A 2,000 word summary of Study 1 has been accepted for the AERA Annual Meeting 2023, scheduled to take place April 16-20, 2023. 

c Prof. Dr. Franzis Preckel supervised this dissertational project and contributed to all studies listed here as sole co-author. 

AERA = American Educational Research Association. JURE = Junior Researchers of the European Association on Learning and Instruction (EARLI). DGPs = 

Deutsche Gesellschaft für Psychologie. 
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Chapter 2 – Study 1 

 

 

Academic Boredom and Self-Concept in Secondary School – Subject-specific 

Correlations and Reciprocal Effects 

Markus D. Feuchter and Franzis Preckel 

Department of Psychology, University of Trier 

 

 

Abstract 

In this longitudinal investigation in German secondary school (N = 1,432, grades 5-8, Mage at 

T1 = 10.24 years), intensity of boredom, boredom due to overchallenge, boredom due to 

underchallenge, and academic self-concept were investigated in mathematics and German. 

Results supported the separability of different forms of boredom. Latent correlations revealed 

increasing dissociations between boredom due to over- and underchallenge, intensity of 

boredom and boredom due to underchallenge, and stable relations between intensity of 

boredom and boredom due to overchallenge. Evidence for reciprocal effects between 

boredom and self-concepts was limited. Findings support the 3-factor-model of boredom and 

point to domain specificities in the development of boredom-self-concept-relations. 

 Keywords: Academic boredom, Academic Self-concept, Underchallenge, 

Overchallenge, Reciprocal effects  
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Academic Boredom and Self-Concept in Secondary School – Subject-specific 

Correlations and Reciprocal Effects 

Despite growing research interest, boredom remains a complicated emotion not yet 

grasped by researchers in a widely agreed upon fashion. Many authors state that there are 

different forms of boredom, for example, due to under- vs. overchallenge (Acee et al., 2010; 

Daschmann et al., 2011; Westgate & Wilson, 2018, Feuchter & Preckel, 2022b). Others view 

boredom as a unitary phenomenon (Elpidorou, 2021). Boredom’s structure as a psychological 

construct needs to be understood more deeply. Moreover, antecedents to differential boredom 

experiences are understudied, especially regarding boredom due to under- and overchallenge 

(Daschmann et al., 2011). Academic self-concepts form theoretically important appraisal 

antecedents to boredom (Pekrun, 2019) and have been demonstrated to differentially relate to 

experiences of under- and overchallenge (Krannich et al., 2019; Preckel et al., 2010). 

Furthermore, long-term development in boredom and its antecedents needs further 

investigation. This concerns feedback loops and reciprocities proposed by theory (Pekrun, 

2019). Related longitudinal studies covering several years of secondary education are rare 

(Clem et al., 2021; Forsblom et al., 2021). 

This present work aims to provide a first construct validation study for a previously 

established three-factor-model of boredom (3F-model of boredom; Feuchter & Preckel, 

2022b). Herein, we provide cross-sectional (i.e., construct correlations) and longitudinal 

evidence (i.e., reciprocal relations) from 3.5 years of German secondary education. We 

further investigated the role of academic self-concept as a crucial conceptual antecedent to 

boredom experiences. In addition, we investigated our research questions in two subject 

domains (namely, mathematics and German). Findings of our study thus entail differentiated 

evidence on academic boredom’s construct validity, add to existing theories on boredom 

development, and yield important implications for teaching practice. 
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Boredom in Secondary School 

In general, boredom is "an affective indicator of unsuccessful attentional engagement 

in valued goal-congruent activities" (Westgate, 2020, p. 34). Within Pekrun et al.’s (2023) 

taxonomy of achievement emotions, boredom is a negative deactivating activity emotion. 

Beyond its high prevalence in classrooms (Goetz et al., 2020), boredom does not constitute a 

mere state of indifference or reduced interest but is experienced as highly aversive and 

emotional (Haag & Goetz, 2012). Considering its consequences, boredom is associated with 

many problematic outcomes in academia (e.g., reduced achievement or decreased motivation, 

see Camacho-Morles et al., 2021; Tze et al., 2016), as well as in personal life (e.g., reduced 

psychological well-being or increased unhealthy behaviors, see Schwartze et al., 2021; 

Weybright et al., 2015). 

For secondary education, increasing boredom trajectories are reported frequently and 

across educational systems (e.g., Feuchter & Preckel, 2022b; Weybright et al., 2020). 

Boredom has also been shown to have negative reciprocal relations with academic 

achievement (Forsblom et al., 2021; Pekrun et al., 2017). This downward spiral is already 

evident at the primary school stage (Lichtenfeld et al., 2022) and lingers beyond secondary 

school (Hunter & Eastwood, 2021). Many of these studies use reciprocal effects models 

(REMs) to study boredom’s interplay with otherwise important learning outcomes (for a 

methods overview, see Usami et al., 2019). However, important subject specificities to 

classroom-based motivation and emotion (Goetz et al., 2010) are often neglected. Research 

on subject-specific boredom is mostly carried out for the mathematics domain, with other 

domains, such as verbal ones, being underrepresented. 

Different Forms of Academic Boredom 

The phenomenological nature of boredom as a psychological construct is unclear. 

Although boredom’s internal processes (e.g., negative affect, perception of time dilatation, 



ACADEMIC BOREDOM AND SELF-CONCEPT 26 

see Eastwood et al., 2012) and its functionality (i.e., signalling situational discomfort and 

motivating activity changes, see Elpidorou, 2021) have been established, there is a plurality 

of boredom conceptualizations in the contemporary educational literature. Whether boredom 

is a unitary or faceted emotion remains open to debate. In the following, we list a variety of 

approaches to different forms of boredom generated in educational research. 

Acee and colleagues (2010), as well as Daschmann et al. (2011), expanded upon the 

idea that boredom is elicited by nonoptimal subjective challenge (Csikszentmihalyi, 1975). 

Using confirmatory factor analyses, both teams provided psychometrical distinctions between 

boredom due to under- and overchallenge, captured in the Academic Boredom Scale (ABS; 

Acee et al., 2010), and the Precursors to Boredom Scales (PBS; Daschmann et al., 2011). 

Along a similar line of reasoning, Westgate and Wilson (2018) distinguish between two 

attentional subtypes of boredom in their meaning and attentional components (MAC) model: 

attentional boredom resulting from under- and overchallenge. Most recently, Feuchter and 

Preckel (2022b) featured a three-factor-model of boredom (3F-model), combining different 

short scale assessments. Herein, boredom intensity, measured by items from the Achievement 

Emotions Questionnaire (AEQ-M; Pekrun et al., 2005), and challenge-related boredom due to 

either under- or overchallenge are used as separate but correlated latent constructs. Preckel et 

al. (2010) used a similar threefold approach to different forms of boredom, analysing 

manifest scale data. All these models share the idea of separate, challenge-related forms of 

boredom (see also Goetz & Frenzel, 2010) but differ in factorial structure and domain 

specificity (Acee et al., 2010: one vs. two factors, depending on under- vs. overchallenge, 

analysed without separating domains; Daschmann et al., 2011: eight factors analysed for 

mathematics; Westgate & Wilson, 2018: theoretical distinction yet to be examined 

psychometrically; Feuchter & Preckel, 2022b: three subject-specific factors (mathematics vs. 

German)). 
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Interrelations of different forms of boredom are understudied overall, with verbal 

domains being neglected altogether. For mathematics and subject-unspecific assessments, 

general boredom has been found to be positively correlated with boredom due to 

underchallenge (r = .64, Acee et al., 2010; rMathematics = .10, Daschmann et al., 2011; .18 ≤ 

rMathematics ≤ .22, Preckel et al., 2010) and overchallenge (.45 ≤ r ≤ .48, Acee et al., 2010; 

rMathematics = .29, Daschmann et al., 2011; .17 ≤ rMathematics ≤ .43, Preckel et al., 2010), with 

both challenge-related forms being negatively correlated with each other for mathematics (-

.27 ≤ r ≤ -.35, Goetz & Frenzel, 2010; r = -.49, Daschmann et al., 2011; -.30 ≤ r ≤ -.55, 

Preckel et al., 2010). Findings for longitudinal relations of the different forms of boredom are 

lacking. 

Antecedents to Academic Boredom 

For the academic realm, Pekrun’s (2006, 2019) control-value theory (CVT) forms a 

prominent process model of achievement emotions such as academic boredom. In CVT, 

boredom is experienced on-task whenever success is deemed irrelevant (i.e., low subjective 

value) and either too easily (i.e., high subjective control) or too uncertainly achieved (i.e., low 

subjective control). As both extremes regarding subjective control are expected to promote 

boredom, different control-based forms of boredom become plausible (i.e., boredom due to 

underchallenge and boredom due to overchallenge). Empirically, academic boredom and 

subjective control predominantly showed negative correlations (e.g., Frenzel et al., 2007; 

Pekrun et al., 2010). Still, research relating different forms of boredom to subjective control 

is lacking, potentially neglecting boredom experiences reverting to perceptions of 

disproportionately high subjective control. 

Beyond control and value appraisals, academic boredom is distally affected by 

characteristics of the learning environment (e.g., monotony, Hill & Perkins, 1985; teaching 

characteristics, Goetz et al., 2020; teacher characteristics, Bieg et al., 2019) and by personal 
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characteristics (e.g., dispositional boredom, Farmer & Sundberg, 1986). Furthermore, 

situation and person characteristics interact as additional boredom antecedents in a person-

environment-fit sense (see Goetz et al., 2019). An established antecedent to boredom is a 

nonoptimal level of individual challenge (Raffaelli et al., 2018). Originally thought to be 

exclusive to underchallenging situations (Csikszentmihalyi, 1975), boredom has also been 

found to occur in overchallenging situations (Acee et al., 2010; Daschmann et al., 2011). 

Overall, evidence for differentiated challenge-related boredom experience has rarely been 

linked to its antecedents in past educational studies (e.g., Krannich et al., 2019). 

Academic Self-Concept and Boredom 

When discussing different forms of academic boredom in terms of differential 

subjective control, academic self-concept is an important variable to consider in educational 

settings. Academic self-concept refers to a person’s self-evaluation of one’s ability in general 

(e.g., “I am good at school”) or in a specific academic domain (e.g., “I am good at Math”) 

(Brunner et al., 2010). Academic self-concepts are relevant control appraisals (cf. Pekrun, 

2019) and have been used to operationalize subjective control in various studies (e.g., 

Boehme et al., 2017). Empirically, academic self-concepts have widely shown negative 

associations with generalized boredom measures in secondary school (e.g., Clem et al., 2021; 

Forsblom et al., 2021; Krannich et al., 2019; Preckel et al., 2010). Negative correlations were 

larger for mathematics than for verbal domains (rMathematics = -.23, rGerman = -.11, Krannich et 

al., 2019; -.17 ≤ rMathematics ≤-.30, -.11 ≤ rLiteracy ≤ -.20, Clem et al., 2021). Regarding 

challenge-related forms of boredom, Goetz and Frenzel (2010) found academic self-concept 

to positively predict boredom due to underchallenge (β = .58, r = .46) and negatively predict 

boredom due to overchallenge (β = -.71, r = -.60) in mathematics. Examining the inverse 

relation, Krannich et al. (2019) found perceptions of underchallenge to positively predict later 

boredom (βMathematics = .22, βGerman = .29) and self-concept (βMathematics = .20, βGerman = .22). 
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Being overchallenged, on the other hand, predicted self-concept negatively (βMathematics = -.56, 

βGerman = -.34) while predicting boredom positively (βMathematics = .37, βGerman = .29). More 

recent research, spanning several years of secondary education (grades 6-7, Clem et al., 2021; 

grades 5-10; Forsblom et al., 2021), featured reciprocal relations of subject-specific academic 

self-concepts and boredom. Both studies found academic self-concept to negatively predict 

later boredom for mathematics (-.08 ≤ β ≤ -.12, Clem et al., 2021; -.13 ≤ β ≤ -.14, Forsblom 

et al., 2021) but not for literacy. Conversely, boredom did not predict academic self-concept 

in either domain. Although implied by CVT, reciprocal effects of different forms of boredom 

and academic self-concept have not been examined domain-specifically. 

The Present Study 

In the present study, we explored reciprocal relations of different forms of subject-

specific academic boredom and academic self-concept over the course of early secondary 

education in a German high-track student sample (N = 1,432, grades 5-8). We contributed to 

the debate on different forms of academic boredom and their factorial structure by further 

examining the 3F-model. As domain-specific assessments of emotion and motivation 

constructs are often neglected or carried out solely for the mathematics domain, we sought to 

close this research gap by exploring reciprocal effects of boredom intensity, boredom due to 

underchallenge, boredom due to overchallenge, and academic self-concept for two scholarly 

subjects (i.e., mathematics and German). To our knowledge, no educational study of 

reciprocal causation has systematically and simultaneously featured different forms of 

boredom and their interplay. However, this constitutes an important construct validation 

attempt to different forms of academic boredom while considering their long-term 

development in secondary school. Including academic self-concept and examining relations 

to different forms of boredom further strengthens this validation effort while addressing the 

lack of research relating academic self-concept to different forms of boredom. 
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Succinctly stated, we tested the following assumptions: 

Hypothesis 1 (H1): Three forms of academic boredom, namely, boredom intensity 

(BO-I), boredom due to underchallenge (BO-U) and boredom due to overchallenge (BO-O), 

can be empirically separated. 

Hypothesis 2 (H2): Subject-specific BO-I, BO-U, and BO-O are cross-sectionally 

correlated with each other and with academic self-concept (for additional assumptions on 

expected effect sizes, see Table 2.1). 

Open Research Question 1 (RQ1): Do BO-I, BO-U, BO-O, and academic self-concept 

show reciprocal relations over time? 

 

Table 2.1 

Assumptions on Correlational Effect Sizes for Study Variables 

 
BO-I BO-U BO-O 

BO-U 
rMathematics ≥ .10, 

rGerman = ? 
  

BO-O 
rMathematics ≈ .30, 

rGerman = ?  

rMathematics > -.30, 

rGerman = ?  

 

ASC 
rMathematics > -.10a, 

rGerman > -.10  

rMathematics > .30, 

rGerman = ?  

rMathematics > -.50, 

rGerman = ?  

 

Note. Expectations derived from previous studies (Clem et al., 2021; Daschmann et al., 2011; 

Forsblom et al., 2021; Goetz & Frenzel, 2010; Krannich et al., 2019; Preckel et al., 2010). 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to 

overchallenge. ASC = academic self-concept. 

a Compared to verbal domains, effect sizes in mathematics are expected to be larger. 
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Method 

Data from this study were acquired in the AVG-project, a five-cohort longitudinal 

study conducted in 43 different classrooms of five high-track German secondary schools 

located in two federal states. The AVG-project was sanctioned by the Supervision and 

Services Directorate of Rhineland-Palatinate (Aufsichts- und Dienstleistungsdirektion) 

(protocol number:32-03 405/29/05). For this longitudinal study, we focused on the first half 

of secondary school (grades 5-8) and the subject domains of mathematics and German. Our 

research design had four waves of questionnaire measurement, two in 5th grade (T1, shortly 

after transitioning to secondary school; T2, after mid-term evaluations), one in 6th grade (T3, 

after mid-term evaluations), and one in 8th grade (T4, after mid-term evaluations). Successive 

cohorts were followed from the school-term of 2005/2006 onward. 

Participants 

Our sample comprised N = 1,432 students (n = 761 identified as male, n = 667 

identified as female, n = 4 without entry). Mean age in years was 10.24 (SD = 0.56 years) at 

T1, 10.54 (SD = 0.57) at T2, 11.56 (SD = 0.57) at T3, and 13.55 (SD = 0.57) at T4. Both 

parents’ highest educational degree was assessed to gauge socioeconomic status (sample 

statistics for mothers: 2.5% PhDs, 12.4% university graduates, 6.2% high-track secondary 

school graduates,10.3% high school graduates, 2.4% primary or middle school graduates, 

0.1% without degree, 66.1% without entry). Only 10.4% stated another first language than 

German (65.9%; 23.7% without entry), with an average time of 7.63 years (SD = 2.31 years) 

of speaking German prior to the start of our investigation. With German as the study 

language, we did not expect any comprehension problems. Participant recruitment was 

voluntary with parental consent acquired beforehand. 
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Variables and Measures 

We assessed three forms of academic boredom using 2-item short scales. In long-term 

assessments, short scales are frequently used because of economic reasons (i.e., limited 

testing time), and they have been proven viable alternatives to regular-sized scales 

considering construct representation for latent variables (Gogol et al., 2014). We measured 

boredom intensity (BO-I) with items from the Achievement Emotions Questionnaire – 

Mathematics (AEQ-M; Pekrun et al., 2005). We assessed boredom due to under- (BO-U) and 

overchallenge (BO-O) using self-designed items adapted from the PALMA-project (Pekrun 

et al., 2007). We assessed academic self-concept (ASC) by four items from the Self-

Description Questionnaire (SDQ-II, short version; Marsh, 1990). All study variables were 

assessed separately for mathematics and German, with varied item wording in representation 

of domain-specific construct properties (Frenzel et al., 2007; Goetz et al., 2010). All self-

report items were Likert-type, ranging from 1 (strongly disagree) to 5 (strongly agree). For 

descriptive information on all study variables, including item wording, see Table 2.2.
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Table 2.2 

Manifest Scale Descriptives and Reliabilities 

   Descriptivesa  Reliabilitiesb 

Variable / 

Scale 

Number of 

items 

 

n 

% 

Missing Min Max M SEMean SD Var Skewness SESkewness Kurtosis SEKurtosis 

 

n 

% 

Missing 

Spearman-

Brown ρ 

Cronbach’s 

α 

Mathematics 

T1                    

BO-I 2  1,022 28.6 1 5 1.75 0.03 0.93 0.86 1.40 0.08 1.58 0.15  1,005 29.8 .70 - 

BO-U 2  1,025 28.4 1 5 2.02 0.03 0.99 0.98 0.90 0.08 0.26 0.15  999 30.2 .70 - 

BO-O 2  1,020 28.8 1 5 1.66 0.03 0.89 0.79 1.56 0.08 2.36 0.15  1,008 29.6 .77 - 

ASC 4  1,025 28.4 1 5 3.93 0.03 0.88 0.77 -0.64 0.08 -0.07 0.15  963 32.8 - .88 

T2                    

BO-I 2  1,029 28.1 1 5 1.83 0.03 0.98 0.95 1.31 0.08 1.27 0.15  1,014 29.2 .73 - 

BO-U 2  1,031 28.0 1 5 2.08 0.03 0.98 0.97 0.90 0.08 0.39 0.15  1,019 28.8 .69 - 

BO-O 2  1,027 28.3 1 5 1.78 0.03 0.93 0.87 1.18 0.08 0.77 0.15  1,009 29.5 .75 - 

ASC 4  1,033 27.9 1 5 3.76 0.03 0.97 0.93 -0.44 0.08 -0.65 0.15  998 30.3 - .88 

T3                    

BO-I 2  1,000 30.2 1 5 2.08 0.04 1.13 1.27 0.98 0.08 0.11 0.15  985 31.2 .79 - 

BO-U 2  997 30.4 1 5 2.07 0.03 0.99 0.99 0.98 0.08 0.64 0.15  984 31.3 .72 - 

BO-O 2  996 30.4 1 5 1.96 0.03 1.02 1.03 0.96 0.08 0.17 0.15  985 31.2 .79 - 

ASC 4  1,001 30.1 1 5 3.47 0.03 1.08 1.17 -0.21 0.08 -0.89 0.15  967 32.5 - .90 

T4                    

BO-I 2  986 31.1 1 5 2.55 0.04 1.13 1.27 0.48 0.08 -0.54 0.16  963 32.8 .76 - 

BO-U 2  975 31.9 1 5 2.25 0.03 1.05 1.10 0.80 0.08 0.08 0.16  963 32.8 .74 - 

BO-O 2  979 31.6 1 5 2.32 0.04 1.18 1.39 0.65 0.08 -0.54 0.16  968 32.4 .82 - 

ASC 4  986 31.1 1 5 3.19 0.04 1.13 1.28 -0.06 0.08 -0.94 0.16  944 34.1 - .90 
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German 

T1                    

BO-I 2  1,019 28.8 1 5 1.81 0.03 0.94 0.89 1.29 0.08 1.33 0.15  1,006 29.7 .77 - 

BO-U 2  1,019 28.8 1 5 2.00 0.03 0.98 0.97 0.85 0.08 0.14 0.15  1,005 29.8 .74 - 

BO-O 2  1,018 28.9 1 5 1.61 0.03 0.86 0.73 1.68 0.08 2.91 0.15  1,008 29.6 .79 - 

ASC 4  1,021 28.7 1 5 3.77 0.03 0.88 0.78 -0.38 0.08 -0.40 0.15  986 31.1 - .88 

T2                    

BO-I 2  1,027 28.3 1 5 1.96 0.03 1.02 1.05 1.12 0.08 0.77 0.15  1,007 29.7 .76 - 

BO-U 2  1,024 28.5 1 5 2.05 0.03 0.99 0.98 0.85 0.08 0.30 0.15  1,011 29.4 .72 - 

BO-O 2  1,022 28.6 1 5 1.71 0.03 0.93 0.87 1.35 0.08 1.36 0.15  1,007 29.7 .84 - 

ASC 4  1,029 28.1 1 5 3.59 0.03 0.93 0.86 -0.26 0.08 -0.46 0.15  991 30.8 - .87 

T3                    

BO-I 2  994 30.6 1 5 2.25 0.04 1.12 1.25 0.76 0.08 -0.22 0.15  981 31.5 .82 - 

BO-U 2  993 30.7 1 5 2.24 0.03 1.01 1.01 0.62 0.08 -0.15 0.16  965 32.6 .70 - 

BO-O 2  988 31.0 1 5 1.77 0.03 0.89 0.79 1.17 0.08 0.97 0.16  975 31.9 .76 - 

ASC 4  995 30.5 1 5 3.44 0.03 0.96 0.92 -0.08 0.08 -0.62 0.16  956 33.2 - .88 

T4                    

BO-I 2  976 31.8 1 5 2.45 0.04 1.14 1.29 0.54 0.08 -0.48 0.16  960 33.0 .82 - 

BO-U 2  967 32.5 1 5 2.38 0.03 0.99 0.98 0.52 0.08 -0.23 0.16  952 33.5 .75 - 

BO-O 2  965 32.6 1 5 1.76 0.03 0.87 0.75 1.28 0.08 1.61 0.16  959 33.0 .73 - 

ASC 4  977 31.8 1 5 3.40 0.03 0.97 0.94 -0.14 0.08 -0.60 0.16  948 33.8 - .88 

                    

Note: Manifest scale raw data as item means. Descriptive statistics computed in SPSS Statistics 29 (IBM Corporation, 2022) with missing values 

either based on pairwise (a) or listwise deletion (b). Item responses took values from 1(strongly disagree) to 5 (strongly agree). Item wordings 

were altered depending on subject domain: 

BO-I: I find [mathematics / German] to be boring (Item 1). I find it hard to stay awake during [mathematics / German] class out of sheer 

boredom (Item 2). 
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BO-U: When I’m bored in [mathematics / German] class, this is because the subject matter is so easy (Item 1). When I’m bored in [mathematics 

/ German] class, this is because the teacher goes on about trivial points (Item 2). 

BO-O: When I’m bored in [mathematics / German] class, this is because I cannot follow the teacher (Item 1). When I’m bored in [mathematics / 

German] class, this is because the [mathematics / German] subject matter is too difficult for me (Item 2). 

ASC: I get good grades in [mathematics / German]. (Item 1). [Mathematics / German] is one of my best subjects (Item 2). I’ve always been good 

at [mathematics / German] (Item 3). In [mathematics / German] I learn fast (Item 4). 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. ASC = academic self-concept. 
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Methods of Analysis 

Confirmatory Factor Analyses 

We conducted subject-specific confirmatory factor analyses (CFAs) for the 3F-model 

of boredom (Feuchter & Preckel, 2022b) and ASC at T1-T4. Analyses were conducted in 

Mplus version 8.4 (Muthén & Muthén, 1998-2019) using the MLR estimator and the “type is 

complex”- and FIML options to account for nonnormality, nestedness, and missingness in our 

raw data. We used the effects coding method of model identification (Little et al., 2006) to 

obtain a comparable metric for latent variables and manifest scales. We evaluated model fit in 

reference to Hu and Bentler (1999), i.e., a given model fits the data well if CFI ≥ .95, 

RMSEA < .06, SRMR < .08. Additionally, we calculated McDonald’s ω (McDonald, 1999) 

as a marker of factor reliability. We compared CFA fit indexes for the 3F-model of boredom 

to a one-factor-model (1F-model, cf. H1). Comparative model fit was evaluated based on 

∆CFI and ∆BIC, with higher CFI values and lower BIC values indicating superior fit for 

either modeling variant. 

Correlations and Reciprocal Relations 

Measurement Invariance Testing. Building on single-wave CFAs, we tested for 

measurement invariance over time in the 3F-model of boredom and in ASC, employing a 

step-up approach up to a level of strict invariance (Brown, 2015). Repeated item residuals 

were correlated over all waves of measurements to account for method variance in item 

indicators (i.e., correlated uniqueness, Geiser, 2011). We evaluated the apex level of 

invariance according to Chen (2007), with ΔCFI < .01 as the superordinate criterion for 

adequate invariance at a higher adjacent level. Subsequent analyses were conducted based on 

the highest level of measurement invariance for our study constructs to maximize statistical 

interpretations (Kleinke et al., 2017). 



ACADEMIC BOREDOM AND SELF-CONCEPT 37 

Reciprocal Effects Models (REMs). We computed subject-specific REMs (more 

specifically: factor cross-lagged panel models, Usami et al., 2019), spanning T1-T4. First, we 

estimated REMs based on the 3F-model of boredom (3-Variable-REMs). Second, we 

estimated REMs including three forms of boredom and ASC (4-Variable-REMs). Invariance 

constraints and correlated uniqueness were carried over from previous analyses and 

supplemented by autoregressive and cross-lagged relations for BO-I, BO-U, BO-O, and ASC. 

Correlations. We extracted latent correlation matrices from 4-Variable-REMs of 

boredom and ASC to address correlational patterns (cf. H2). Latent correlational effect sizes 

were interpreted due to criteria by Gignac and Szodorai (2016; ρ ≥ .15 = small, ρ ≥ .25 = 

moderate, ρ ≥ .35 = large). 

Cross-lagged Relations. Given good model fit (Hu & Bentler, 1999), significant (i.e., 

p < .05) cross-lagged paths in 3- and 4-Variable REMs were compared (cf. RQ 1). Path 

coefficient effect size was evaluated by Keith’s (2019) criteria (β < .10 = small, β ≤ .25 = 

moderate, β > .25 = large). 

Results 

CFA 

CFAs revealed good model fit for the 3F-model of boredom in German at each wave 

of measurement (i.e., CFI ≥ .95, RMSEA < .06, SRMR < .08, Hu & Bentler, 1999). The 

mathematics model also showed good approximation of the data at T1 and T2. At T3, the CFI 

indicated good model fit but the RMSEA statistic indicated a bad model fit (.084), just shy of 

an acceptable one (i.e., ≤ .08, Moosbrugger & Schermelleh-Engel, 2012). At T4, both CFI 

(.892) and RMSEA (.148) indicated inadequate data approximation. CFAs for ASC showed 

good model fits, except for the German scale at T2 and the mathematics scale at T4, both 

yielding acceptable fit by RMSEA (≤ .079). 
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The 1F-model lacked approximation of the underlying data for both subjects and at 

each wave of measurement (i.e., CFI ≤ .723, RMSEA ≥ .16, SRMR ≥ .10). For all wave-

specific model comparisons, the 3F-model outperformed the 1F-model regarding CFI- and 

BIC values. See Table 2.3 for details.
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Table 2.3 

Fit Indexes and Factor Reliabilities for CFAs of Study Variables (T1-T4) 

 Model Fit Reliability 3F vs 1F 

Model n 2 df SCF CFI RMSEA SRMR BIC ω ∆CFI ∆BIC 

 T1   

Mathematics            

3F-model of boredom 1,025 11.290 6 1.6127 .994 .029 [.000-.055] .016 16,258.295 .703 (BO-I) / .703 (BO-U) / .770 (BO-O)   

1F-model of boredom 1,025 284.020*** 9 1.8765 .690 .173 [.156-.190] .114 16,761.771 .728 -.304 503.476 

ASC 1,025 2.759 2 1.4512 .999 .019 [.000-.068] .006 9,618.219 .877   

German            

3F-model of boredom 1,021 11.731 6 2.0503 .994 .031 [.000-.056] .014 15,501.447 .779 (BO-I) / .744 (BO-U) / .787 (BO-O)   

1F-model of boredom 1,021 252.642*** 9 2.1068 .723 .163 [.146-.180] .097 15,998.430 .796 -.271 496.983 

ASC 1,021 1.985 2 2.5274 1.000 .000 [.000-.062] .006 9,391.282 .887   

 T2   

Mathematics            

3F-model of boredom 1,033 50.171*** 6 1.4091 .961 .084 [.064-.107] .034 16,774.529 .740 (BO-I) / .695 (BO-U) / .756 (BO-O)   

1F-model of boredom 1,033 372.603*** 9 1.4801 .677 .198 [.181-.215] .111 17,244.039 .739 -.284 469.510 

ASC 1,033 0.879 2 1.8890 1.000 .000 [.000-.048] .004 10,318.190 .884   

German            

3F-model of boredom 1,029 2.566 6 2.1646 1.000 .000 [.000-.022] .007 16,095.792 .767 (BO-I) / .723 (BO-U) / .840 (BO-O)   

1F-model of boredom 1,029 309.244*** 9 2.1004 .667 .180 [.163-.198] .104 16,728.496 .800 -.333 632.704 

ASC 1,029 14.205*** 2 1.0238 .989 .077 [.043-.117] .012 10,283.646 .871   

 T3   

Mathematics            

3F-model of boredom 1,001 60.467*** 6 1.3330 .961 .095 [0.74-.118] .050 16,877.290 .807 (BO-I) / .727 (BO-U) / .791 (BO-O)   

1F-model of boredom 1,001 738.141*** 9 1.1508 .479 .284 [.267-.302] .150 17,634.965 .700 -.482 757.675 

ASC 1,001 3.489 2 1.9648 .999 .027 [.000-.074] .007 10,544.030 .898   

German            

3F-model of boredom 996 3.654 6 1.8285 1.000 .000 [.000-.030] .013 16,179.632 .818 (BO-I) / .715 (BO-U) / .780 (BO-O)   
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1F-model of boredom 996 287.977*** 9 1.9795 .712 .176 [.159-.194] .117 16,731.831 .741 -.288 552.199 

ASC 995 0.880 2 1.6168 1.000 .000 [.000-.049] .004 10,105.439 .877   

 T4   

Mathematics            

3F-model of boredom 987 136.164*** 6 0.8605 .892 .148 [.127-.170] .059 17,168.885 .770 (BO-I) / .749 (BO-U) / .825 (BO-O)   

1F-model of boredom 987 670.064*** 9 1.2162 .451 .273 [.255-.291] .149 17,855.486 .689 -.441 686.601 

ASC 986 14.266*** 2 1.4521 .992 .079 [.044-.120] .013 10,501.115 .903   

German            

3F-model of boredom 977 22.384** 6 1.2988 .986 .053 [.031-.077] .025 15,859.787 .819 (BO-I) / .755 (BO-U) / .734 (BO-O)   

1F-model of boredom 977 616.505*** 9 1.0708 .486 .263 [.245-.281] .129 16,479.731 .709 -.500 619.944 

ASC 977 5.867 2 1.0888 .996 .044 [.000-.088] .008 9,959.006 .877   

            

Note. ** p < .01. *** p < .001. SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 90%-CI for RMSEA 

in brackets. Sample-size adjusted BIC. McDonald’s ω calculated as 
( ∑ λij)²

p
i=1

( ∑ λij)²+ ∑ ei
p

i=1

p

i=1

, where λij is the standardized factor loading of item i on factor 

j, and eij is the standardized item residual for item i regarding factor j (Brunner et al., 2012; McDonald, 1999). BO-I = boredom intensity. BO-U 

= boredom due to underchallenge. BO-O = boredom due to overchallenge. ASC = academic self-concept.



ACADEMIC BOREDOM AND SELF-CONCEPT 

 41 

Measurement Invariance Testing 

Both the 3F-model of boredom and ASC fulfilled measurement invariance 

prerequisites over time for both mathematics and German. At each level, configural, metric, 

scalar, and strict individual model fit indexes aligned with Hu and Bentler’s (1999) criteria. 

Furthermore, comparing models of adjacent measurement invariance did not lead to a critical 

reduction in model fit (i.e., ∆|CFI| > .01, Chen, 2007). Therefore, we assumed a level of strict 

measurement invariance over time for subject-specific measurement models of academic 

boredom and ASC (see Table 2.4).
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Table 2.4 

Fit Indexes for Measurement Invariance- and Reciprocal Effects Models for 3 Forms of Academic Boredom 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

Mathematics (n = 1,421) 

Measurement Invariance Over Time             

3F-model, configural 355.155*** 150 1.2125 .969 .031 [.027-.035] .041       

3F-model, metric 375.016*** 159 1.2242 .967 .031 [.027-.035] .043 configural vs. metric 20.110* 9 -.002 .000 +.002 

3F-model, scalar 404.177*** 168 1.2278 .964 .031 [.028-.035] .043 metric vs. scalar 29.161*** 9 -.003 .000 .000 

3F-model, strict 417.208*** 186 1.3151 .965 .030 [.026-.033] .043 scalar vs. strict 24.612 18 +.001 -.001 .000 

ASC, configural (n = 1,420) 219.844*** 74 1.2433 .981 .037 [.032-.043] .046       

ASC, metric (n = 1,420) 246.335*** 83 1.2348 .979 .037 [.032-.043] .053 configural vs. metric 26.476** 9 -.002 .000 +.007 

ASC, scalar (n = 1,420) 262.876*** 92 1.2240 .978 .036 [.031-.041] .056 metric vs. scalar 15.640 9 -.001 -.001 +.003 

ASC, strict (n = 1,420) 310.848*** 104 1.3009 .973 .037 [.033- 042] .063 scalar vs. strict 43.705*** 12 -.005 +.001 +.007 

Reciprocal Effects Model             

3-Variable-REM 463.111*** 213 1.2969 .962 .029 [.025-.032] .049       

4-Variable-REM 1,471.343*** 674 1.2111 .953 .029 [.027-.031] .058       

German (n = 1,417) 

Measurement Invariance Over Time             

3F-model, configural 189.964* 150 1.2797 .994 .014 [.006-.019] .025       

3F-model, metric 197.622* 159 1.2992 .994 .013 [.006-.019] .026 configural vs. metric 8.406 9 .000 -.001 +.001 

3F-model, scalar 213.342* 168 1.3009 .993 .014 [.007-.019] .026 metric vs. scalar 15.618 9 -.001 +.001 .000 

3F-model, strict 255.756*** 186 1.4025 .989 .016 [.011-.021] .028 scalar vs. strict 29.520* 18 -.004 +.002 +.002 

ASC, configural 133.430*** 74 1.2140 .991 .024 [.017-.030] .033       

ASC, metric 150.356*** 83 1.1909 .990 .024 [.018-.030] .038 configural vs. metric 17.059* 9 -.001 .000 +.005 

ASC, scalar 181.430*** 92 1.1786 .987 .026 [.021-.032] .040 metric vs. scalar 32.647*** 9 -.003 +.002 +.002 

ASC, strict 246.094*** 104 1.2756 .979 .031 [.026-.036] .051 scalar vs strict 49.565*** 12 -.008 +.004 +.009 

Reciprocal Effects Model             

3-Variable REM 314.900*** 213 1.3795 .984 .018 [.014-.023] .041       
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4-Variable REM 1,216.369*** 674 1.2754 .963 .024 [.022-.026] .051       

             

Note. * p < .05. ** p < .01. *** p < .001. SCF = Scaling correction factor for MLR estimator in Mplus. 90%-CI for RMSEA are provided in 

brackets. Additional Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR and are reported for reasons of 

transparency. 
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Correlations 

Mathematics Results 

All latent cross-sectional correlations, except for rBO-U,BO-O (T3) and rBO-I,BO-U (T4), 

were statistically significant (see Table 2.5). rBO-I,BO-U showed a large effect size in grade 5 

before strongly decreasing over the course of the study to a small nonsignificant effect in 

grade 8 (.80/.73/.45/.09). rBO-I,BO-O increased over time, moving from an expected effect size 

near .30 to larger ones at T2-4 (.38/.45/.45/.56). rBO-U,BO-O was unexpectedly small and 

positive in grade 5 before moving through an insignificant to an expected negative correlation 

of large size at T4 (.18/.19/-.06/-.35). rASC,BO-I was negative and large and increased in size 

between grades 6 and 8 (-.35/-.36/-.38/-.54). rASC,BO-U was positive and increased from small 

to large over the course of the investigation (.10/.11/.34/.61). rASC,BO-O was expectedly 

negative and large in size (-.45/-.54/-.58/-.70). 

German Results 

All latent cross-sectional correlations, except for rASC,BO-U (T2) and rBO-U,BO-O (T4), 

reached statistical significance (see Table 2.5). rBO-I,BO-U showed a large positive effect, which 

decreased throughout the investigation (.83/.80/.67/.45). Large effect sizes for rBO-I,BO-O did 

not show much variation throughout our investigation period (.44/.50/.37/.46). rBO-U,BO-O 

continuously decreased from large to small, showing an insignificant correlation in grade 8 

(.43/.40/.15/.08). rASC,BO-I was expectedly negative and of large size at all waves of 

measurement (-.41/-.36/-.38/-.48). Interestingly, effect sizes were comparable across both 

domains (cf. Table 2.1). rASC,BO-U was small and negative in grade 5 before shifting to small 

positive correlations in grades 6 and 8 (-.11/-.04/.12/.12). rASC,BO-O showed all-increasing 

large negative effect sizes (-.38/-.41/-.49/-.52).



ACADEMIC BOREDOM AND SELF-CONCEPT  45 

Table 2.5 

Latent Cross-sectional Correlations 

 BO-I BO-U BO-O 

 T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4 

 Mathematics 

BO-U .80 .73 .45 .09n.s.         

BO-O .37 .45 .45 .56 .18 .19 -.05n.s. -.35     

ASC -.35 -.36 -.38 -.54 .10 .11 .34 .61 -.45 -.54 -.58 -.70 

 German 

BO-U .83 .80 .67 .45         

BO-O .44 .50 .37 .46 .43 .40 .15 .08n.s.     

ASC -.41 -.38 -.38 -.48 -.11 -.04n.s. .12 .12 -.38 -.41 -.49 -.52 

 

Note. Taken from 4-Variable REMs. Green cells indicate correlations in expected direction, with hue indicating effect size (small vs. moderate 

vs. large). Red cells indicate (small) correlations in unexpected direction. Grey cells indicate nonsignificant correlations. For remaining cells, no 

effect size assumptions applied. 
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For a complete table of manifest and latent correlations for all study variables, see 

Table A2.1 of the Appendix. 

Reciprocal Relations 

The 3- and 4-Variable-REMs approximated the data well for both subject domains 

(see Table 2.4). 

Mathematics Results 

We found significant autoregressive paths within the mathematics 3-Variable-REM 

for all forms of academic boredom. BO-I in grade 6 negatively predicted BO-U in grade 8 (β 

= -.21, moderate effect). No other cross-lagged paths for academic boredom reached 

statistical significance. 

Including ASC in 4-Variable REMs resulted in insignificant autoregressive paths for 

BO-I. Regarding cross-lagged paths, previous ASC predicted BO-U in grade 6 (β = .20), as 

well as BO-I (β = -.33, large effect) and BO-O in grade 8 (β = -.40). Additionally, BO-I in 

grade 6 no longer significantly predicted BO-U in grade 8. Instead, BO-I in grade 6 

negatively predicted BO-O (β = -.20) in grade 8. No other cross-lagged paths reached 

statistical significance (see Figure 2.1).
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Figure 2.1 

Significant Standardized Path Coefficients from 3- (A) and 4-Variable-REMs (B) in Mathematics 

A B 
 

 
 

 

Note. Circle fillings indicate explained variance in endogenous variables (R²). BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = 

boredom due to overchallenge. ASC = academic self-concept.
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German Results 

We found significant autoregressive paths within the German 3-Variable-REM for all 

forms of academic boredom. BO-O in grade 5 positively predicted later BO-I in both grade 5 

(β = .12, moderate effect) and 6 (β = .14). No other cross-lagged paths for academic boredom 

reached statistical significance. 

Including ASC in 4-Variable-REMs returned all-significant autoregressive paths, 

except for BO-I from grades 5 to 6. In addition, two cross-lagged paths reached statistical 

significance. BO-U positively predicted BO-I at mid-term evaluations (β = .32, large effect) 

in grade 5. Covering the same time span, ASC negatively predicted later BO-O (β = -.13). 

BO-O no longer predicted subsequent BO-I at early waves of measurement (see Figure 2.2).
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Figure 2.2 

Significant Standardized Path Coefficients from 3- (A) and 4-Variable-REMs (B) in German 

A B 
 

 
 

 

Note. Circle fillings indicate explained variance in endogenous variables (R²). BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = 

boredom due to overchallenge. ASC = academic self-concept. 
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For a complete list of correlation and path coefficient estimates from 3- and 4-

Variable REMs, including standard errors, see Table A2.2 of the Appendix. 

Discussion 

The present study provided results strengthening a three-factor-structure for academic 

boredom, separating intensity from under- and overchallenge aspects. We also explored 

cross-sectional relations between boredom and academic self-concept, and their common 

development over the first half of secondary education in German high-track schools. We 

found limited evidence for reciprocal relations over time but clear indications of 

developmental changes in construct interplay bearing subject-specific tendencies. 

Boredom as a Many-faceted Emotion 

In the one vs. many boredom(s)-debate, results from this study add to a many 

boredoms-perspective. Our 3F-model showed superior factorial validity to a 1F-model across 

our investigation. Findings generalized over subject domains. Our results showed that 

different forms of academic boredom can be separated by CFA methodology. Functional 

accounts argue in favor of unitary conceptualizations of boredom (e.g., Elpidorou, 2021). 

This view is limited to boredom’s motivational component (i.e., motivating change in activity 

by signaling situational discomfort) and neglects important variation in cognitive 

components, such as appraisals or attributions (Scherer, 2009). In challenge-driven academic 

contexts, reasons for experiencing boredom form important, distinguishable latent factors 

(Acee et al., 2010; Daschmann et al., 2011). 

Moreover, we provided correlational evidence on the 3F-model’s congruent and 

discriminant validity regarding academic self-concept. Boredom intensity and ASC were 

negatively correlated in both subjects (Clem et al., 2021; Krannich et al., 2019). Boredom due 

to underchallenge correlated positively with ASC in mathematics (Goetz & Frenzel, 2010; 

Preckel et al., 2010) but negatively with boredom due to underchallenge in German in grade 
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5. Boredom due to overchallenge and ASC were consistently and negatively correlated in 

both subjects. Interestingly, all boredom-ASC-correlations increased in absolute size over the 

course of our study, indicating that self-concept appraisals move closer to boredom constructs 

in a nomological sense as secondary school progresses. Future work should explore these 

correlational tendencies further, including older age groups. 

Considering the interrelations of different forms of boredom, we found subject 

specificities in our data. The most pressing changes in correlational patterns considered 

boredom due to under- and overchallenge. For mathematics, an expected negative correlation 

was only evident in grade 8 (Daschmann et al., 2011; Goetz & Frenzel, 2010). In grade 5, 

BO-U and BO-O were positively correlated. We argue that this is due to students 

continuously acquiring meta-emotional competencies (Frenzel & Stephens, 2013) in early 

secondary school. Consequently, they can accurately distinguish between under- and 

overchallenging situations by grade 8. For German, this proposed process appears to move at 

a slower pace as BO-U-BO-O-correlations were consistently positive throughout our 

investigation. However, they decreased in size, with T4 only showing an insignificant 

association. For both subjects, BO-U-BO-O-correlations did not differ in 3- and 4-Variable-

REMs (cf. Table A2.2 of the Appendix), indicating that under- and overchallenge 

differentiation occurs independently of ASC development. Taken together, older students 

were more likely to report being bored due to either under- or overchallenge, while younger 

students reported being bored due to both forms of suboptimal challenge. 

No Reciprocities Between Boredom and Academic Self-concepts 

Although we found predictive paths between boredom and academic self-concept 

constructs within REMs for both domains, no form of academic boredom showed reciprocal 

effects with ASC. For mathematics, we found cross-lagged effects for ASC predicting 

different forms of boredom between grades 6 and 8. For German, ASC only predicted later 
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boredom due to overchallenge from early to mid-5th grade. Taken together, reciprocal 

relations only showed sporadic patterns of statistical significance, limiting interpretations. 

Interestingly, the inclusion of ASC-predictions in REMs led to decreased stability in boredom 

intensity, particularly during periods, in which ASC predicted boredom. This could speak to 

boredom intensity development being overpowered by self-concept predictions, stressing 

ASC’s role as protective factor to boredom experiences (Pekrun et al., 2010). Conversely, 

and despite high cross-sectional correlations, ASC appears to be unaffected by boredom. This 

finding could speak to a diminished severity of boredom regarding self-evaluative aspects of 

subjective control. Comparable to our results, previous studies found one-sided ASC-on-

boredom-effects over time (Clem et al., 2021; Forsblom et al., 2021). Clem et al. (2021), for 

instance, suggested disengagement from scholar learning in response to boredom to hinder 

change in ASC due to a lack of self-evaluation. Overall, our results oppose the notion of 

reciprocal relations between boredom and ASC, as also proposed by CVT’s feedback loops 

(Pekrun, 2019). 

Limitations 

Besides our large student sample (N = 1,432) and long investigation period (grades 5-

8), generalizability of our results is limited. Participants only represent a select portion of 

German secondary education, namely, high-track schools from two out of 16 federal states. 

From a methodological standpoint, using 2-item short scales for different forms of 

academic boredom is not ideal. Despite this limitation, the 3F-model of boredom showed 

strict measurement invariance over time and returned good model fits for REMs. In addition, 

we measured boredom subject-specifically to provide cross-domain comparisons that are 

often neglected in educational research. 
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In addition, this study focused on control appraisals included in CVT and did not 

include value appraisals. This limits theoretical implications regarding antecedents to 

boredom as proposed by CVT (Pekrun, 2006). 

Regarding results for the mathematics domain, interpretations are limited regarding 

T4 because of nonoptimal model fit for the 3F-model in CFAs. Still, model fit for the 3F-

model far surpassed that of the competing 1F-model. Furthermore, all longitudinal analyses 

using the 3F-model returned good model fits for both subject domains. 

Future Directions 

Results presented here were derived from analyses with underlying linearity 

assumptions for investigated correlational variable interplay. In various theoretical accounts, 

however, curvilinear relations of subjective control and boredom have been proposed 

(Csikszentmihalyi, 1975; Pekrun et al., 2010; Raffaelli et al., 2018). Subjective control and 

boredom can hence be assumed to show a U-shaped relation with lowest experiences of 

boredom for tasks that are experienced as neither too easy nor too difficult (i.e., U’s bottom 

stretch). Under- and overchallenge would accordingly be associated with high boredom (i.e., 

U’s right or left “legs”). Westgate and Wilson (2018) provide evidence for a U-shaped 

relation between boredom and perceived task difficulty. However, they did not use domain-

specific assessments of boredom, and their study was not conducted in an educational setting. 

Available findings from educational settings point to linear relations between boredom and 

control (Pekrun et al., 2010). A possible reason for this is that classrooms constitute 

constrained environments in which few students perceive themselves as being highly in 

control. Future studies should explore linearity in boredom-control-relations (e.g., by locally 

weighted scatter plot smoothers, see Cleveland et al., 1992) and employ nonlinear analytical 

methodology (e.g., by exponential transformation of monotonous curvilinear correlations, see 

Tukey, 1977), if required. 
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This work showed the separability of different forms of academic boredom by factor 

analytical methodology. In addition to such factorial distinctions, future research should also 

address profile distinctions. Goetz et al. (2014), for instance, found five different types of 

boredom (indifferent boredom, calibrating boredom, searching boredom, reactant boredom, 

and apathetic boredom) using latent profile analysis on experience sampling data. Nett et al. 

(2011) found different boredom coping profiles (reappraisers vs. criticizers vs. evaders), 

focusing on response mechanisms to boredom experiences. These accounts are promising 

alternatives to CFA-based distinctions that merit further investigation and could provide 

important insights in search of adequate academic boredom interventions. 

Implications for Research and Practice 

The present study’s results show that different forms of academic boredom should be 

considered in future theorizing. In CVT’s latest iteration (Pekrun et al., 2023), activity 

emotions, such as boredom, are suggested to also have prospective and retrospective 

equivalents. Along this line, our study proposes boredom due to under- and overchallenge as 

relevant retrospective forms of activity boredom. Besides, subject specificities need further 

consideration regarding boredom development. Furthermore, developmental stage needs 

consideration, as differentiation between different forms of boredom increased with age. 

As a practical implication, results from educational studies should, in general, be 

made available to educational practitioners. More specifically, subject-specific emotional 

development should be taught at school so that both learners and teachers can build on shared 

knowledge on psychological dynamics within their classroom. Teachers, for example, should 

be aware that attributions of one’s own boredom to differential subjective control or 

challenge are not adequately developed in students in early secondary school. As students get 

older, however, classrooms may profit from repeated control ratings by students to 

approximate an optimal difficulty that keeps experiences of under- and overchallenge in 
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balance. In giftedness research, for instance, underchallenge has often been identified as a 

source of boredom and underachievement in high-ability students (Feldhusen & Kroll, 1991; 

Obergriesser & Stoeger, 2015). It is important to note, however, that ability grouping as a 

classroom composition intervention, has not been found to be effective in reducing boredom 

due to underchallenge over time (Feuchter & Preckel, 2022b). Instead, nonoptimal individual 

challenge or control perceptions could be tackled by promoting intraindividual performance 

feedback and offering difficulty choices inside the same classroom. “Leveling up” through 

various difficulty stages will, in our opinion, concurrently promote individual ability self-

concepts, enhance flow experiences, boost enjoyment, and reduce boredom at school. 
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Reducing Boredom in Gifted Education – Evaluating the Effects of Full-time Ability 
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Markus D. Feuchter and Franzis Preckel 
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Abstract 

Ability grouping provides an advanced learning environment for gifted students, 

possibly buffering them from common long-term increases in academic boredom. We present 

a 3.5-year longitudinal investigation, spanning four waves of measurement (T1-T4), featuring 

secondary school students (grades 5 through 8) from five different German schools with full-

time ability grouping (N = 1,861, 55.4% male). We used propensity score matching and latent 

growth curve modeling to determine the effects of class type on three types of boredom 

(intensity of boredom, boredom due to underchallenge, boredom due to overchallenge) in two 

subject domains (mathematics and German). We separated the effects of intervention 

effectiveness and efficacy, analysing full and matched sample data. All types of boredom 

increased over time in both subjects. Ability grouping significantly reduced the intensity of 

boredom in mathematics in special classes for the gifted (βeffectiveness = -.158, βefficacy = -.206) 

but had no further effects on the development of subject-specific academic boredom.

 
4 Chapter 3 is the republished accepted version of an article published in the Journal of Educational 

Psychology. Permission by the American Psychological Association was obtained on 08/17/2023 (see Appendix 

5). 
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Educational Impact and Implications Statement 

This 3.5-year study examines the development of boredom in mathematics and 

German in Grade 5 to 8 in secondary school students. Students either attended regular classes 

or special classes for the gifted (i.e., full-time ability grouping). Comparing boredom 

development across class types, we found only limited evidence for benefits of special classes 

for the gifted regarding the development of boredom. Rather, boredom increased in both class 

types over time. Despite other favorable effects of special classes for the gifted, tackling 

boredom does not seem to be one of them. Direct boredom prevention deserves increased 

attention throughout secondary school independent of class-type. 
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Reducing Boredom in Gifted Education – Evaluating the Effects of Full-time Ability 

Grouping 

Grouping high ability students into special classrooms has been discussed as a 

means to prevent underchallenge and boredom in intellectually gifted populations (Bar-On, 

2007; Plucker et al., 2004). Intellectual giftedness is often assumed to be associated with 

increased boredom in regular classrooms (boredom hypothesis, see Feldhusen & Kroll, 

1991). As the boredom hypothesis is highly accepted in practice, ability grouping into 

special classrooms is often advocated as one solution to prevent boredom because it leads to 

a more adequate learning environment for high ability students (e.g., Little, 2012; Rogers, 

2007). However, very few studies have put this assumption under scrutiny, and those that 

did returned mixed results (e.g., Gjesme, 1977; Larson & Richards, 1991; Preckel et al., 

2010). 

Available findings on the boredom hypothesis and the effects of high ability 

grouping are scarce and point to limited effects of ability-grouped classes (Hornstra et al., 

2017; Preckel et al., 2010). Past results remain inconclusive, however, as no study we know 

of provided a systematic and convincing framework to test the boredom hypothesis and its 

implications for successful boredom prevention. Requirements of such a study include: (a) a 

longitudinal design spanning several years that would allow the investigation of long-term 

effects of ability grouping, (b) an adequate control group with comparable demographic, 

cognitive, and affective-motivational properties in settings without high ability grouping, (c) 

a confirmatory methodological approach (i.e., latent modeling) to measure boredom and its 

development, and (d) consecutive investigations of different measures of boredom in 

different subject domains (e.g., numeric and verbal subjects) as research points to different 

types and to the domain specificity of boredom. 

Therefore, the present study aims to close the remaining research gaps and to provide 
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conclusive evaluative results on ability grouping’s potential to reduce boredom in gifted 

populations. 

In the following, we provide an evaluation study of full-time ability grouping, 

conducting a longitudinal comparison of boredom development of intellectually gifted 

students attending either ability-grouped or regular classes. Regarding boredom 

experiences, we focused on two subject domains, namely mathematics and German, and 

differentiated between three types of boredom (i.e., intensity of boredom, boredom due to 

underchallenge, and boredom due to overchallenge). We evaluated full-time ability 

grouping’s potential to be both effective (i.e., beneficial in naturalistic settings) and 

efficacious (i.e., beneficial in a controlled setting; Ernst & Pittler, 2006) at preventing gifted 

students’ boredom at school. The latter was achieved by using propensity score matching 

methodology (e.g., Rosenbaum & Rubin, 1983). 

Academic Boredom and the Role of Perceived Challenge 

Boredom can be characterized as “an aversive state of wanting, but being unable, 

to engage in satisfying activity” (Eastwood et al., 2012, p. 482). Experiences of boredom 

are accompanied by task-unrelated thoughts, perceived time expansion, and reduced 

agency (Raffaelli et al., 2018). Students report feeling bored up to 58% of the time during 

class (Larson & Richards, 1991; Nett et al., 2011), making it an emotion of exceptional 

importance within the academic realm. As such, academic boredom is part of Pekrun’s 

(2006) taxonomy of achievement emotions. Tied directly to the classroom, experiences of 

academic boredom are domain-specific and therefore vary between subjects taught at 

school (Goetz et al., 2007). Pekrun’s control value theory (CVT; 2006; see also Pekrun et 

al., 2010) provides a framework for the antecedents of experiences of academic boredom. 

According to CVT, academic boredom is the result of a lack of subjective value (i.e., 

succeeding is perceived as irrelevant) in combination with either low or high subjective 
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control (i.e., succeeding is perceived as either too easy or too difficult; Pekrun, 2006). 

Other situational antecedents of academic boredom include characteristics of the task (e.g., 

monotonous, highly repetitive, understimulating) and classroom instruction (e.g., lack of 

clarity and structuring; Goetz et al., 2019). 

The emergence of boredom in learning and achievement contexts is closely tied to the 

subjective amount of challenge that is present in a given situation. Flow theory 

(Csikszentmihalyi, 1975, 1990), for instance, builds upon U-shaped relations between 

stimulation and learning capacity. According to flow theory, differential subjective task 

difficulty results in different emotional experiences: too easy tasks elicit boredom, just 

optimally difficult tasks elicit joy (or flow), and too hard tasks elicit anxiety. In recent work, 

however, the relation between task difficulty and boredom has been shown to be more 

complex. Both under- and overchallenging tasks, for instance, have been associated with 

increased boredom, replicating the aforementioned U-shaped trend (Westgate & Wilson, 

2018, Study 3) in line with CVT’s control- based assumptions. There appears to be only a 

small window for optimal experience. If task difficulty surpasses individual capabilities, 

boredom results from being overchallenged, whereas boredom due to being underchallenged 

results from capabilities surpassing task difficulty (Daschmann et al., 2011; Krannich et al., 

2019; Raffaelli et al., 2018). However, experiences of under- and overchallenge are not two 

endpoints of a one-dimensional continuum but rather empirically separable constructs (Acee 

et al., 2010). They are differentially correlated, for instance, with lower self-efficacy for self-

regulated learning (boredom due to overchallenge) and lower school achievement, as 

measured by grades (boredom due to underchallenge; Tze et al., 2014). Taken together, 

subjective challenge is at the center of subjective experiences of boredom in academic 

contexts. Therefore, both, boredom due to under- and overchallenge should be featured in 

investigations of academic boredom, especially in gifted research. 
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Assumptions on Gifted Students’ Academic Boredom 

In their synthesis of the psychological science behind talent, giftedness, and 

expertise, Subotnik, Olszewski-Kubilius and Worrell (2011) define giftedness as the 

manifestation of potential and performance that is clearly at the upper end of a distribution 

in a talent domain. Accordingly, gifted individuals are those who demonstrate outstanding 

levels of aptitude (i.e., exceptional ability to reason and learn) or competence (i.e., 

performance or achievement in top 10% or rarer) in one or more achievement domains. An 

achievement domain includes any structured area of activity with its own symbol system 

(e.g., mathematics, language) and/or a set of sensorimotor skills (e.g., painting, dance; 

National Association for Gifted Children, n.d., para. 5). The manifestation of potential and 

performance at the upper end of the distribution in the academic-intellectual achievement 

domain is named intellectual giftedness. Within this work, we use the term “gifted” or 

“giftedness” to refer solely to its intellectual component. 

Aside from having higher cognitive abilities than their nongifted peers (Terman, 

1922), gifted students have also been found to be more motivated at school (Wirthwein et 

al., 2019), to have higher levels of performance-related self-concepts (Košir et al., 2016; 

Litster & Roberts, 2011), and to be more persistent and ready to work to exhaustion 

(Winner, 1998). These learning characteristics, albeit favorable, foster a commonly accepted 

belief that gifted students are underchallenged in regular classrooms, which, in turn, leads to 

increased boredom (Feldhusen & Kroll, 1991). This boredom hypothesis, although well 

aligned with findings on the role of perceived challenge in academic boredom (see above), 

has rarely been challenged scientifically, using a relevant sample. Nevertheless, it forms the 

basis of many theoretical assumptions on gifted students’ boredom. For instance, in line 

with the boredom hypothesis, Little (2012) points to a possible U-shaped relation between 

cognitive ability and boredom – similar to U-shaped relations between subjective challenge 
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and boredom, discussed above – potentially making gifted students more vulnerable to 

experiences of boredom compared to average-ability peers. According to Pekrun and 

colleagues (2010), on the other hand, gifted students’ high competence may protect them 

against boredom. While some studies have found higher boredom in gifted students in 

elementary school (e.g., grades 4-5, Stambaugh, 2017), as well as secondary school (e.g., 

grades 5-9, Larson & Richards, 1991), others found no support of the boredom hypothesis 

for similar age groups (e.g., K-6 students; Feldhusen & Kroll, 1991; 9th grade students, 

Preckel et al., 2010). 

In spite of mixed empirical results, acceptance of the boredom hypothesis in practice 

has led researchers to promote full-time ability grouping in special classrooms as an 

educational intervention for preventing gifted students’ boredom (Bar-On, 2007; Plucker et 

al., 2004). With respect to other academically relevant outcomes, meta-analyses support the 

effectiveness of gifted ability grouping with regard to academic achievement (Steenbergen-

Hu et al., 2016), or social facilitation (Rogers, 2007). Opposed to these beneficial effects, a 

trend of reduced academic self-concept (ASC) is discussed in the literature as the big-fish-

little-pond effect (BFLPE; Marsh & Parker, 1984). The BFLPE states that negative contrast 

effects of class- average ability will result in reduced ASC in special ability-grouped classes 

for the gifted. While this holds on a meta-analytic level (Fang et al., 2018), newer studies 

found no significant contrast effects in special ability-grouped classes for gifted secondary 

school students (for the verbal domain, see Herrmann et al., 2016; for the mathematics 

domain, see Preckel et al., 2019). Also, existing contrast effects can be compensated for by 

positive assimilation effects due to enhanced status of ability-grouped classes (e.g., for 5th 

graders, Preckel & Brüll, 2010). In sum, whereas ability grouping’s effects on achievement 

and self-concept have been thoroughly studied, its potential to reduce boredom has largely 

been neglected in educational research, especially regarding its development over time. 
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Correlates and Consequences of Academic Boredom and its Development Over Time 

Generally, boredom has been shown to be negatively associated with several 

academic outcomes (e.g., elaboration or exam grades), with correlation effect sizes of r ≈ -

.30. (Goetz et al., 2019. In a recent meta-analysis (Tze et al., 2016), for instance, boredom 

had a significant negative overall effect on motivational and learning outcomes (r ̅= -.24). 

This effect was slightly higher for secondary students (r ̅= -.26) as compared to tertiary 

school students (r ̅= -.23). On a longitudinal level, academic boredom and achievement have 

reciprocal effects on each other, such that increased boredom is associated with a decrease 

in later performance and vice versa, both for secondary school students (Pekrun et al., 

2017) and college students (Pekrun et al., 2014). Besides achievement and learning-related 

outcomes, boredom also impacts individuals’ psychological well-being and health. For 

instance, increased boredom is associated with decreased satisfaction with life (Todman, 

2013) and deteriorating interpersonal relationships in adults (Watt & Vodanovich, 1999). 

Furthermore, boredom is associated with increased alcohol abuse, as well as higher rates of 

depression and anxiety (LePera, 2011). Specific to gifted populations, a growing body of 

recent dissertational work has shown boredom to be associated with self-harm in high 

school (Williams, 2015), experiences of disengagement and underachievement in middle 

school (Baker, 2016), as well as increased rates of depression, anxiety, and disruptive 

behavior in elementary school (Stambaugh, 2017). 

Longitudinal studies indicate that academic boredom generally increases over time, 

a tendency that can be observed in primary education (grades 4-6, Hornstra et al., 2017; 

grades 2- 5, Vierhaus et al., 2016), secondary education (grades 4-7, Vierhaus et al., 2016; 

grades 5-9,Pekrun et al., 2017; throughout first half of 9th grade, Preckel et al., 2010; 

grades 8-12, Weybright et al., 2019), and tertiary education (college level, Pekrun et al., 

2014). Furthermore, a recent meta-analysis of longitudinal studies by Scherrer and Preckel 
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(2019) revealed that intrinsic value and domain-specific academic self-concepts decrease 

over the course of the school career (Glass’s Δ = -.11 over 1.65 years on average). 

According to the assumptions of CVT, this related developmental trend might concurrently 

boost experiences of boredom through reduced intrinsic control and/or value (Pekrun et al., 

2010; see also Goetz et al., 2012; Putwain et al., 2018; Ruthig et al., 2008). 

Preckel and colleagues (2010) found little change in boredom trajectories in 

mathematics for 9th grade students in regular classes over the course of one school semester. 

In 9th grade ability-grouped classes, however, boredom due to under- and overchallenge did 

change over time, with decreasing boredom due to underchallenge alongside increasing 

boredom due to overchallenge. This observed change pattern supports the notion that ability 

grouping can be effective in providing an appropriate level of challenge for gifted students. 

However, the study of Preckel et al. (2010) only spanned half a year, did not use 

confirmatory testing, and had no suitable control group (i.e., comparable students in both 

class types). Hornstra and colleagues (2017) applied propensity score matching and 

investigated boredom development over a two year time span in primary school (grades 4-

6) with a latent modelling approach and a suitable control group. They found lower levels of 

boredom for gifted students in part-time ability- grouped classes when compared to both 

regular and full-time ability-grouped classes (β = -.50), revealing considerable potential for 

grouping programs with respect to boredom prevention. Boredom development did not 

differ between the three conditions. However, the authors used only one boredom measure, 

and did not include boredom due to under- or overchallenge as outcomes. 

Isolating Treatment Effects Using Propensity Score Matching (PSM) 

One of our aims for this study was to evaluate the effects of full-time ability 

grouping as an educational intervention in terms of its effectiveness and efficacy (for 

definitions of effectiveness and efficacy, see Ernst & Pittler, 2006; Flay, 1986; Flay et al., 
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2005; Kellam & Langevin, 2003). Effectiveness-studies examine intervention effectiveness 

based on authentic field sample data. They can commonly be achieved in cooperation with 

schools. Efficacy-studies examine intervention effectiveness in a controlled setting. They 

are optimally realized by conducting randomized controlled trials (RCTs) with a 

randomized assignment for all participants to either the treatment or control condition (see 

Baber, 1994; Schulz et al., 2010). RCTs cannot always be realized within an active 

educational system, due to ethical reasons and self-selection for special educational 

programs, like special classes for the gifted. An educational intervention’s efficacy, though 

not attainable through RCTs, can still be estimated, nevertheless. Propensity score matching 

(Rosenbaum & Rubin, 1983, 1984, 1985) provides a suitable methodology for this purpose 

and has grown increasingly popular in educational research in recent years (for examples of 

PSM studies in educational contexts see Becker et al., 2014; Hornstra et al., 2017; Preckel 

et al., 2019; Wirthwein et al., 2019). Generally speaking, a propensity score (PS) represents 

“the probability that a particular case would be assigned or exposed to a treatment 

condition” (Ridgeway et al., 2014, p. 1) – in our case, the probability of either attending a 

regular class or a special class for the gifted. This probability is estimated for every 

individual of a given sample as a function of a chosen set of matching variables and their 

interaction terms. These probabilities can help reduce bias due to confounding variables in 

field data, if a large number of potentially relevant covariates (or matching variables) are 

used for PS estimation. Matching participants from inherently different comparison groups 

(e.g., regular vs. special classes for the gifted) based on their PSs, can hence provide post-

hoc statistical control by balancing out potentially influencing variables. Therefore, field 

data can be retrospectively adapted to resemble a quasi-experiment with balanced treatment 

and control groups via PSM (Fan & Nowell, 2011), providing best possible isolation of 

treatment effects (i.e. efficacy). Prerequisites for optimal functioning are a large enough 
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original sample and a sufficient number of potentially influential matching variables. 

Up until now, Hornstra and colleagues (2017) conducted the only study we know of 

that applied PSM for the investigation of the effects of gifted ability grouping in grades 4-6. 

As we alluded to above, study findings did not support full-time ability grouping as 

effective to reduce boredom as compared to regular classes. Despite this singular result, 

research on the boredom hypothesis and the adequacy of ability-grouped classrooms as a 

suitable prevention strategy for boredom in academia, remains inconclusive, especially 

considering secondary education. 

The Present Study 

The first part of this study is a contribution to the small pool of longitudinal studies 

on academic boredom development. Existing works indicate that boredom at school 

increases over time (e.g., Hornstra et al., 2017; Pekrun et al., 2014; Vierhaus et al., 2016; 

Weybright et al., 2020), whereas overall motivation, including intrinsic value and subjective 

control, decreases over the course of one’s school career (Scherrer & Preckel, 2019), 

possibly further facilitating experiences of boredom. Therefore, our first research question 

and pertaining hypothesis were: 

RQ1: How do experiences of subject-specific academic boredom develop over time? 

H1: Experiences of subject-specific academic boredom increase over time. 

Second, the evaluative part of this study was achieved by conducting analyses using 

two different data sets: (a) a sample acquired in a longitudinal field study (also forming the 

data base for RQ1/H1), and (b) a matched subsample of this full sample derived via PSM 

methodology. Intervention effectiveness was inferred by using data from (a), whereas 

intervention efficacy was inferred by using data from (b). Research questions 2 and 3, 

alongside pertaining hypotheses, represented our evaluation interests, encompassing the 

notion that full-time ability grouping is an adequate anti-boredom intervention (Bar-On, 
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2007; Little, 2012; Plucker et al., 2004; Rogers, 2007): 

RQ2: Does full-time ability grouping of students into either regular classes or 

special classes for the gifted predict the developmental trajectories of subject-specific 

academic boredom in the field (i.e., is full-time ability grouping in special classes for the 

gifted effective)? 

H2: Ability grouping of students into either regular classes or special classes for the 

gifted predicts the developmental trajectories of subject-specific academic boredom, such 

that boredom is either buffered (i.e., lower or no increase) or even reversed (i.e., decrease) 

in special classes for the gifted. 

RQ3: Does full-time ability grouping of students into either regular classes or 

special classes for the gifted predict the developmental trajectories of subject-specific 

academic boredom when controlling for potentially influencing factors via PSM (i.e., is 

full-time ability grouping in special classes for the gifted efficacious)? 

H3: Ability grouping of students into either regular classes or special classes for the 

gifted predicts the developmental trajectories of subject-specific academic boredom, such 

that boredom is either buffered (i.e., lower or no increase) or even reversed (i.e., decrease) 

in special classes for the gifted. 

Method 

Procedure 

Data used in this work were collected as part of a longitudinal study (AVG-project), 

examining the motivational, social, and affective development of German students over the 

course of secondary school and beyond in the country’s top academic track, called 

“Gymnasium”. The AVG-project was approved by the Supervision and Services Directorate 

of Rhineland-Palatinate (Aufsichts- und Dienstleistungsdirektion) (protocol number:32-03 

405/29/05). An important part of this project was the investigation of the effects of full-time 
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ability grouping on various educational outcomes after an installment at the beginning of 

secondary education. Target subject domains were mathematics and German. Both are 

highly important main subjects taught throughout primary and secondary school in the 

German educational system. They represent different achievement domains (i.e., numerical 

vs. verbal) and are often associated with differential interests and academic self-concepts, 

even though performance measures are usually correlated (Möller & Marsh, 2013). In total, 

five successive cohorts from five different German schools participated in this 15-year-long 

investigation from 2005 to 2020. All schools offered regular as well as special classes for 

the gifted from Grade 5 to Grade 10 (afterwards students selected courses that were open to 

all students). Those students who entered the special classes applied for these classes, 

usually based on their parents’ initiative. Due to this self-selection, not all gifted students 

attended special classes. The schools employed similar multistage selection procedures for 

the special classes including prior academic achievement, intelligence test results (IQ ≥ 

120), teacher observations of students’ behavior during one day of probationary class, and 

interviews with parents. Applicants were then selected in a conference of teachers, school 

psychologists, and school board members based on a partly compensatory strategy (i.e., 

high achievement could partly compensate for an IQ of slightly below 120 and vice versa). 

Special classes programs featured in this study were all conceptualized as a combination of 

acceleration (e.g., skipping 9th grade in unison) and enrichment methods and differed from 

regular schooling in several ways. For instance, both English and Latin were taught as 

second languages from 5th grade on, with French added in 6th grade. From 7th grade on, 

geography and history class were taught in English. Furthermore, practice-based enriched 

mathematics and science education was a main priority (e.g., via additional experimental 

and IT-classes from 5th grade on). 

Our investigation period spanned the first half of German secondary education 
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(grades 5 to 8). Before entering Grade 5, all students had attended a regular primary school. 

Thus, the study started at the beginning of secondary school. There were four waves of 

measurement (T1- T4) with self-report questionnaires (T1: two weeks into 5th grade; T2/3/4: 

directly after mid-term evaluations in 5th/6th/8th grade). In addition, after three months in 5th 

grade, students were tested with an intelligence test. Data collection took place in class in 

group sessions. Students participated voluntarily. Parental consent was provided for all 

student participants. Student data across measurement waves were matched by using a 

pseudo-anonymized identification code (i.e., self-generated alphanumeric code according to 

a predefined procedure). 

Participants 

Full Sample 

The original field sample comprised a total of 1,861 students (55.4% male, 44.1% 

female, 0.5% without entry); 1,471 of them attended regular classes during the investigation 

period (53.4% male, 46.2% female, 0.4% without entry). The remaining 390 students 

attended special classes for the gifted (63.1% male, 36.2% female, 0.8% without entry). In 

total, students attended 58 different classes. Mean age for all participants was 10.14 years (SD 

= .61) at T1, 10.47 years (SD = .63) at T2, 11.49 years (SD = .63) at T3, and 13.48 years (SD= 

.63) at T4. Students predominantly grew up speaking German, with 9.6% of the sample 

stating a different first language. For these students, the mean time speaking German was 7.47 

years (SD = 2.43) at the study’s start. 

Matched Sample 

The matched sample comprised 546 students (61.2% male, 37.9% female, 0.9% 

without entry) from the full sample, with 273 attending regular classes (61.9% male, 37.4% 

female, 0.7% without entry) and 273 attending special classes for the gifted (60.4% male, 

38.5% female, 1.1% without entry). Students in the matched samples stemmed from all 58 
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original classes. Mean age for all matched students was 9.92 years (SD = .67) at T1, 10.32 

years (SD = .70) at T2, 11.35 years (SD = .70) at T3, and 13.33 years (SD = .71) at T4. The 

predominant language background was German. For the 7.3% of the matched sample who 

did not state German as their first language, the average time speaking German was 6.97 

years (SD = .30) at the study’s start. 

Variables and PSM 

Subject-specific Academic Boredom 

We assessed subject-specific boredom using self- report measures of three different 

types of boredom that were treated as separate latent variables in further analyses (see 

below). Due to aforementioned project design, we examined mathematics and German as 

subject domains. For all boredom measures, participants responded on 5-point Likert-type 

rating scales, ranging from 1 (strongly disagree) to 5 (strongly agree). By replacing the 

word “mathematics” with “German”, German-specific item framing was provided. This 

procedure is common practice in cross-domain classroom-based self-report studies (e.g., 

Goetz et al., 2012). All three types of boredom were assessed with 2-item short scales 

because of limited questionnaire space due to the assessment of multiple constructs in the 

project. Short scales have been shown to be a reliable alternative to full scales in the 

affective-motivational realm (Gogol et al., 2014). Subsequent item examples are translations 

from the original German wording. 

Intensity of Boredom. We used two items from the Achievement Emotions 

Questionnaire – Mathematics (AEQ-M; Pekrun et al., 2005), originally developed in the 

PALMA-project (see Pekrun et al., 2003). Items were: “I find [mathematics / German] to be 

boring” and “I find it hard to stay awake during [mathematics / German] class out of sheer 

boredom”. As the scales contained two items (Eisinga et al., 2013), the Spearman-Brown 

coefficient (ρ) was used as the appropriate measure of scale reliability (ρ’s for math-specific 
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boredom: ρT1 = .71 / nT1 = 1,270, ρT2 = .74 / nT2 = 1,286, ρT3 = .79 / nT3 = 1,264, ρT4 = .75 / 

nT4 = 1,235; ρ’s for German-specific boredom: ρT1 = .79 / nT1 = 1,274, ρT2 = .78 / nT2 = 

1,277, ρT3 = .82 / nT3 = 1,257, ρT4 = .82 / nT4 = 1,231). However, boredom assessed via the 

AEQ-M does not differentiate between boredom due to under- vs. overchallenge. 

Boredom Due to Under- and Overchallenge. We used four additional items, 

originally developed in the PALMA project (see Pekrun et al., 2003, 2007), to measure 

boredom due to underchallenge (2 items) and boredom due to overchallenge (2 items). 

Thereby, we expanded general boredom assessment (i.e. intensity) by adding boredom 

measures based on the degree of individually perceived mismatch between class difficulty 

and one’s own ability. For boredom due to underchallenge, items were: “My experience is 

that I’m bored in [mathematics / German] class because the subject matter is so easy” and 

“My experience is that I’m bored in [mathematics / German] class because the teacher goes 

on about trivial points” (ρ’s for math- specific boredom: ρT1 = .71 / nT1 = 1,265, ρT2 = .70 / 

nT2 = 1,288, ρT3 = .74 / nT3 = 1,265, ρT4 = .75 / nT4 = 1,236; ρ’s for German-specific 

boredom: ρT1 = .76 / nT1 = 1,270, ρT2 = .72 / nT2 = 1,279, ρT3 = .69 / nT3 = 1,244, ρT4 = .76 / 

nT4 = 1,225). The two items measuring boredom due tooverchallenge were: “When I’m 

bored in [mathematics / German] class, this is because I can’t follow the teacher” and 

“When I’m bored in [mathematics / German] class, this is because the [mathematics / 

German] subject matter is too difficult for me” (ρ’s for math-specific boredom: ρT1 = .76 / 

nT1 = 1,274, ρT2 = .76 / nT2 = 1,278, ρT3 = .78 / nT3 = 1,264, ρT4 = .84 / nT4 = 1,237; ρ’s for 

German-specific boredom: ρT1 = .80 / nT1 = 1,275, ρT2 = .82 / nT2 = 1,278, ρT3 = .77 / nT3 = 

1,253, ρT4 = .75 / nT4 = 1,231). 

Other Matching Variables 

To attain the matched sample presented above, we estimated individual propensity 

scores (PS) based on T1-data of a total of 32 matching variables, including demographics, 
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cognitive ability, motivational variables, and social variables. Demographic information 

covered participants’ age (in months), gender, main language (German vs. other), 

socioeconomic background (i.e. mother’s and father’s highest educational degree and 

profession), as well as school and cohort attended. Matching on cognitive ability was realized 

using the composite IQ score (α = .93 / n = 919)5 from the Cognitive Ability Test for Grades 

4-12 (KFT 4-12+R; Heller & Perleth, 2000), which was administered via group testing in the 

classroom throughout the first semester of 5th grade. Scale data used for matching on 

motivational and social variables included self-esteem, academic interest in mathematics and 

German, social self-concepts (of acceptance / of assertion), academic self-concepts (general, 

mathematics, verbal), and achievement goals (performance approach / avoidance, mastery; in 

mathematics and German). All three types of subject-specific academic boredom were 

included as matching variables. For details (e.g., instruments, descriptives, reliabilities) on all 

matching variable scales, see Table A3.1. 

PSM Procedure 

Our PSM procedure consisted of two separate steps. In Step 1, we estimated 

generalized boosted regression PS in R Statistics version 3.6.1 for every student, using the 

Toolkit for Weighting and Analysis of Nonequivalent Groups (“twang”; Ridgeway et al., 

2015; for details on boosted regression see McCaffrey et al., 2004). Implementing PS via 

“twang” allows users to include matching variables with different scales of measurement at 

the same time, while also treating missing values as an additional source of information. 

Step 2 was the actual matching of students from the different class types based on the PS 

generated via “twang”. We used the “MatchIt” package for R Statistics (Ho et al., 2011), 

employing 1:1 nearest neighbor matching. We integrated exact matching on school attended 

 
5
 Sample size and Cronbach’s α reported here are based on the 90-minute short version. 

Additionally, 21 students completed the full-version of the KFT 4-12+R (α = .86). Cronbach’s α of this 

subsample, however, is not entirely trustworthy because it was based on a reduced item pool (i = 116 instead 

of 195), with several item variances yielding a value of zero. 
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into this matching scheme, in order to eliminate possible context effects. That way, only 

students attending the same school were matched with each other. To assess balance after 

the matching process, we calculated standardized differences for all matching variables 

between regular and special classes. We also compared subsamples from the full and 

matched samples based on standardized differences, in order to assess appropriate 

representation after PSM. Values of standardized differences not surpassing the upper 

threshold of a small effect size (e.g., d ≤ .20; Cohen, 1992; see also Sedlmeier & Renkewitz, 

2013) were considered indicative of acceptable balance between groups. For balance checks 

of all 32 matching variables, see Table 3.1. For further details on the PSM process, please 

refer to Appendix 3. 

Data Analyses 

Analyses for investigating our research questions were embedded in a structural 

equation modeling (SEM) approach and executed in Mplus version 8.4 (Muthén & Muthén, 

1998 - 2019). We adapted the analytical strategy of Preckel and colleagues (2019) to 

measure the effects of class type on long-term motivational and achievement development to 

experiences of boredom in mathematics and German. This resulted in a three-step process. 

First, we tested the measurement invariance of our boredom scales over time and across 

class types. Second, given at least a level of partially scalar measurement invariance over 

time (Kleinke et al., 2017), we test H1, considering boredom development within a latent 

growth curve modeling (LGCM) approach. Third, given a level of at least partially scalar 

measurement invariance across class types, we address H2 and H3, considering the effects 

of ability grouping in regular vs. special classes on boredom trajectories, operationalizing 

class type as a manifest predictor to previously established latent growth factors. For all 

analyses, full information maximum likelihood estimation (MLR) was employed. Missing 

value pattern analyses, spanning T1-T4, showed a range of covariance coverage of 49% – 
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72% for the full sample (matched sample: 48% – 71%) for both subject domains. To cope 

with these missing values, we used the Mplus FIML procedure in model estimation. 

Measurement Invariance Testing 

Measurement Invariance Over Time. A prerequisite for LGCM is a level of at 

least partially scalar measurement invariance over time, allowing for interpretations of latent 

means (Kleinke et al., 2017). Therefore, we performed longitudinal invariance tests on a 

first-order factor model (Brunner et al., 2012), including intensity of boredom, boredom due 

to underchallenge, and boredom due to overchallenge, for the full sample as well as for class 

type subsamples (see Figure 3.1; for respective fit indexes for T1-T4, including McDonald’s 

ω’s for factor reliabilities, see Table A3.3). We used a step-up approach (Brown, 2015), 

testing longitudinal confirmatory factor analyses (CFA) with correlated uniqueness between 

repeated item measures (Geiser, 2011) for (a) configural, (b) metric, and (c) scalar 

invariance. For model identification, we used T. D. Little et al.’s (2006) effects coding 

method in order to obtain comparable metrics for latent and manifest variables. 

Furthermore, we used Mplus’s “type is complex” option to correct for biased standard error 

(SE) estimation due to hierarchical data structure, with individual students nested in 58 

classrooms in total. Results were evaluated based on Chen’s (2007) propositions on GFI 

differences (metric invariance holds, if ΔCFI < -.01, ΔRMSEA 

< .015, and ΔSRMR < .03; scalar invariance holds, if ΔCFI < -.01, ΔRMSEA < .015, and 

ΔSRMR < .01). 

  



ABILITY GROUPING AND BOREDOM 76 

Figure 3.1 

Schematic First-order Factor Model of Boredom 

 

Note. BO-I = intensity of boredom. BO-U = boredom due to underchallenge. BO-O = 

boredom due to overchallenge. bo_i_1, bo_i_2, bo_u_1, bo_u_2, bo_o_1, and bo_o_2 

represent item indicators to latent boredom factors (see method section for details on variable 

measurement). Latent boredom factors were allowed to correlate. 
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Measurement Invariance Across Class Types. When subsuming different groups, in 

our case regular and special classes for the gifted, into a categorical predictor variable, scale 

invariance across those groups is required to ensure comparability of measurement results 

(Byrne, 2012; Jöreskog, 1971). Measurement invariance models were based on the first-order 

factor model introduced earlier (see Figure 3.1), for either mathematics or German in the full 

sample. We estimated multiple group comparison models (Kleinke et al., 2017; see also 

Byrne, 2012; Wang & Wang, 2012) in Mplus version 8.4 (Muthén & Muthén, 1998 - 2019) 

to test for invariance across class types at T1, T2, T3, and T4, employing a step-up approach 

(Brown, 2015), up to a level of scalar invariance. Results were again evaluated according to 

Chen (2007). 

Latent Growth Curve Modeling 

To test for an increase in different types of boredom (H1), we included latent 

intercept and slope factors in the previously established first-order factor model (see Figure 

3.2 for a schematic depiction). Latent intercept factor loadings were held constant at 

λintercept,T1 = λintercept,T2 = λintercept,T3 = λintercept,T4 = 1, while latent slope factor loadings were 

based on measurement waves within study design (λslope,T1 = -10, λslope,T2 = -9, λslope,T3 = -6, 

λslope,T4 = 0). We placed the origin of time at T4 because we were primarily interested in the 

boredom constellations at the end of the growth period (Biesanz et al., 2004). 

  



ABILITY GROUPING AND BOREDOM 78 

Figure 3.2 

Schematic Latent Growth Curve Model of Boredom (Representing H1), Including Predictions 

by Class Type (Representing H2 / H3) 

 
 

Note. I = latent intercept factor. S = latent slope factor. BO-I = intensity of boredom. BO-U = 

boredom due to underchallenge. BO-O = boredom due to overchallenge. T1-4 represent 

respective waves of measurement. Latent slope factor loadings represent time codes for T1-

T4. Item indicators, correlated uniqueness, correlations between latent boredom factors at 

each wave of measurement, correlations between latent growth factors, and residual 

variances are omitted. 
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Examining intervention effectiveness (H2) and efficacy (H3) for special classes for 

the gifted, we added class type (0 = regular classes, 1 = special classes) as an exogenous, 

manifest predictor, regressing on all latent intercept and slope factors (see Figure 3.2). 

Testing the model in the full sample provided information on the intervention effectiveness; 

testing it in the matched sample provided information on the intervention efficacy. The 

same specifications used for longitudinal measurement invariance testing (i.e., correlated 

uniqueness, effects coding for model identification, and “type is complex”) were applied to 

all latent growth curve models. To evaluate model fit, we turned to Hu and Bentler’s (1999) 

recommendations on GFI values to provide an acceptable balance between Type-I and 

Type-II error (CFI ≈ .95, RMSEA ≈ .06, and SRMR ≈ .08). 

Results 

First, we briefly evaluate the PSM solution and we summarize the results of all 

auxiliary analyses (i.e. measurement invariance testing). Details are given in Appendix 3. 

Second, we present results of latent growth curve analyses in more detail, since they are the 

main focus of the present study and directly relate to our three hypotheses. 

Propensity Score Matching and Subsample Comparisons 

Table 3.1 shows central tendency and dispersion for all 32 matching variables, 

including subsample comparisons using appropriate standardized difference values 

according to respective scale of measurement (Sedlmeier & Renkewitz, 2013).
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Table 3.1 

Descriptives and Subsample Comparisons for 32 Matching Variables at T1 

  Central tendency (Dispersion)  Standardized effect size 

  Full sample Matched sample  Subsample comparison 

Variables (level) 

Rel. Inf. 

in % 

RC 

(n = 1,471) 

GC 

(n = 390) 

RC 

(n = 273) 

GC 

(n = 273)  

GCfull 

vs. 

RCfull 

GCmatched 

vs. 

RCmatched 

GCfull 

vs. 

GCmatched 

RCfull 

vs. 

RCmatched 

Propensity score (metric) - .13 .52 .27 .38  1.38 .51 .48 -1.23 

Demographics           

Age, in months (metric) 30.14 128.23 (5.53) 123.28 (7.79) 125.68 (6.90) 124.22 (7.86)  -.64 -.19 -.12 .46 

Gendera (metric) 1.61 1.46 (.50) 1.36 (.48) 1.38 (.49) 1.39 (.49)  -.21 .03 -.05 .18 

Main language backgrounda (metric) .02 1.14 (.34) 1.09 (.29) 1.10 (.30) 1.11 (.31)  -.15 .03 -.05 .11 

Mother’s highest educational degreeb, child 

report (ordinal) 

1.26 4 (2) 5 (1) 5 (2) 5 (2)  4.27*** 1.67 .65 -.68 

Mother’s highest educational degreeb, self-

report (ordinal) 

11.87 4 (2) 5 (1) 4 (2) 4 (2)  5.47*** 1.04 .68 -1.04 

Mother’s professionc, child report (nominal) .58 5 6 5 6  .18 .17 .08 .09 

Father’s highest educational degreeb, child 

report (ordinal) 

.00 4 (2) 5 (2) 5 (1) 5 (1)  4.18*** 1.19 .94 -1.17 

Father’s highest educational degreeb, self-

report (ordinal) 

1.06 4 (2) 5 (1) 5 (2) 5 (2)  5.85*** 1.76 .55 -.53 

Father’s professionc, child report (nominal) .38 5 7 9 7  .13 .22 .07 .06 

School (nominal) 8.84 - - - -  .21 0f .19 .13 

Cohortd (nominal) .61 3 3 3 3  .05 .05 .11 .09 

Cognitive Ability           

Composite IQe (metric) 31.25 107.83 (11.26) 120.88 (11.06) 116.07 (11.70) 117.60 (10.74)  1.18 .14 .30 -.73 

Motivational and Social Variables (all metric)           

General           

Academic self-concept .86 4.03 (.68) 4.23 (.68) 4.20 (.63) 4.23 (.70)  .30 .04 .01 -.25 

Social self-concept of acceptance .00 1.62 (.80) 1.59 (.81) 1.67 (.83) 1.66 (.90)  -.04 -.01 -.09 -.06 

Social self-concept of assertiveness 1.44 2.31 (.99) 2.24 (.99) 2.30 (.98) 2.33 (1.06)  -.07 .03 -.09 .01 

Self-esteem .68 4.08 (.66) 4.21 (.67) 4.18 (.58) 4.18 (.69)  .20 -.01 .05 -.16 

Math-specific           

Academic interest .54 3.47 (.93) 3.73 (.92) 3.52 (.99) 3.72 (.90)  .29 .23 .01 -.05 

Academic self-concept .77 4.05 (.79) 4.36 (.71) 4.24 (.80) 4.33 (.72)  .44 .12 .05 -.24 

Approach achievement motivation .01 3.02 (1.03) 2.83 (1.12) 2.94 (1.09) 2.85 (1.14)  -.17 -.07 -.02 .08 

Avoidance achievement motivation 1.10 3.53 (1.03) 3.19 (1.24) 3.36 (1.17) 3.19 (1.24)  -.27 -.13 -.01 .16 

Competence motivation .71 3.87 (1.01) 3.91 (1.04) 3.85 (1.10) 3.90 (1.03)  .05 .04 .01 .01 

Intensity of boredom .00 1.75 (.92) 1.66 (.92) 1.81 (.99) 1.70 (.96)  -.10 -.11 -.05 -.07 
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Boredom due to being underchallenged .55 2.02 (0.98) 2.03 (1.08) 2.15 (1.11) 2.07 (1.09)  .01 -.07 -.04 -.13 

Boredom due to being overchallenged .00 1.65 (0.88) 1.51 (.81) 1.48 (.82) 1.55 (.85)  -.18 .08 -.05 .20 

German-specific           

Academic interest 1.03 3.40 (.90) 3.60 (.91) 3.48 (.90) 3.60 (.91)  .29 .13 .00 -.09 

Academic self-concept .51 3.91 (.80) 4.14 (.73) 4.10 (.76) 4.15 (.74)  .32 .07 -.01 -.24 

Approach achievement motivation .60 3.02 (1.03) 2.95 (1.13) 2.97 (1.14) 3.01 (1.14)  -.06 .04 -.06 .04 

Avoidance achievement motivation .20 3.52 (1.09) 3.25 (1.25) 3.44 (1.19) 3.29 (1.25)  -.21 -.13 -.03 .07 

Competence motivation 2.08 3.75 (1.04) 3.71 (1.15) 3.78 (1.08) 3.69 (1.15)  -.03 -.08 .02 -.03 

Intensity of boredom .20 1.80 (.94) 1.83 (1.06) 1.73 (.99) 1.86 (1.10)  .03 .12 -.03 .08 

Boredom due to underchallenge .39 2.00 (.98) 2.02 (1.10) 1.92 (1.02) 2.10 (1.14)  .02 .16 -.07 .08 

Boredom due to overchallenge .00 1.61 (.86) 1.40 (.76) 1.45 (.79) 1.45 (.84)  -.28 .00 -.08 .18 
 

Note. Rel. Inf. = relative influence on propensity score estimation. RC = regular classes. GC = special classes for the gifted. 

Descriptive information on school attended is omitted for reasons of anonymization. 

Appropriate values for central tendency, dispersion, and standardized effect sizes are presented according to respective scale of measurement 

(Sedlmeier & Renkewitz, 2013): 

- for metric variables, M, SD, and Cohen’s d’s (calculated as 
MGC – MRC

 SDGC
 or 

MGC, full – MGC, matched

 SDGC, full 
)  are presented 

- for ordinal variables, Mdn, interquartile range, and z-values (derived from Mann-Whitney U-tests) are presented are presented 

- for nominal variables, Mode and w-values (derived from χ²-tests; calculated as √
χ²

N
) are presented. 

d’s > .20, significant z-values (*** p < .001), and w’s > .10 are highlighted in bold face. 

a Gender (1 = „male“, 2 = „female“) and main language background (1 = „German“, 2 = „other“) were treated as metric variables, since they 

both took only two different values (Sedlmeier & Renkwitz, 2013). 
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b Mother’s and father’s highest educational degree were assessed two ways, a) retrospectively, via child report at the end of secondary school 

(grade 12/13), and b) via separate parent self-report questionnaires. These variables took values from 1-6, with 1 = „no degree“, 2 = „primary- or 

middle school graduate“, 3 = „high-school graduate“, 4 = „Abitur“ (high-track secondary school graduate), 5 = „university degree“, 6 = „PhD“. 

c Mother’s and father’s profession took values from 1-11, with 1 = “student (school)”, 2 = “student (university)”, 3 = “trainee”, 4 = “worker”, 5 

= “employee”, 6 = “senior employee”, 7 = “highly qualified employee”, 8 = “employee in leading position”, 9 = “self-employed”, 10 = “stay-at-

home”, 11 = “pensioner”. 

d Cohort took values from 1-5, representing individual 5th grade starting terms, with 1 = „2005/2006“, 2 = „2006/2007”, 3 = “2007/2008”, 4 = 

“2008/2009”, 5 = “2009/2010”. 

e Composite IQ as measured by the Cognitive Ability Test for Grades 4-12 (Heller & Perleth, 2000). 

f Only students from the same school were matched via exact matching. 
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In the original full sample, students attending special classes for the gifted were 

younger (d = -.64, moderate effect, Cohen, 1992) and had a higher IQ (d = 1.18, large effect) 

compared to students from regular classes. Also, the gender distribution in special versus 

regular classes showed an effect > |.20| in favor of boys (d = -.21). Regarding boredom, the 

original regular and special classes only differed with respect to boredom due to 

overchallenge in German, with regular classes showing higher scale means (d = -.28). Post-

matching, only mother’s (w = .17) and father’s profession (w = .22), and academic interest 

in mathematics (d = .23) showed differences surpassing the upper bound of a small effect 

size in favor of special classes (for w, values ≤ .10 are considered small, Cohen, 1992). 

Overall, appropriate balance was achieved by PSM. When comparing special classes from 

the full and matched samples, a moderate difference in IQ was evident (d = .30), with a 

higher mean level in the original subsample. The opposite pattern emerged when comparing 

the original and matched regular classes, yielding a large difference in IQ (d = -.73), with 

higher levels in the matched regular classes, which also were moderately younger than in 

the original sample (d = .46). Additionally, regular class students had higher general (d = -

.25) and subject-specific academic self-concept (d mathematics: d = -.24; German: d = -.24) 

in the matched sample, compared to the original sample. 

Measurement Invariance Testing 

Regarding measurement invariance over time, boredom scales in mathematics and 

German showed scalar measurement invariance for both subject domains, fulfilling the 

prerequisite to LGCM and the interpretation of latent means (Kleinke et al., 2017). 

Assumptions held for both the full samples (including class type subsamples) and the 

matched samples (see Table A3.4, for details). Regarding measurement invariance across 

class types, findings indicated (partially) scalar measurement invariance for both subject 

domains, legitimizing class type to be used as an exogenous predictor of latent growth 



ABILITY GROUPING AND BOREDOM 84 

(Jöreskog, 1971). For mathematics, in the full sample, scalar invariance held for T1-T3, 

with partially scalar invariance for T4. The same invariance pattern was evident in the 

matched sample. For German, in the full sample, scalar invariance held at every wave of 

measurement. In the matched sample, scalar invariance held at T2 and T3. For T1 and T4, 

partially scalar invariance was achieved (see Tables A3.5 and A3.6, for details). 

Latent Growth in Subject-specific Boredom 

Mean factor scores and standard deviations (SD) for intensity of boredom, boredom 

due to underchallenge, and boredom due to overchallenge taken from models of scalar 

measurement invariance over time are included in Table 3.2 (for class type subsample 

statistics see also Table A3.7). Given the observed factor scores, a linear increasing trend in 

all three types of boredom seems plausible. 

 

Table 3.2 

Mean Factor Scores and Standard Deviations for Latent Variables 

 Mathematics (n = 1,802) 

Boredom T1 T2 T3 T4 

BO-I 1.76 (.62) 1.81 (.65) 2.08 (.82) 2.48 (.74) 

BO-U 2.05 (.67) 2.06 (.66) 2.12 (.70) 2.25 (.71) 

BO-O 1.64 (.60) 1.75 (.64) 1.94 (.71) 2.27 (.87) 

 German (n = 1,797) 

BO-I 1.82 (.69) 1.96 (.73) 2.24 (.83) 2.45 (.81) 

BO-U 2.01 (.70) 2.05 (.66) 2.25 (.66) 2.38 (.66) 

BO-O 1.58 (.60) 1.70 (.69) 1.75 (.63) 1.76 (.59) 

     

Note. BO-I = Intensity of Boredom. BO-U = Boredom due to underchallenge. BO-O = 

Boredom due to overchallenge. Factor scores had the same metric as item indicators due to 

effects coding (Little et al., 2006), spanning a possible range of 1 – 5. 
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To test the observed developmental pattern, we estimated linear latent growth curve 

models, spanning T1-T4, including all three boredom factors. Linear latent growth curve 

models approximated the full sample data well in both subject domains (mathematics: n = 

1,802 / χ²(207) = 521.91 / CFI = .963 / RMSEA = .029, 90% CI [.026, .032] / SRMR = 

.048; German: n = 1,797 / χ²(207) = 314.26 / CFI = .987 / RMSEA = .017, 90% CI [.013, 

.021] / SRMR = .032). 

 

Table 3.3 

Unstandardized Parameter Estimates for Latent Growth Factors in Linear LGC Models 

 Intercept  Slope 

Boredom Mean (SE) Variance (SE)  Mean (SE) Variance (SE) 

Mathematics (n = 1,802)      

BO-I 2.497 (.057)*** .734 (.123)***  .075 (.007)*** .008 (.002)*** 

BO-U 2.244 (.052)*** .877 (.110)***  .020 (.007)** .010 (.002)*** 

BO-O 2.290 (.042)*** .705 (.095)***  .063 (.005)*** .006 (.001)*** 

German (n = 1,797)      

BO-I 2.498 (.066)*** .679 (.109)***  .062 (.007)*** .007 (.001)*** 

BO-U 2.395 (.049)*** .414 (.091)***  .036 (.006)*** .006 (.001)*** 

BO-O 1.792 (.034)*** .414 (.066)***  .016 (.004)*** .003 (.001)*** 

      

Note. BO-I = Intensity of Boredom. BO-U = Boredom due to underchallenge. BO-O = 

Boredom due to overchallenge. ** p < .01. *** p < .001. 

 

For the domain of mathematics, all estimated growth factor means and variances 

were significant at an α-level ≤ .01 (see Table 3.3). Mean growth rates of boredom were 

highest for intensity (M = .075, SE = .007), followed by boredom due to overchallenge (M 

=.063, SE = .005), and boredom due to underchallenge (M = .020, SE = .007), indicating 

increases of less than 10% of an original unit per wave of measurement for all three types of 

boredom. Individual growth rates for all types of boredom, albeit statistically significant, 

showed little variation (all variances ≤ .01, all SE < .002). 

For German, mean growth rates of boredom were largest for intensity (M = .062, SE 



ABILITY GROUPING AND BOREDOM 86 

= .007), followed by boredom due to underchallenge (M = .036, SE = .006) and boredom 

due to overchallenge (M = .016, SE = .004). Compared to mathematics, mean growth rates 

were smaller for intensity of boredom as well as boredom due to overchallenge. Boredom 

due to underchallenge, however, showed a higher mean growth rate compared to the 

mathematics model. Similar to mathematics, there was little individual variability in the 

growth rates for all three types of boredom in German (all variances < .01, all SE = .001). 

Estimated trajectories for all three latent factors are depicted in Figure 3.3 alongside mean 

factor scores from models of scalar measurement invariance over time. 
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Figure 3.3 

Mean Factor Scores for Three Types of Boredom in Mathematics (A, n = 1,802) and German (B, n = 1,797) 

 

A) MATHEMATICS 
 

B) GERMAN 
 

  
  

 Intesity of Boredom  

 Boredom Due to Underchallenge  

 Boredom Due to Overchallenge  
 

Note. Factor scores had the same metric as item indicators due to effects coding (Little et al., 2006), spanning a possible range of 1 – 5. Dashed lines indicate 

implied trajectories of mean factor scores taken from models of scalar measurement invariance over time. Broad transparent lines indicate respective estimated 

linear latent growth curves. 
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Predicting Latent Growth by Class Type 

Intervention Effectiveness (Full Sample) 

Adding class type as predictor to the latent growth curves resulted in a good 

approximation of the data (mathematics: n = 1,802 / χ²(225) = 552.75 / CFI = .962 / RMSEA 

= .028, 90% CI [.025, .031], SRMR = .047; German: n = 1,797 / χ²(225) = 328.43 / CFI = 

.987 / RMSEA = .016, 90% CI [.012, .020], SRMR = .031; see Table 3.4 for parameter 

estimates). 

 

Table 3.4 

Standardized Effects of Class Type on Subject-Specific Boredom Trajectories 

 Mathematics  German 

Predictive Paths 
βEffectiveness (SE) 

(n = 1,802) 

βEfficacy (SE) 

(n = 528) 

 βEffectiveness (SE) 

(n = 1,797) 

βEfficacy (SE) 

(n = 525) 

BO-I      

Class Type→I -.16* (.07) -.21* (.10)  -.05 (.07) .07 (.09) 

Class Type→S -.12 (.06) -.18 (.10)  -.03 (.07) .03 (.10) 

BO-U      

Class Type→I .02 (.06) -.08 (.08)  -.04 (.08) -.08 (.15) 

Class Type→S .04 (.05) -.03 (.08)  -.02 (.07) -.15 (.16) 

BO-O      

Class Type→I -.18*** (.04) -.03 (.07)  -.07 (.06) .13 (.09) 

Class Type→S -.11 (.06) -.06 (.19)  .06 (.08) .14 (.11) 

      

Note. BO-I = Intensity of Boredom. BO-U = Boredom due to underchallenge. BO-O = 

Boredom due to overchallenge. I = latent intercept factor. S = latent slope factor. 

Class Type was coded as 0 = regular classes, 1 = special classes for the gifted, with positive 

β‘s indicating higher values for gifted compared to regular classes and vice versa. 

* p < .05. *** p < .001. 

 

For mathematics, class type significantly predicted the mean level of intensity of 

boredom at T4 (β = -.16) as well as the mean level of boredom due to overchallenge at T4 

(β = -.18). According to Keith (2006), both of these path coefficients represent moderate 
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effects. Predictions of mean growth rates for both intensity of boredom (β = -.12) and 

boredom due to overchallenge (β = -.11) by class type also showed moderate effects 

(Keith, 2006) but were not statistically significant. For boredom due to underchallenge, 

neither mean levels (β = .02) nor mean growth rates (β = .04) could be significantly 

predicted by class type. All correlations between latent intercept and slope factors were 

significant, yielding large effect sizes (r’s ≥ .70 , Cohen, 1992). 

For German, class type did not significantly predict any of the latent growth 

factors. Absolute β’s ranged from .02 to .07, representing small effects (Keith, 2006). 

Intercept-slope correlations showed large effects (r’s ≥ .55), with the highest associations 

between mean levels and mean growth rates for intensity of boredom (r = .71). 

Intervention Efficacy (Matched Sample) 

Both LGC models showed good fit to the data (mathematics: n = 528 / χ²(225) = 

348.028 / CFI = .956 / RMSEA = .032, 90% CI [.025, .039], SRMR = .060; German: n = 

525 / χ²(225) = 325.478 / CFI = .967 / RMSEA = .029, 90% CI [.022, .036], SRMR = .050; 

see Table 3.4 for parameter estimates). 

For mathematics, class type significantly predicted mean intensity of boredom at T4 

(β = -.21) but did not significantly predict intensity’s mean growth rate (β = -.18). Both of 

these effects were of moderate size (Keith, 2006). For boredom due to underchallenge as 

well as boredom due to overchallenge, coefficients yielded small to moderate nonsignificant 

effect sizes (range of absolute β’s = .03 – .08) for mean levels as well as mean growth rates 

of all types of boredom. Intercepts and slopes were positively correlated (r’s ≥ .78, p’s < 

.001). 

For German, class type did not significantly predict any of the latent growth factors. 

Moderate predictive effects were found, however, for mean boredom due to overchallenge 

at T4 (β = .13), as well as mean growth rates for boredom due to underchallenge (β = -.15) 
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and boredom due to overchallenge (β = .14). Mean levels of both intensity of boredom at 

T4 (β = .07) and boredom due to overchallenge at T4 (β = .13) were higher in special classes 

for the gifted, with small to moderate effect sizes (Keith, 2006). The same applied to mean 

growth rates (range of β’s = .03 – .15). 

Discussion 

We investigated the development of academic boredom in the domains of 

mathematics and German over a three-and-a-half-year period with special attention to the 

effects of full-time ability grouping in regular high-track classes vs. special classes for the 

gifted. We assessed three types of boredom in a large student sample in four waves of 

measurement. We expected an increase in boredom over time (H1) and investigated ability 

grouping’s intervention effectiveness (H2) and efficacy (H3) regarding boredom 

development. Overall, the assumed increase in boredom over time was evident in our data, 

whereas support for ability grouping’s effectiveness and efficacy to reduce boredom was 

limited. 

In support of H1, we found an increase in all types of boredom in both mathematics 

and German over time. This finding is in line with previous work showing increasing 

general levels of boredom in academia (e.g., Hornstra et al., 2017; Pekrun et al., 2014; 

Vierhaus et al., 2016; Weybright et al., 2020). However, the present study went a step 

further, empirically separating three different types of boredom (i.e., intensity of boredom, 

boredom due to underchallenge, and boredom due to overchallenge). 

For both subjects, intensity of boredom showed the highest mean levels at the last 

wave of measurement and the highest mean growth rates compared to the other two types of 

boredom. While intensity of boredom showed a very similar trajectory for both subject 

domains, boredom due to under- and overchallenge showed different trajectories for 

mathematics and German. In mathematics, boredom due to underchallenge stayed rather 
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stable whereas boredom due to overchallenge increased at a similar pace as intensity. In 

German, boredom due to overchallenge grew rather slowly. Boredom due to underchallenge 

in German did not show a slope as steep as that of intensity but mean levels were higher 

compared to those of intensity for T1 – T3. These findings indicate that perceived 

underchallenge and overchallenge develop differently, depending on the subject. 

Mathematics appear to be increasingly overchallenging over the course of secondary school, 

possibly due to enhanced perceived or actual difficulty of the subject matter. German, on the 

other hand, provides a rather low and constant level of overchallenge. Underchallenge in 

German starts out at a slightly higher level compared to mathematics and it increases more 

rapidly. 

An important side note to our findings is the fact that analyses on boredom 

trajectories were based on a combined sample of students from special and regular classes. 

In our supplementary subsample analyses for special classes for the gifted (see Table A3.7), 

we found lower levels of boredom due to underchallenge in both subjects, as well as lower 

levels of intensity of boredom in mathematics at T2, compared to T1. This trend is indicative 

of ability grouping’s early effectiveness in avoiding boredom due to underchallenge during 

the first semester of secondary school, and hence in support of the boredom hypothesis. 

However, this observed early decrease in boredom levels quickly regressed towards the 

generally increasing trajectory that we also found in regular classes from T2 onwards. 

Regarding H2 and H3, we found small to moderate effects of gifted ability grouping 

on academic boredom development regarding both efficacy and effectiveness, most of which 

did not reach statistical significance. Therefore, evidence in favor of the boredom hypothesis 

is limited at best and points to only small effects, which is in line with previous work 

(Hornstra et al., 2017; Preckel et al., 2010). 

In the domain of mathematics, both in the full and in the matched samples, special 



ABILITY GROUPING AND BOREDOM 92 

classes for the gifted showed significantly lower levels of boredom intensity compared to 

regular ones, indicating the desired effect of ability grouping with regard to boredom 

intensity. Additionally, in the analysis of intervention effectiveness in the full sample, we 

found higher mean levels of boredom due to overchallenge in regular classes. Boredom due 

to overchallenge showed a smaller growth rate for special classes compared to regular 

classes (small effect). In the domain of German, none of the effects of ability grouping were 

significant and most effect sizes were small, indicating no meaningful impact of full-time 

ability grouping in special classes for the gifted on any of the three types of boredom. 

Strengths, Limitations, and Future Research 

First, our sample consisted exclusively of students attending grades five through 

eight (i.e., the first half of secondary education) in the highest of three secondary school 

tracks of the German educational system (“Gymnasium”). Secondary education tracking as 

it applies in Germany, can be regarded as a superordinate form of full-time ability grouping 

in and of itself (Becker et al., 2014). However, we were interested in the effects of full-time 

ability grouping into special classes for the gifted. Intellectually gifted students 

predominantly attend “Gymnasium”, which is also the track in which gifted ability grouping 

is usually carried out in practice. Thus, comparing special classes with regular classes in the 

highest track reveals a rather conservative test of the boredom hypothesis. Furthermore, the 

five schools providing data were located in only two out of the sixteen German federal 

states and all of them featured gifted programming in the form of ability-grouped classes. 

This is worth mentioning because the German educational system is structured and 

regulated on a federal state level. However, we achieved a large total sample (N = 1,861), 

allowing for complex longitudinal analyses using confirmatory latent models. 

Second, our boredom measurement methodology showed certain limitations. We 

used only two items per factor within our SEM approach. This is due to the longitudinal 
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design of the project the data is from, which investigated multiple constructs so that space 

for assessing a single construct was limited. In addition, all boredom measures were self-

reports, and therefore subject to faking and social desirability. Unlike most boredom studies 

however, we separated three types of boredom (instead of general boredom only) and two 

subject domains (instead of only focusing on the prominent mathematics domain), obtaining 

differential and subject-specific practical implications, which past studies did not. 

Third, our PSM procedure returned small differences (d’s > .20 / w’s > .10) between 

regular and special classes for three matching variables (for details see Table 3.1). For the 

three boredom-related scales, mean differences increased post-matching, however still 

yielding d’s < .20. Considering the high number of matching variables (32), our PSM 

approach was able to produce two comparable samples of matched high ability students, 

enabling fairly precise separation of intervention effectiveness and efficacy while 

controlling for sample-related differences in demographics, cognitive ability, motivational 

and social parameters. 

Beyond the present investigation, future studies should include other school tracks 

and preferably a longer investigation period, for example, spanning all of secondary 

education (i.e., grades 5 through 12). The inclusion of schools with and without ability 

grouping plans across different federal states or countries could help widen the scope of 

future results as well. Academic boredom should also be explored in less researched subject 

domains (e.g., physics, chemistry, sports, second and third language classes). Moreover, 

future studies should feature systematic cross-domain comparisons in order to further clarify 

the subject-specific effects of ability grouping. Measurement models of academic boredom 

should continue to include different types of subject-specific boredom simultaneously, 

while using a greater number of item indicators for enhanced scale reliability and the 

possibility of testing for cross-sectional scale invariance. As calls for more objective 
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measures of boredom become more and more frequent (e.g., Goetz et al., 2019), 

physiological measures should also be included to measure boredom and compare results 

with classic self-report scales. Finally, future ability grouping studies should continue to 

apply PSM procedures in order to gain empirically relevant control groups. While academic 

boredom should stay relevant as a primary outcome in those studies, it would be important 

to include additional matching variables, such as instruction quality (Goetz, 2004), learning 

preferences (Obergriesser & Stoeger, 2016), or academic performance. 

Practical Implications 

Taking given limitations into consideration, the present study yields several 

practical implications for educational systems struggling with boredom among students. 

Increasing boredom over the course of secondary education is an alarming tendency, 

requiring ongoing, direct boredom prevention over the course of the school career, 

especially when transitioning from primary to secondary school. Clarity and structure of 

classroom instruction (Goetz, 2004), as well as an understandable and supportive 

presentation style at the hand of the teacher (Goetz et al., 2013b), for example, can help 

prevent boredom. Furthermore, tasks should be designed in a way that features an 

individually optimized level of stimulation (Westgate & Wilson, 2018), which requires 

profound knowledge of students’ abilities and learning preferences. From CVT’s (Pekrun, 

2006) perspective, the real-life value of mathematics and German as subjects should be 

systematically communicated in order to increase students’ subjective value. This may be 

accomplished, for instance, by incorporating more life-like task framing at school, such as 

by determining the shape of a spreading virus curve (in math class) or by writing a CV (in 

German class). Boredom due to overchallenge needs to be specifically tackled in math class 

(e.g., by revisiting curricula and common instruction forms for math class in 

“Gymnasium”). 
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Our evaluation of full-time ability grouping of the gifted as a classroom-based 

intervention can be described as effective in reducing math-specific boredom intensity and 

math- specific boredom due to overchallenge, while it cannot buffer increasing German-

specific boredom trajectories effectively. There are alternative explanations for these 

subject-specific findings. The selection processes for gifted class programs in our sample 

included intelligence tests, which correlate highly with math abilities (Roth et al., 2015). A 

selection approach favoring verbal over math abilities, for example, might have produced a 

different result pattern regarding effects of ability grouping on subject-specific boredom 

development. Moreover, mathematics might have a higher value than German in the special 

classes for both students and teachers, because of higher perceived predictive value for 

cognitive ability and, hence, intellectual giftedness (Hannover & Kessels, 2004). Therefore, 

it is plausible to assume that both teachers and students in the special classes invested more 

in mathematics as compared to German, which might have reduced feelings of boredom. In 

addition, dimensional comparisons between both domains (Möller & Marsh, 2013; 

Wigfield et al., 2020) that are based on higher math abilities and a higher value of 

mathematics in the special classes might lead to a more unfavorable development in 

German. Of course, these explanations are rather speculative and require validation by 

further research. 

Theoretical Implications 

From a theoretical standpoint, our study indicates that boredom as a psychological 

construct, needs to be researched with differentiation and specificity, meaning that subject- 

specific framing and simultaneous consideration of multiple types of boredom should be 

preferred over general frameworks. Moreover, theoretical frameworks of academic 

boredom could be refined by including more specific predictions for the role of challenge. 

The first-order factor model we used in our study, systematically captures the interplay of 
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boredom intensity, boredom due to underchallenge, and boredom due to overchallenge, 

providing an empirically sound, economically implementable base that could be expanded 

on in future theory building. 

Presently, there is a plurality of boredom measurement approaches with different 

underlying theoretical and factorial frameworks (Vodanovich & Watt, 2016), even when 

limiting the search to purely academic conceptualizations of boredom (e.g., Acee et al., 

2010; Daschmann et al., 2011; Pekrun et al., 2011). While we do realize that our first-order 

factor model and its pertaining measurement approach add to this already vast field, it might 

be useful for reducing heterogeneity in existing boredom conceptualizations at the same 

time. By integrating implications from flow theory (Csikszentmihalyi, 1975, 1990), findings 

from empirical studies of different boredom types (Acee et al., 2010; Daschmann et al., 

2011; Westgate & Wilson, 2018), and CVT (Pekrun, 2006), our three-type boredom 

framework might contribute to the development of a unified, comprehensive model of 

academic boredom. 

Conclusion 

In sum, we found no general support for the boredom hypothesis (Feldhusen & 

Kroll, 1991) or for the capacity of ability-grouped classrooms to reduce boredom (e.g., Bar-

On, 2007; Little, 2012; Plucker et al., 2004; Rogers, 2007). However, ability grouping has 

been shown to be effective in several other ways, for example by increasing academic 

performance (Steenbergen- Hu et al., 2016), or providing social facilitation for gifted 

students (Rogers, 2007). Academic self-concept, on the other hand, has been shown to 

suffer from grouping processes (Fang et al., 2018), although some newer studies have not 

found evidence for impaired academic self- concepts in high ability grouping settings 

(Herrmann et al., 2016; Preckel & Brüll, 2010; Preckel et al., 2019). Ultimately, convincing 

pro-grouping arguments other than boredom reduction remain intact. Still, careful 
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consideration of several psychologically relevant developmental processes (e.g., cognitive, 

affective-motivational, social, health-related) is advised when contemplating an installment 

of ability-grouped classrooms in a given school environment. An increase in PSM studies is 

needed, however, to properly foster the next best thing to systematic effectiveness or 

efficacy studies, which, for obvious ethical reasons, cannot be applied with appropriate 

methodological precision (i.e., randomization) in an active educational system. 
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Chapter 4 – Study 3 
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Abstract 

This longitudinal study examines gender differences in subject-specific academic 

boredom and its development (i.e., in mathematics and German) in an adolescent sample (N = 

1,428; 53.3% male). Students attended the regular German high-track secondary education 

(Gymnasium) and were assessed four times in Grades 5-8. We estimated linear latent growth 

curves for three forms of academic boredom, namely boredom intensity (BO-I), boredom due 

to underchallenge (BO-U), and boredom due to overchallenge (BO-O) over four waves of 

measurement (T1-T4). We predicted latent intercept and slope factors by gender. Subject-

specific appraisals (i.e., academic self-concept; academic interest) and performance (i.e., 

previous grade in the target subject at the end of primary education) were included as 

mediators. Results indicated enhanced boredom levels for male students in both subjects at 

the end of our investigation period (βBO-U in mathematics = -.15**, βBO-I in German = -.11*, βBO-O in 

German = -.22***), as well as an enhanced boredom growth rate for boredom due to 

overchallenge in German (β = -.19**). Implications for educational theorizing and practice are 

discussed. 

Keywords: gender differences, academic boredom, latent growth curve modeling, 

mathematics, language  
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Gender Differences in Academic Boredom and Its Development in Secondary School 

Boredom is “an affective indicator of unsuccessful attentional engagement in valued goal-

congruent activities” (Westgate, 2020, p. 34; see also Westgate & Wilson, 2018). Boredom in 

school (i.e., academic boredom) constitutes a major challenge in education due to its high 

prevalence and detrimental relations with negative outcomes in- and outside the classroom. It 

is associated with lower academic achievement (Tze et al., 2016), lower physical and 

psychological well-being (Schwartze et al., 2021), depressive affect and anxiety (Freund et 

al., 2021; LePera, 2011), as well as unhealthy behaviors, like substance abuse or problem 

gambling (for an overview, see Bench & Lench, 2013). Boredom increases in adolescence 

and over the course of secondary education (Meyer & Schlesier, 2021; Spaeth et al., 2015; 

Weybright et al., 2020), further exacerbating the academic boredom problematic. 

While boredom at school affects all students, there are gender differences in girls vs. boys’ 

boredom levels, especially when considering subject matter (e.g., Pekrun et al., 2017; 

Zaccoletti et al., 2020). To understand these level differences and their emergence over time, 

longitudinal findings are needed. Especially adolescence seems to be a time with significant 

increases in students’ boredom (e.g., Vierhaus et al., 2016). However, not much evidence 

exists on potential gender differences in boredom trajectories over larger time periods (Spaeth 

et al., 2015; Weybright et al., 2020). The core purpose of the present study is to investigate 

gender differences in subject-specific academic boredom longitudinally in adolescents over a 

three-and-a-half-year period. Thereby, we care to learn whether girls and boys are at 

differential risk for boredom, and hence, its negative consequences. To our knowledge, no 

studies have yet tested for gender differences in subject-specific academic boredom 

development in secondary school. 
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Introduction 

Academic Boredom 

The academic realm is characterized by achievement situations. Boredom in these settings 

can be conceptually defined as one of 19 achievement emotions (Pekrun, 2006, 2017) that is 

experienced on-task (activity emotion; e.g., joy) as opposed to prospectively or 

retrospectively (outcome emotions; e.g., pride or shame). Boredom is “the most prevalent 

emotion experienced in a classroom” (Goetz et al., 2020, p. 4), with prevalence rates of more 

than 50% (during mathematics class; Nett et al., 2011). Experiences of boredom at school are 

domain-specific (Goetz et al., 2006, 2010) and can be the result of either under- or 

overchallenge (cf. Raffaelli et al., 2018). Only a few modelling approaches distinguish 

between boredom due to under- and overchallenge, however (cf. Acee et al., 2010; 

Daschmann et al., 2011). One of these, is the 3F-model of boredom (Feuchter & Preckel, 

2022b), which comprises three separate but correlated factors of boredom, namely boredom 

intensity (BO-I), boredom due to underchallenge (BO-U) and boredom due to overchallenge 

(BO-O). This model is also featured in this work. Regarding learning and achievement, meta-

analyses indicate substantial negative correlations between academic boredom and 

performance (σ = -.25, Camacho-Morles et al., 2021; r̅ = -.16, Tze et al., 2016), as well as 

motivation (r̅ = -.40, Tze et al., 2016). Furthermore, boredom and academic achievement 

have been shown to have negative reciprocal effects on each other at every stage of the 

educational system (Lichtenfeld et al., 2022; Pekrun et al., 2014, 2017). 

Development of Academic Boredom in Secondary School 

A multitude of studies point to increasing boredom over the course of secondary school. For 

example, Spaeth et al. (2015) found modest increases in leisure boredom for 10- to 14-year-

olds in Germany. More recently, Weybright et al. (2020) showed a rise in boredom from 

2008-2017 in the US, using representative samples of 8th, 10th, and 12th Grade students. 
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Boredom increases were also apparent within Grade levels. Regarding academic boredom, a 

longitudinal study of two German samples (Grade 2-5 and 4-7) both showed increases in 

general boredom, with substantial changes between Grade 5 and 7 (Vierhaus et al., 2016, p. 

12). Focusing on the transition from primary to secondary school, Meyer and Schlesier 

(2021) found similar increases in general boredom over time during the first two years of 

secondary school in Germany. Preckel and colleagues (2010) found different trajectories of 

three different forms of mathematics-specific boredom in an Austrian student sample during 

the first half of Grade 9, with initial increases in the frequency of boredom and in boredom 

due to overchallenge that later stabilized. Boredom due to underchallenge, on the other hand, 

remained stable after an initial decrease. Longitudinal studies separating different forms of 

academic boredom are scarce, however (cf. Feuchter & Preckel, 2022b). Likewise, subject 

domains are seldomly compared, with mathematics as the predominant research domain. 

Gender Differences in Academic Boredom 

Academic boredom is one of the most prevalent emotions experienced in modern-day 

classrooms, regardless of gender (Goetz et al., 2020). Nonetheless, there are gender 

differences in school-related boredom levels. For mathematics, Pekrun et al. (2017) found 

lower levels of boredom for girls vs. boys. Regarding challenge-related forms of mathematics 

boredom, Goetz and Frenzel (2010) found boredom due to underchallenge to be more 

pronounced in boys, whereas boredom due to overchallenge was more pronounced in girls. 

Comparable results were obtained by Daschmann et al. (2011). For verbal domains and 

language instruction, Zaccoletti et al. (2020) found gender differences indicating higher 

boredom for boys vs. girls when engaged in reading. Similarly, Raccanello et al. (2019) 

found increased native language boredom in elementary school boys vs. girls. Challenge-

related boredom research is lacking for verbal domains. Considering gender differences in 

verbal achievement, research consistently points towards higher verbal achievement in girls 
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vs. boys (Logan & Johnston, 2009; Mostafa & Schwabe, 2019; Petersen, 2018; Reilly et al., 

2019; Voyer & Voyer, 2014). This could imply differential challenge perception, with girls 

potentially experiencing more boredom due to underchallenge and less boredom due to 

overchallenge in language classes because of their higher verbal achievement. However, 

more research is needed here. 

Even less is known about gender differences in academic boredom trajectories. Regarding 

nonacademic boredom, Spaeth et al. (2015) found no gender differences in boredom levels or 

growth rates in their sample. Weybright et al. (2020), on the other hand, found girls to 

experience steeper growth rates than boys from 2008 to 2017. However, this result represents 

historic rather than longitudinal effects. The few existing longitudinal studies of academic 

boredom have mostly included gender as a control variable, putting less emphasis on its 

potential impact on boredom slopes or boredom levels at later stages (e.g., Forsblom et al., 

2021; Meyer & Schlesier, 2021; Pekrun et al., 2017). No studies we know of systematically 

examined gender differences in domain-specific academic boredom trajectories. We aim to 

close this research gap with the present work, acknowledging different forms of academic 

boredom in the process. 

Explaining Gender Differences in Academic Boredom 

It is important to note that statistical gender differences do not necessarily reflect actual 

differences that can be traced back to gender identities. Observed gender differences are 

likely to emerge due to otherwise relevant variables that are correlated with gender instead. 

As for gender differences in academic emotions, control-value theory (CVT; Pekrun, 2006, 

2019) posits that appraisal antecedents to emotional experience, namely subjective control 

and value appraisals, potentially mediate distal effects of individual or contextual antecedents 

such as gender. In addition, subjective challenge perceptions that are related to academic 

performance indicators, such as previously received school grades, may also mediate gender 
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differences in academic boredom – especially considering boredom due to under- and 

overchallenge as separate, challenge-related forms (cf. Feuchter & Preckel, 2022b). 

For both, appraisal antecedents and performance indicators, gender differences are much 

more clearly researched in academic contexts, compared to academic emotions (e.g., Keller et 

al., 2021; Voyer & Voyer, 2014). Results mostly point in the same direction: appraisals, like 

subjective control and value, as well as performance, are enhanced for boys (vs. girls) in the 

mathematics domain, whereas the opposite pattern of enhanced appraisals and performance 

can be observed for girls (vs. boys) in the verbal domain (e.g., Frenzel et al., 2007; Goetz et 

al., 2008, 2013a; Goetz & Frenzel, 2010; Keller et al., 2021). Mathematics performance has a 

special role to play, nevertheless. As reported by international student assessment studies (cf. 

Mostafa & Schwabe, 2019; OECD, 2012), gender gaps in mathematics achievement have 

been closing in recent years. Moreover, girls often receive better mathematics grades than 

boys at school (Pennington et al., 2021; Voyer & Voyer, 2014). In conclusion, if students’ 

appraisals and performance are controlled by including them as mediators (cf. CVT), 

remaining gender differences in academic boredom cannot be traced back to these plausible 

and well-documented alternative explanations. 

The Present Study 

We investigated boredom in mathematics and the verbal domain of German and used the 3F-

model of boredom, which distinguishes boredom intensity (BO-I), boredom due to 

underchallenge (BO-U), and boredom due to overchallenge (BO-O) (Feuchter & Preckel, 

2022b). Gender differences throughout Grades 5-8 of secondary education were examined 

longitudinally, regarding boredom levels at Grade 8, as well as boredom trajectories between 

Grade 5 and Grade 8. In previous work with partly overlapping data but a larger composite 

sample, we found linearly increasing trajectories for these three forms of academic boredom 

in mathematics and German, using latent growth curves (cf. Feuchter & Preckel, 2022b). 
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These previous analyses are repeated for the present study’s sample and amended by a gender 

difference perspective. Additionally, appraisal antecedents and previous academic 

performance were included as potential mediators to statistical effects of gender. The 

following sections contain our research questions (RQ) and pertaining hypotheses (H). 

Gender Differences in Academic Boredom Levels  

Drawing from previous results from studies examining subject-specific gender 

differences in academic boredom (Daschmann et al., 2011; Goetz & Frenzel, 2010; Pekrun et 

al., 2017; Raccanello et al., 2019; Zaccoletti et al., 2020), we expect boys to show higher 

levels of boredom intensity in mathematics and German, as well as higher levels boredom 

due to underchallenge in mathematics. We expect girls to show higher levels of boredom due 

to overchallenge in mathematics. 

Drawing from evidence on girls’ higher verbal performance (Logan & Johnston, 

2009; Mostafa & Schwabe, 2019; Petersen, 2018; Reilly et al., 2019; Voyer & Voyer, 2014), 

we expect girls to have higher levels of boredom due to underchallenge in German. We 

expect boys to show higher levels of boredom due to overchallenge in German. 

RQ 1: Are there gender differences in levels of subject-specific academic boredom at 

Grade 8? 

H1a) Boys show higher mean levels of boredom intensity in mathematics and 

German, boredom due to underchallenge in mathematics, and boredom due to 

overchallenge in German than girls. 

H1b) Girls show higher mean levels of boredom due to overchallenge in mathematics 

and higher mean levels of boredom due to underchallenge in German than boys. 

Gender Differences in Academic Boredom Trajectories 

In line with previous works on boredom development in secondary school (Feuchter 

& Preckel, 2022b; Meyer & Schlesier, 2021; Spaeth et al., 2015; Vierhaus et al., 2016; 



GENDER DIFFERENCES IN ACADEMIC BOREDOM DEVELOMENT 105 

Weybright et al., 2020), we expect linearly increasing boredom trajectories over time. As no 

theory of boredom formulates assumptions on gender differences regarding boredom 

development and respective findings are missing, we investigate gender differences in 

boredom trajectories over time as open research question. 

H2: Boredom intensity (BO-I), boredom due to underchallenge (BO-U), and boredom 

due to overchallenge increase over time in mathematics and the verbal domain of German. 

RQ 2: Are there gender differences in developmental trajectories of subject-specific 

academic boredom from Grades 5-8? 

Material and Methods 

Participants and Procedure 

Data of this study were collected as part of a longitudinal project (AVG-project), examining 

the motivational, social, and affective development of German students over the course of 

secondary school in the top track (“Gymnasium”) of the German three-track secondary 

school system. The AVG-project was approved by the Supervision and Services Directorate 

of Rhineland-Palatinate (Aufsichts- und Dienstleistungsdirektion) (protocol number:32-03 

405/29/05). Target subject domains were mathematics and German. Both are highly 

important subjects taught throughout primary and secondary school in Germany. Our study 

sample comprised N = 1,428 secondary school students (53.3% identified as male, n = 761; 

46.7% identified as female, n = 667), attending Grades 5-8 at five German high-track schools 

located in the federal states of Rhineland-Palatinate (4 schools) and Bavaria (1 school). We 

investigated five successive cohorts from the school term of 2005/2006 onwards. Students 

completed questionnaires over four waves of measurement (T1: early 5th Grade, T2-T4: after 

mid-term evaluations in 5th Grade, 6th Grade, and 8th Grade)6. Previous teacher-assigned 

 
6 Precise waves of measurement differed slightly for each school under investigation. On average, 

students attended 5th Grade for 46.01 days (SD = 17.41) at T1. On average, periods in between successive 

waves of measurement spanned 122.95 days (SD = 32.56) for T1 and T2, 369.82 days (SD = 31.89) for T2 and 

T3, and 721.06 days (SD = 27.23) for T3 and T4. 
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school grades coming out of primary school were acquired beforehand (T0: at the beginning 

of 5th Grade). See Figure 4.1A for a visualization of our study design. 

Respective mean ages (in years) for students at each wave of measurement were MT1 = 10.24 

(SD = 0.56), MT2 = 10.54 (SD = 0.57), MT3 = 11.56 (SD = 0.57), and MT4 = 13.55 (SD = 

0.57). We assessed socio-economic background by student reports of highest educational 

degrees for both parents (for mothers: 12.4% university graduates, 10.3% high school 

graduates, 6.2% high-track secondary school graduates, 2.5% PhDs, 2.4% primary or middle 

school graduates, 0.1% without degree, 66% without entry; for fathers: 12.3% university 

graduates, 7% high school graduates, 5.8% high-track secondary school graduates, 5% PhDs, 

3.3% primary or middle school graduates, 0.1% without degree, 66.5% without entry). The 

study was conducted entirely in German. Most students stated German as their main language 

(66.1%; 23.5% missing). Only 10.4% had a different first language and reported speaking 

German for 7.63 years on average (SD = 2.31). Hence, we expected no language-related 

comprehension problems during our investigation. 
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Figure 4.1 

Visualization of Study Design (A) and Full MIMIC Model (B) 

A 
 

B 
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Note. Gender was codes as 1 – male, 2 – female. AI = academic interest. ASC = academic-self-concept. BO-I = boredom intensity. BO-U = boredom due to 

underchallenge. BO-O = boredom due to overchallenge. I = latent intercept factor. S = latent slope factor. T0 – T4 = Waves of measurement. 

Latent slope factor loadings were: λslope, T1 = -10, λslope, T2 = -8.377, λslope, T3 = -4.979, and λslope, T4 = 0 for T1-T4 respectively, with identical latent intercept 

factor loadings (λintercept = 1). Correlations of study variables were allowed at each individual wave of measurement, as well as for all latent intercept and slope 

factors (omitted here). Colored variables and paths in B form the intermediate Step 2-MIMIC model which was extended in Step 3, by including mediation 

paths. See method section for further details. 
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Variables and Measures 

Gender 

Focusing on gender differences between adolescent girls and boys, we assessed 

students’ gender as a binary variable (1 – male, 2 – female) in demographic questionnaires (n 

= 9 students had been excluded beforehand due to missing entries on gender). 

Boredom Intensity 

Assessed at T1-T4, we used a two-item scale drawn from the Achievement Emotions 

Questionnaire – Mathematics (AEQ-M; Pekrun et al., 2005) to measure subject-specific 

boredom intensity. Item responses were given on a 5-point rating scale (1 – strongly disagree 

to 5 – strongly agree). For item wording, see Table A4.1 of the Appendix. Using brief 

measures can be necessary in long-term assessment projects due to limited questionnaire 

space. In Gogol et al. (2014), for instance, brief scales produced an adequate correlational 

representation of motivational affective constructs, comparable to long scales. We calculated 

Spearman-Brown ρs as a reliability measure for two-item scales (Eisinga et al., 2013), for the 

mathematics (.70 / .73 / .79 / .76 for T1-T4) and German scales (.77 / .76 / .82 /. 82 for T1-

T4). 

Challenge-related Forms of Boredom 

Assessed at T1-T4, we used two-item scales adapted from the PALMA project 

(Pekrun et al., 2007) to measure subject-specific boredom due to underchallenge and 

boredom due to overchallenge. Item responses were given on a 5-point rating scale (1 – 

strongly disagree to 5 – strongly agree). For item wording, see Table A4.1 of the Appendix. 

Spearman-Brown ρs for the mathematics scale of boredom due to underchallenge were .70 / 

.69 / .72 / .74 for T1-T4; for the German scale, ρs were .74 / .72 / .70 / .75 for T1-T4. 

Spearman-Brown ρs for the mathematics scale of boredom due to overchallenge were .77 / 

.74 / .79 / .82 for T1-T4; for the German scale, ρs were .79 / .84 / .76 / .73 for T1-T4. 
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Mediator Variables 

Appraisals. Assessed at T1, we used four items adapted from the PALMA project 

(Pekrun et al., 2007) to assess subject-specific academic interest (AI). Item responses were 

given on a 5-point rating scale (1 – strongly disagree to 5 – strongly agree). For item 

wording, see Table A4.1 of the Appendix. Subjective value as an appraisal antecedent to 

achievement emotions, is often operationalized using measures of intrinsic, extrinsic, or 

utility value (Pekrun, 2019; cf. Putwain et al., 2018). AI, in our case, is most representative of 

intrinsic value. Cronbach’s α was .87 for the mathematics scale and .85 for the German scale.  

Also assessed at T1, we used four items from the short version of the Self-Description 

Questionnaire (SDQ-II; Marsh, 2007, 1990) to measure subject-specific academic self-

concept (ASC). Item responses were given on a 5-point rating scale (1 – strongly disagree to 

5 – strongly agree). For item wording, see Table A4.1 of the Appendix. Besides expectancies 

and attributions, ability self-concepts are often used indicators of subjective control as an 

appraisal antecedent to achievement emotions (Pekrun, 2019). Cronbach’s α was .88 for the 

mathematics ASC scale and .88 for the German ASC scale. 

Previous School Grades. Assessed at T0, we included previous teacher-assigned 

school grades received at the end of German primary school (i.e., Grade 4) as indicator of 

academic performance. Even though school grades are lacking in psychological measurement 

quality, as compared to standardized achievement tests, for example, they do possess high 

ecological validity (Pekrun et al., 2017). Therefore, school grades may represent individual 

challenge, as well as academic achievement and can predict subsequent achievement 

emotions via feedback processes (Pekrun, 2019). We asked students for their final grades in 

mathematics and German, coming out of primary school. In Germany, scholar grades take 

values from 1-6 (1 – very good, 2 – good, 3 – satisfying, 4 – sufficient, 5 – deficient, 6 – 
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insufficient), with higher values indicating poorer performance. We hence coded previous 

grade inversely for more intuitive interpretation of associated effect sizes in later analyses. 

 

Figure 4.2 

Measurement Models for Academic Boredom (A), Academic Interest (B), and Academic Self-

concept (C) 

A 

 
 

B 

 

 C 

 

 

 

 

 

 

3F-model of boredom  Academic interest 

 

Academic self-concept 

Note. Models were estimated separately for mathematics and German domains and served as 

base for further model expansion. BO-I = boredom intensity. BO-U = boredom due to 

underchallenge. BO-O = boredom due to overchallenge. ASC = academic self-concept. AI = 

academic interest. 

 



GENDER DIFFERENCES IN ACADEMIC BOREDOM DEVELOMENT 112 

Data Analyses 

Our main analyses concerned gender differences in academic boredom examined 

longitudinally by latent growth curve modeling methodology (LGCM; Bollen, 2007; 

Meredith & Tisak, 1990). Appraisals and previous grade were controlled for, by including 

mediation paths, connecting exogenous gender to boredom. That way, we could eliminate 

gender differences in these antecedents as alternative explanations. 

All analyses were embedded in a structural equation modeling approach. For our main 

analyses, we estimated multiple-indicator multiple-cause models (MIMIC; Muthén, 1989; see 

also Müller & Schäfer, 2017; Thompson & Green, 2013), predicting latent growth factors in 

boredom (i.e., latent intercept and slope factors) by gender, appraisal antecedents, and 

previous grade (for a visualization, see Figure 4.1B). All analyses were based on the 3F-

model of boredom (cf. Feuchter & Preckel, 2022b), with separate growth processes for three 

correlated boredom factors, representing BO-I, BO-U, and BO-O. Both domains of 

mathematics and German were analysed separately. 

Analyses were conducted using Mplus version 8.4 (Muthén & Muthén, 1998-2019; for 

Mplus-specific methods literature see Byrne, 2012; Kleinke et al., 2017). Models were 

identified using effects coding (Little et al., 2006) to obtain comparable metrics for latent 

variables and manifest item indicators. We used the MLR estimator to account for 

distributional anomalies and the FIML procedure to cope with missing values. 

Auxiliary tests of measurement models for latent variables (i.e., 3F-model of boredom, 

academic interest, and academic self-concept, see Figure 4.2 for a graphic depiction), via 

confirmatory factor analyses (CFAs), are reported in the Appendix (Tables A4.2 & A4.3). 

Measurement Invariance Testing 

As analytical prerequisite to using gender as an exogenous predictor of latent 

boredom, we tested the 3F-model of boredom (T1, T2, T3, T4), as well as ASC and AI 
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models (T1) for (cross-sectional) measurement invariance across genders. We employed a 

step-up approach, up to a level of scalar invariance (Brown, 2015; Byrne, 2012; Kleinke et 

al., 2017). We therefore computed multi-group CFAs with invariance constraints across 

gender subsamples (French & Finch, 2008; see also Byrne, 2012; Kleinke et al., 2017), using 

Mplus’s default “type is meanstructure” option. We followed Chen’s (2007) criterion of 

ΔCFI < -.01 between adjacent models to evaluate measurement invariance across genders.  

As analytical prerequisite to interpreting latent mean development over time, we also 

tested the 3F-model of boredom for (longitudinal) measurement invariance over time. We 

again employed a step-up approach, up to a level of scalar invariance (Brown, 2015; Kleinke 

et al., 2017). We conducted correlated uniqueness longitudinal CFAs with invariance 

constraints for repeated item indicators (Geiser, 2011; Kleinke et al., 2017), using Mplus’s 

“type is complex” option to account for our nested data structure (i.e., students were nested in 

43 different classrooms). To assess measurement invariance, we again turned to Chen’s 

(2007) criterion of ∆CFI < -.01 between adjacent models. 

Main Analyses 

Given intended levels of measurement invariance for all relevant constructs, we would 

construe MIMIC models in a three-step process. In Step 1, we would estimate academic 

boredom development using linear latent growth curve (LGC) models based on the 3F-model 

of boredom. In Step 2, we would add gender as an exogenous predictor to latent growth 

factors of previous LGC models. In Step 3, we would include appraisal and performance 

mediator variables, arriving at our main analytical models. Model fits from all steps are 

evaluated using the GFI criteria proposed by Hu and Bentler (1999), with CFI ≈ .95, RMSEA 

≈ .06, and SRMR ≈ .08, corresponding to a good fit. 

Linear LGC Models of Academic Boredom (Step 1). Carrying over measurement 

invariant constraints over time, we estimated linear latent growth curve models based on the 
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3F-model of boredom. These linear trajectories were established in our previous work, using 

a larger sample that included this study’s participants (Feuchter & Preckel, 2022b). Latent 

slope factor loadings represented coding of time, with mean periods in between waves of 

measurement as the criterion (Biesanz et al., 2004). The origin of time was placed at T4. 

Latent slope factor loadings for each form of boredom within the 3F-model were: λslope, T1 = -

10, λslope, T2 = -8.377, λslope, T3 = -4.979, λslope, T4 = 0. Latent intercept factor loadings were 

identical at λintercept = 1 for each form of boredom and each wave of measurement.  

Adding Gender as Exogenous Predictor (Step 2). To assess gender differences in 

boredom development, we regressed previously established latent growth factors on gender. 

Due to the coding of gender (1 – male, 2 – female), negative predictive path coefficients 

indicate higher values for boys, whereas positive coefficients reflect higher values for girls. 

Adding Appraisal and Performance Mediator Variables (Step 3). In addition to 

modeling gender effects on latent growth in boredom, we also regressed latent growth factors 

of boredom on proximal appraisal antecedents (i.e., ASC and AI, assessed at T1) and 

previous performance (i.e., previous grade in mathematics or German, assessed at T0). 

Appraisal antecedents and performance were also regressed on gender, making them 

mediators to gender-boredom-relations. To reduce model complexity while also 

acknowledging measurement error, we would use ASC- and AI-factor scores stored from 

previous CFAs, given measurement invariance across genders and adequate factor 

determinacies (i.e., > .90, Mulaik, 2009; for details, see Table A4.3 & A4.5 of the Appendix). 

Transparency and Openness 

We report how we determined our sample size, all data exclusions, and all measures in this 

manuscript (see above). Materials and analysis code are available by emailing the 

corresponding author. Raw data cannot be made available to the broader public (except for 

reviewer requests) due to contractual obligations considering the [associate institution]. Data 
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were analysed using Mplus, version 8.4 (Muthén & Muthén, 1998-2019). We used IBM 

SPSS Statistics, version 29 (IBM Corporation, 2022) for computing descriptive statistics and 

manifest correlations for all study variables. This study’s design and its analyses were not 

pre-registered. 

Results 

In addition to results listed here, the Appendix reports the results on CFAs for latent 

variables (Tables A4.2 & A4.3). Descriptive statistics (Table 4.1), as well as manifest and 

latent correlations of all study variables (Tables 4.2 & 4.3) are displayed in Tables 4.1-4.3. 
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Table 4.1 

Manifest Descriptive Statistics for Entire Sample and by Gender 

 Entire sample 
 

Males only 
 

Fenales only 

 n M SEMean SD Var Skewness SESkewness Kurtosis SEKurtosis 
 

n M SEMean SD Var Skewness SESkewness Kurtosis SEKurtosis 
 

n M SEMean SD Var Skewness SESkewness Kurtosis SEKurtosis 

Mathematics 

Previous 

GradeT0 
1,070 5.14 .02 .62 .38 -.21 .08 .04 .15 

 
552 5.20 .03 .60 .36 -.31 .10 .50 .21 

 
518 5.07 .03 .63 .40 -.10 .11 -.31 .21 

AIT1 1,025 3.50 .03 1.06 1.13 -.35 .08 -.74 .15  526 3.67 .04 1.02 1.03 -.48 .11 -.53 .21  499 3.31 .05 1.08 1.17 -.20 .11 -.87 .22 

ASCT1 1,025 3.93 .03 .88 .77 -.64 .08 -.07 .15  526 4.14 .04 .83 .69 -.94 .11 .64 .21  499 3.72 .04 .88 .77 -.40 .11 -.30 .22 

BO-IT1 1,022 1.75 .03 .93 .86 1.40 .08 1.58 .15  526 1.74 .04 .91 .83 1.46 .11 2.03 .21  496 1.77 .04 .94 .88 1.33 .11 1.18 .22 

BO-IT2 1,028 1.83 .03 .98 .95 1.32 .08 1.29 .15  522 1.89 .05 1.04 1.08 1.24 .11 .88 .21  506 1.76 .04 .90 .82 1.38 .11 1.73 .22 

BO-IT3 998 2.08 .04 1.13 1.27 .98 .08 .10 .16  510 2.14 .05 1.19 1.43 .92 .11 -.13 .22  488 2.03 .05 1.05 1.10 1.01 .11 .31 .22 

BO-IT4 986 2.55 .04 1.13 1.27 .48 .08 -.54 .16  484 2.50 .05 1.15 1.32 .57 .11 -.41 .22  502 2.59 .05 1.11 1.22 .40 .11 -.66 .22 

BO-UT1 1,025 2.02 .03 .99 .98 .90 .08 .26 .15  526 2.13 .04 1.03 1.06 .72 .11 -.19 .21  499 1.91 .04 .93 .87 1.11 .11 .99 .22 

BO-UT2 1,030 2.08 .03 .98 .97 .91 .08 .39 .15  523 2.25 .05 1.05 1.10 .68 .11 -.18 .21  507 1.90 .04 .88 .78 1.16 .11 1.39 .22 

BO-UT3 995 2.08 .03 .99 .99 .98 .08 .64 .16  508 2.28 .05 1.04 1.09 .84 .11 .30 .22  487 1.87 .04 .90 .81 1.12 .11 1.05 .22 

BO-UT4 975 2.25 .03 1.05 1.10 .80 .08 .08 .16  475 2.44 .05 1.04 1.08 .66 .11 -.02 .22  500 2.08 .05 1.02 1.05 1.00 .11 .42 .22 

BO-OT1 1,020 1.66 .03 .89 .79 1.56 .08 2.36 .15  524 1.66 .04 .93 .86 1.53 .11 1.95 .21  496 1.65 .04 .84 .71 1.60 .11 2.91 .22 

BO-OT2 1,026 1.78 .03 .93 .86 1.18 .08 .79 .15  522 1.77 .04 .93 .87 1.13 .11 .46 .21  504 1.79 .04 .93 .86 1.24 .11 1.17 .22 

BO-OT3 994 1.96 .03 1.02 1.03 .96 .08 .16 .16  506 1.94 .05 1.03 1.06 1.05 .11 .43 .22  488 1.98 .05 1.01 1.01 .87 .11 -.10 .22 

BO-OT4 979 2.32 .04 1.18 1.39 .65 .08 -.54 .16  478 2.24 .05 1.15 1.32 .64 .11 -.55 .22  501 2.39 .05 1.21 1.45 .65 .11 -.58 .22 

German 

Previous 

GradeT0 
1,050 5.11 .02 .57 .33 -.21 .08 .88 .15 

 
546 4.98 .02 .56 .31 -.40 .11 1.61 .21 

 
504 5.25 .03 .56 .31 -.05 .11 -.01 .22 

AIT1 1,023 3.41 .03 1.00 1.00 -.19 .08 -.67 .15  524 3.29 .04 1.01 1.01 -.13 .11 -.72 .21  499 3.54 .04 .97 .95 -.25 .11 -.61 .22 

ASCT1 1,021 3.77 .03 .88 .78 -.38 .08 -.40 .15  523 3.65 .04 .89 .80 -.36 .11 -.23 .21  498 3.90 .04 .85 .73 -.39 .11 -.67 .22 

BO-IT1 1,019 1.81 .03 .94 .89 1.29 .08 1.33 .15  521 1.94 .04 1.02 1.04 1.09 .11 .62 .21  498 1.67 .04 .84 .70 1.50 .11 2.36 .22 

BO-IT2 1,026 1.96 .03 1.02 1.05 1.13 .08 .79 .15  520 2.14 .05 1.08 1.16 .92 .11 .26 .21  506 1.78 .04 .93 .86 1.38 .11 1.67 .22 

BO-IT3 992 2.26 .04 1.12 1.25 .76 .08 -.22 .16  503 2.37 .05 1.14 1.31 .69 .11 -.37 .22  489 2.13 .05 1.08 1.16 .83 .11 -.05 .22 

BO-IT4 976 2.45 .04 1.14 1.29 .54 .08 -.48 .16  476 2.57 .05 1.17 1.37 .47 .11 -.57 .22  500 2.34 .05 1.09 1.19 .59 .11 -.40 .22 

BO-UT1 1,019 2.00 .03 .98 .97 .85 .08 .14 .15  521 2.08 .04 1.01 1.03 .75 .11 -.10 .21  498 1.90 .04 .94 .89 .96 .11 .46 .22 

BO-UT2 1,023 2.05 .03 .99 .98 .86 .08 .30 .15  518 2.16 .04 1.01 1.03 .76 .11 .14 .21  505 1.93 .04 .95 .90 .97 .11 .54 .22 

BO-UT3 991 2.24 .03 1.01 1.01 .62 .08 -.15 .16  505 2.32 .05 1.02 1.05 .59 .11 -.24 .22  486 2.15 .04 .98 .97 .66 .11 -.05 .22 

BO-UT4 967 2.38 .03 .99 .98 .52 .08 -.23 .16  467 2.41 .05 .98 .96 .47 .11 -.30 .23  500 2.35 .04 1.00 1.00 .58 .11 -.16 .22 

BO-OT1 1,018 1.61 .03 .86 .73 1.69 .08 2.91 .15  520 1.68 .04 .89 .79 1.48 .11 2.13 .21  498 1.53 .04 .81 .66 1.95 .11 4.12 .22 

BO-OT2 1,021 1.71 .03 .93 .87 1.35 .08 1.36 .15  517 1.82 .04 .99 .99 1.16 .11 .74 .21  504 1.60 .04 .85 .73 1.58 .11 2.26 .22 

BO-OT3 986 1.77 .03 .89 .79 1.16 .08 .97 .16  503 1.93 .04 .92 .85 .82 .11 .14 .22  483 1.60 .04 .83 .69 1.66 .11 2.80 .22 

BO-OT4 965 1.76 .03 .87 .75 1.28 .08 1.61 .16  466 1.91 .04 .89 .79 .98 .11 .90 .23  499 1.62 .04 .82 .68 1.65 .11 2.96 .22 

                              



GENDER DIFFERENCES IN ACADEMIC BOREDOM DEVELOMENT  117 

Note. Descriptive statistics taken from SPSS-outputs (listwise deletion for missing values). AI = academic interest. ASC = academic-self-concept. BO-I = 

boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. T0 – T4 = Waves of measurement. Previous grade was 

inversely coded regarding original numeric values (see method section). 

  



GENDER DIFFERENCES IN ACADEMIC BOREDOM DEVELOMENT  118 

Table 4.2 

Manifest (Upper Array) and Latent Correlations (Lower Array) of Study Constructs in Mathematics 

 
BO-IT1 BO-UT1 BO-OT1 BO-IT2 BO-UT2 BO-OT2 BO-IT3 BO-UT3 BO-OT3 BO-IT4 BO-UT4 BO-OT4 IBO-I SBO-I IBO-U SBO-U IBO-O SBO-O ASCT1 AIT1 

Previous 

GradeT0 
Gender 

BO-IT1  .547 .264 .463 .281 .166 .308 .171 .171 .185 .008 .088       -.266 -.518 .074 .013 

BO-UT1 .794  .131 .315 .446 .096 .222 .341 .082 .083 .141 -.018       .070 -.162 -.058 -.108 

BO-OT1 .375 .192  .197 .031 .502 .106 -.025 .335 .116 -.030 .167       -.348 -.225 .146 -.009 

BO-IT2 .606 .466 .263  .514 .331 .342 .160 .177 .258 .043 .140       -.242 -.399 .042 -.069 

BO-UT2 .448 .599 .089 .695  .145 .238 .398 .042 .163 .269 -.012       .113 -.039 -.062 -.175 

BO-OT2 .256 .111 .689 .432 .182  .186 -.019 .440 .153 -.107 .324       -.307 -.225 .155 .012 

BO-IT3 .381 .303 .197 .360 .248 .200  .344 .352 .323 .045 .109       -.129 -.276 .030 -.049 

BO-UT3 .271 .450 .023 .234 .485 -.015 .474  -.033 .096 .452 -.151       .232 .087 -.161 -.205 

BO-OT3 .200 .079 .488 .207 .023 .506 .450 -.040  .166 -.161 .352       -.268 -.187 .199 .022 

BO-IT4 .221 .194 .175 .283 .170 .196 .397 .159 .212  .071 .462       -.145 -.266 .079 .037 

BO-UT4 .019 .225 -.065 .036 .349 -.124 .071 .577 -.217 .086  -.275       .260 .152 -.229 -.173 

BO-OT4 .144 .045 .278 .161 -.025 .359 .170 -.156 .464 .594 -.346        -.266 -.209 .241 .062 

IBO-I .273 .240 .217 .350 .210 .242 .491 .196 .262 .809 .167 .287           

SBO-I -.386 -.263 -.058 -.195 -.191 -.019 .133 -.049 .054 .572 .143 .134 .707          

IBO-U .021 .245 -.071 .039 .380 -.135 .077 .628 -.236 .147 .918 -.348 .181 .156         

SBO-U -.469 -.385 -.178 -.366 -.197 -.226 -.186 .169 -.290 -.023 .643 -.362 -.028 .384 .701        

IBO-O .188 .059 .365 .211 -.033 .469 .223 -.204 .607 .304 -.418 .764 .375 .175 -.455 -.473       

SBO-O -.069 -.057 -.359 -.039 -.118 -.186 .036 -.227 .144 .137 -.357 .501 .170 .231 -.389 -.306 .656      

ASCT1 -.306 .076 -.385 -.297 .132 -.377 -.195 .215 -.322 -.129 .311 -.266 -.159 .162 .339 .234 -.349 .017  .653 -.382 -.240 

AIT1 -.639 -.212 -.269 -.511 -.080 -.268 -.357 .038 -.238 -.275 .191 -.208 -.340 .204 .208 .321 -.272 -.016 .671  -.186 -.170 

Previous 

GradeT0 
-.067 .050 -.169 -.066 .088 -.195 -.054 .160 -.220 -.056 .246 -.251 -.070 -.003 .268 .203 -.328 -.169 .373 .182  .102 

Gender -.050 -.173 -.023 -.040 -.188 -.007 -.017 -.201 .023 .005 -.207 .055 .006 .052 -.225 -.046 .072 .094 -.233 -.154 -.095  

                       

Note. Significant correlations (p < .05) highlighted in boldface. BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to 

overchallenge. I = latent intercept factor. S = latent slope factor. ASC = academic self-concept. AI = academic interest. T1-T4 represent waves of measurement. 
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Gender (1 – male, 2 – female) was treated as a metric variable (Sedlmeier & Renkewitz, 2013). Latent correlations taken from the MIMIC model outputs. 

Underlying sample sizes for manifest vs. latent correlation may differ due to differential treatment of missing data (pairwise deletion for manifest correlations; 

FIML for latent correlations). 
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Table 4.3 

Manifest (Upper Array) and Latent Correlations (Lower Array) of Study Constructs in German 

 
BO-IT1 BO-UT1 BO-OT1 BO-IT2 BO-UT2 BO-OT2 BO-IT3 BO-UT3 BO-OT3 BO-IT4 BO-UT4 BO-OT4 IBO-I SBO-I IBO-U SBO-U IBO-O SBO-O ASCT1 AIT1 

Previous 

GradeT0 
Gender 

BO-IT1  .591 .331 .444 .344 .174 .270 .203 .196 .172 .015 .107       -.339 -.534 .128 -.144 

BO-UT1 .805  .324 .390 .471 .181 .265 .329 .171 .131 .147 .123       -.084 -.284 .083 -.093 

BO-OT1 .429 .419  .258 .197 .442 .209 .109 .381 .146 .005 .262       -.304 -.217 .225 -.086 

BO-IT2 .525 .491 .297  .585 .380 .362 .231 .215 .178 .100 .133       -.206 -.373 .069 -.177 

BO-UT2 .493 .628 .248 .794  .298 .267 .347 .134 .126 .155 .078       -.055 -.191 .042 -.115 

BO-OT2 .295 .247 .545 .490 .384  .228 .112 .427 .082 -.007 .277       -.238 -.148 .213 -.120 

BO-IT3 .364 .336 .232 .331 .301 .197  .511 .289 .317 .161 .145       -.142 -.273 .023 -.107 

BO-UT3 .318 .453 .159 .295 .429 .123 .689  .109 .159 .287 .008       .064 -.118 -.073 -.086 

BO-OT3 .259 .234 .519 .220 .187 .468 .344 .158  .104 -.068 .354       -.226 -.171 .201 -.183 

BO-IT4 .221 .196 .188 .259 .206 .167 .364 .249 .177  .339 .366       -.170 -.260 .046 -.099 

BO-UT4 .064 .194 .029 .119 .240 .002 .189 .344 -.054 .455  .061       .116 .009 -.056 -.030 

BO-OT4 .166 .181 .406 .149 .130 .403 .148 .019 .528 .484 .090        -.232 -.136 .133 -.164 

IBO-I .298 .264 .253 .350 .278 .225 .490 .335 .238 .742 .412 .229           

SBO-I -.344 -.338 -.097 -.163 -.224 -.063 .129 -.002 -.015 .511 .317 .068 .688          

IBO-U .091 .278 .042 .170 .344 .003 .270 .493 -.078 .437 .699 -.200 .590 .453         

SBO-U -.563 -.566 -.288 -.387 -.409 -.269 -.142 -.100 -.319 .141 .342 -.359 .190 .722 .490        

IBO-O .203 .222 .498 .183 .159 .495 .182 .023 .648 .209 -.172 .815 .282 .083 -.245 -.441       

SBO-O -.279 -.163 -.347 -.213 -.171 -.210 -.122 -.200 .005 -.028 -.239 .357 -.038 .234 -.342 -.097 .438      

ASCT1 -.364 -.099 -.326 -.231 -.056 -.281 -.181 .035 -.280 -.146 .164 -.241 -.197 .076 .234 .295 -.296 .125  .603 -.323 .140 

AIT1 -.618 -.367 -.247 -.443 -.269 -.207 -.334 -.154 -.192 -.252 .012 -.141 -.339 .190 .017 .371 -.173 .154 .617  -.133 .127 

Previous 

GradeT0 
-.114 -.077 -.271 -.101 -.054 -.232 -.073 -.004 -.227 -.050 .066 -.188 -.067 .056 .095 .160 -.231 .121 .324 .132  -.240 

Gender -.195 -.142 -.131 -.178 -.129 -.131 -.138 -.099 -.174 -.110 -.055 -.222 -.149 .061 -.079 .095 -.273 -.127 .143 .135 .245  

                       

Note. Significant correlations (p < .05) highlighted in boldface. BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to 

overchallenge. I = latent intercept factor. S = latent slope factor. ASC = academic self-concept. AI = academic interest. T1-T4 represent waves of measurement. 
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Gender (1 – male, 2 – female) was treated as a metric variable (Sedlmeier & Renkewitz, 2013). Latent correlations taken from the MIMIC model outputs. 

Underlying sample sizes for manifest vs. latent correlation may differ due to differential treatment of missing data (pairwise deletion for manifest correlations; 

FIML for latent correlations). 
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Measurement Invariance Testing 

Details and model fits for measurement invariance testing are reported in the Appendix 

(Tables A4.4 – A4.6). To summarize, the 3F-model of boredom showed scalar measurement 

invariance across genders for German, whereas the mathematics model showed partially 

scalar measurement invariance across genders for T2 and T3. Hence, requirements were met 

for using gender as an exogenous predictor of latent boredom development. Both ASC and 

AI showed scalar measurement invariance across genders for German, and partially scalar 

measurement invariance across genders for mathematics at T1, allowing the regression of 

appraisals on gender. Scalar measurement invariance over time held for the 3F-model of 

boredom in both subject domains, fulfilling the prerequisite for LGCM. In sum, all three of 

the planned steps could be executed and interpreted in accordance with conventional 

modeling demands (Byrne, 2012; Jöreskog, 1971; Kleinke et al., 2017). 

Main Analyses 

Table 4.4 shows fit indexes for LGC models (Step 1) and MIMIC models (Steps 2 and 3) of 

academic boredom development over time. Overall, analytical models approximated the 

underlying data well in both subjects (.95 ≤ CFI ≤ .99, .013 ≤ RMSEA ≤ .032, .032 ≤ SRMR 

≤ .048, see Hu & Bentler, 1999). For linear LGC models (Step 1), unstandardized parameter 

estimates, i.e., mean values and variances alongside standard errors, are listed in Table 4.5. 

Standardized predictive effects (βs) for our MIMIC models (Steps 2 and 3), including 

mediations by appraisals and performance indicators, are depicted in Figure 4.3. An overview 

of standardized indirect effects (βs) of gender, including variance accounted for in boredom 

growth factors (R²) is presented in Table 4.6.
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Table 4.4 

Fit Indexes for Linear Latent Growth Curve (LGC) and MIMIC Models 

 Sample Size and Missingness  Model Fit 

Model n Range of Covariance Coverage 
 

2 df SCF CFI 
RMSEA 

[90%-CI] 
SRMR 

Mathematics 

LGC (Step 1) 1,418 .488-.723  438.755*** 207 1.2452 .965 .028 [.024-.032] .046 

MIMIC (Step 2)a 1,418 .488-.723  508.178*** 225 1.2250 .958 .030 [.026-.033] .047 

MIMIC (Step 3)a,b 1,418 .488-.755  682.507*** 275 1.1889 .951 .032 [.029-.035] .048 

German 

LGC (Step 1) 1,414 .483-.721  260.452** 207 1.3167 .991 .014 [.007-.018] .033 

MIMIC (Step 2)a 1,414 .483-.721  275.823* 225 1.2962 .992 .013 [.006-.017] .032 

MIMIC (Step 3)a,b 1,415 .483-.742  403.889*** 275 1.2684 .983 .018 [.014-.022] .034 

          

Note. * p < .05. ** p < .01. *** p < .001. SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

Longitudinal invariance constraints were carried over from scalar invariance models (see Table A4.6 of the Appendix). Latent slope factor 

loadings were λT1 = -10 / λT2 = -8.377 / λT3 = -4.979 / λT4 = 0 (increasing linear trajectory). 

a Gender added as exogenous predictor to latent growth factors. 

b Appraisals and previous grade added as mediators to gender-boredom-relations. 
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Table 4.5 

Unstandardized Parameter Estimates for Latent Growth Factors in Linear LGC Models 

 Intercept Slope 

Academic Boredom M (SE) Var (SE) M (SE) Var (SE) 

Mathematics (n = 1,418)     

BO-I 2.54 (.06)*** .61 (.12)*** .08 (.01)*** .01 (.002)*** 

BO-U 2.23 (.06)*** .69 (.10)*** .02 (.01)* .01 (.002)*** 

BO-O 2.34 (.04)*** .67 (.08)*** .07 (.01)*** .01 (.001)*** 

German (n = 1,414)     

BO-I 2.52 (.07)*** .52 (.11)*** .07 (.01)*** .01 (.001)*** 

BO-U 2.41 (.05)*** .36 (.08)*** .04 (.01)*** .01 (.001)*** 

BO-O 1.82 (.03)*** .39 (.06)*** .02 (.004)*** .003 (.001)*** 

     

Note. BO-I = Boredom intensity. BO-U = Boredom due to underchallenge. BO-O = Boredom 

due to overchallenge.** p < .01. *** p < .001. 

 

Primary Results on Gender Differences 

Effects of Gender on Latent Boredom Growth. For mathematics, gender 

significantly predicted BO-U-levels at T4 (i.e., the latent intercept factor), with moderately 

higher levels for boys vs. girls (β = -.22, p < .001; moderate effect size for .10 ≤ β ≤ .25, see 

Keith, 2006). For German, gender significantly predicted BO-I-levels (β = -.15, p < .01) and 

BO-O-levels at T4 (β = -.23, p < .001), indicating moderately to highly enhanced levels for 

boys vs. girls (large effect size for β > .25, see Keith, 2006). None of the other latent growth 

factors were significantly predicted by gender (.02 ≤ |β| ≤ .13, respective ps > .05; small 

effect size for β <.10, see Keith, 2006). 

Variance in latent boredom growth accounted for by gender predictions, was 

altogether small (.00 ≤ R² ≤ .08; small effect size for .02 ≤ R2 < .13, see Cohen, 1988). Only 

BO-U-levels at T4 in mathematics (R² = .05), and BO-O-levels at T4 in German (R² = .08) 

showed significant levels of explained variance. 

Mediated Effects of Gender on Latent Boredom Growth. When controlling for 

appraisals (i.e., ASC and AI) and prior school achievement in mathematics, gender 
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significantly predicted BO-U-levels at T4, with moderately higher levels for boys vs. girls (β 

= -.15, p < .01). Besides, gender significantly predicted AI (β = -.15, p < .001), ASC (β = -

.23, p < .001), and previous grade (β = -.10, p < .01), all with moderately higher values for 

boys vs. girls. For German, gender significantly predicted BO-I-levels (β = -.11, p < .05) and 

BO-O-levels at T4 (β = -.22, p < .001), with moderately higher levels for boys vs. girls. 

Gender also significantly predicted latent linear BO-O-trajectories (i.e., the latent slope 

factor, β = -.19, p < .01), with moderately steeper increases for boys vs. girls over the course 

of our investigation period (T1-T4). Besides, gender predicted AI (β = .14, p < .001), ASC (β 

= .14, p < .001), and previous grade (β = .25, p < .001) in German, all with moderately higher 

values for girls vs. boys. None of the other latent growth factors were significantly predicted 

by gender (.01 ≤ |β| ≤ .11, respective ps > .05; small effect size for β <.10, see Keith, 2006). 

Total indirect effects of gender via appraisal and performance antecedents from Step 

3-MIMIC models were altogether of small effect size (.00 ≤ |β| ≤ .08). For mathematics, 

gender had significant total indirect effects on all three forms of boredom levels at T4 (βindirect 

→ BO-I = .04; βindirect → BO-U = -.07; βindirect → BO-O = .08). Additionally, gender had significant 

total indirect effects on BO-I- and BO-U-trajectories (βindirect → BO-I = -.04; βindirect → BO-U = -

.06). For German, gender had significant total indirect effects on BO-I- (βindirect → BO-I = -.04) 

and BO-O-levels at T4 (βindirect → BO-O = -.06), as well as on BO-U- (βindirect → BO-U = .08) and 

BO-O-trajectories (βindirect → BO-O = .06). 

By including appraisal and performance mediation paths (Step 3-MIMIC model), 

variance in latent boredom growth accounted for by all predictors increased (.04 ≤ R² ≤ .17). 

For mathematics, BO-I- (R2 = .13; moderate effect size for R2 ≥ .13, see Cohen, 1988), BO-

U- (R² = .16), and BO-O-levels at T4 (R² = .17), as well as the BO-U-trajectory (R² = .13) all 

showed significant, moderate amounts of variance explained. For German, BO-I- (R² = .13), 

BO-U- (R² = .10), and BO-O-levels at T4 (R² = .15), as well as BO-U- (R² = .15) and BO-O-
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trajectories (R² = .07), all showed significant, small to moderate levels of explained variance. 

For further details on mediation analyses results, please refer to Table 4.6. 

Secondary Results by Mediator Variable 

Academic Interest. For mathematics, AI negatively predicted BO-I-levels at T4 (β = 

-.43, p < .001, large effect size for β > .25, see Keith, 2006) and positively predicted BO-O-

levels at T4 (β = .32, p < .001). For German, AI negatively predicted BO-I-levels (β = -.34, p 

< .001) and BO-U-levels at T4 (β = -.19, p < .01). AI also positively predicted linear BO-I-

trajectories (β = .23, p < .05) and BO-U-trajectories (β = .32, p < .001). Other predictions by 

AI did not reach statistical significance (.02 ≤ |β| ≤ .17, respective ps > .05). 

Academic Self-concept. For mathematics, ASC positively predicted BO-I-levels (β = 

.14, p < .05) and BO-U-levels at T4 (β = .25, p < .001). ASC also negatively predicted BO-O-

levels at T4 (β = -.20, p < .01). For German, ASC positively predicted BO-U-levels at T4 (β = 

.36, p < .001) and negatively predicted BO-O-levels at T4 (β = -.25, p < .01). Other 

predictions by ASC did not reach statistical significance (.01 ≤ |β| ≤ .17, respective ps > .05). 

Previous Grade. For mathematics, previous grade positively predicted both BO-U-

levels at T4 (β = .16, p < .01) and the BO-U-trajectory (β = .16, p < .05). Previous grade also 

negatively predicted both, BO-O-levels at T4 (β = -.18, p < .01) and the BO-O-trajectory (β = 

-.21, p < .01). For German, previous grade negatively predicted BO-O-levels at T4 (β = -.10, 

p < .05), while positively predicting the BO-O-trajectory across time (β = .14, p < .05). Other 

predictions by previous grade did not reach statistical significance (.00 ≤ |β| ≤ .09, respective 

ps > .05).
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Figure 4.3 

Results for Standardized Predictive Paths (βs) of MIMIC Models for Mathematics (A) and German (B) 

A 
 

B 
 

 

Note. Negative paths indicate higher values for boys, positive paths indicate higher values for girls. Gender effect β's include results for Step 2- (first coefficient) and Step 3-

MIMIC models (second coefficient; after including mediation paths). Significant predictions (p < .05) were highlighted. Nonsignificant predictions are indicated by dashed 

lines. * p < .05. ** p < .01. *** p < .001. Gender was codes as 1 – male, 2 – female. AI = academic interest. ASC = academic-self-concept. I = latent intercept factor. S = latent 

slope factor. Latent boredom factors, as well as latent intercept- and slope factor loadings were included but are omitted in depiction. Correlations of study variables were 

allowed at each individual wave of measurement, as well as for all latent intercept and slope factors (omitted here). See results section for further details.  
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Table 4.6 

Summary of Standardized Gender Effects on Latent Growth in Academic Boredom 

  Mathematics   German 

Gender 

effects on 
Direct 

Indirect 

via ASC 

Indirect 

via AI 

Indirect 

via Previous 

Grade 

Total 

indirect 
Total 

R² for growth 

factor 

 

Direct 
Indirect 

via ASC 

Indirect 

via AI 

Indirect 

via Previous 

Grade 

Total 

indirect 
Total 

R² for 

growth 

factor 

MIMIC (Step 2) 

BO-I                

→ Intercept 
-.02 

(.95) 
     

.00 

(.00) 

 -.15 

(.05)** 
     

.02 

(.02) 

→ Slope 
.06 

(.05) 
     

.004 

(.01) 

 .07 

(.06) 
     

.01 

(.01) 

BO-U                

→ Intercept 
-.22 

(.05)*** 
     

.05 

(.02)* 

 -.08 

(.06) 
     

.01 

(.01) 

→ Slope 
-.04 

(.06) 
     

.00 

(.01) 

 .10 

(.07) 
     

.01 

(.01) 

BO-O                

→ Intercept 
.07 

(.05) 
     

.01 

(.01) 

 -.27 

(.05)*** 
     

.08 

(.03)** 

→ Slope 
.10 

(.06) 
     

.01 

(.01) 

 -.13 

(.07) 
     

.02 

(.02) 

MIMIC (Step 3) 

BO-I                

→ Intercept 
-.03 

(.02) 

-.03 

(.05) 

.07 

(.02)*** 

.00 

(.00) 

.04 

(.02)* 

.01 

(.05) 

.13 

(.04)** 

 -.11 

(.05)* 

.01 

(.01) 

-.05 

(.01)** 

-.00 

(.01) 

-.04 

(.01)** 

-.15 

(.05)** 

.13 

(.04)** 

→ Slope 
.09 

(.06) 

-.02 

(.02) 

-.03 

(.02) 

.01 

(.01) 

-.04 

(.02)* 

.05 

(.05) 

.05 

(.04) 

 .03 

(.05) 

-.01 

(.02) 

.03 

(.02) 

.01 

(.02) 

.03 

(.02) 

.06 

(.06) 

.04 

(.03) 

BO-U                

→ Intercept 
-.15 

(.05)** 

-.06 

(.02)*** 

.00 

(.01) 

-.02 

(.01)* 

-.07 

(.01)*** 

-.23 

(.05)*** 

.16 

(.04)*** 

 -.11 

(.07) 

.05 

(.02)** 

-.03 

(.01)* 

.01 

(.02) 

.03 

(.02) 

-.08 

(.06) 

.10 

(.04)* 

→ Slope 
.01 

(.06) 

.01 

(.02) 

-.05 

(.02)** 

-.02 

(.01)* 

-.06 

(.02)** 

-.05 

(.06) 

.13 

(.05)** 

 .02 

(.06) 

.01 

(.01) 

.04 

(.02)** 

.02 

(.02) 

.08 

(.02)*** 

.10 

(.07) 

.15 

(.05)** 

BO-O                

→ Intercept 
-.01 

(.06) 

.05 

(.02)* 

.02 

(.01) 

.02 

(.01)** 

.08 

(.02)*** 

.07 

(.05) 

.17 

(.04)*** 

 -.22 

(.05)*** 

-.04 

(.02)* 

.00 

(.01) 

-.03 

(.01)* 

-.06 

(.02)*** 

-.27 

(.05)*** 

.15 

(.04)** 

→ Slope 
.10 

(.07) 

-.04 

(.02) 

.01 

(.01) 

.02 

(.01)* 

-.01 

(.02) 

.10 

(.06) 

.05 

(.03) 

 -.19 

(.06)** 

.00 

(.02) 

.02 

(.02) 

.04 

(.02)* 

.06 

(.02)** 

-.13 

(.07) 

.07 

(.03)* 
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Note. Gender was coded as 1 = male, 2 = female. ASC = academic self-concept. AI = academic interest. BO-I = boredom intensity. BO-U = boredom due to 

underchallenge. BO-O = boredom due to overchallenge. Standard errors (SE) in parentheses. Significant parameter estimates in boldface. * p < .05. ** p < .01. 

*** p < .001. 
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Discussion 

This longitudinal study presents a multi-domain examination of gender differences in 

academic boredom and its development in secondary education. We included appraisal and 

performance differences as mediators to gender-boredom-relations in our analyses. 

Therefore, observed gender differences in boredom levels and trajectories cannot be traced 

back to appraisal or performance differences between genders. Findings for gender 

differences in boredom were rather consistent, with and without controlling for appraisal and 

performance differences. As expected, boys experienced higher levels of boredom due to 

underchallenge in mathematics (cf. Daschmann et al., 2011; Goetz & Frenzel, 2010), higher 

levels of boredom intensity in German (cf. Raccanello et al., 2019; Zaccoletti et al., 2020), 

and higher levels of boredom due to overchallenge in German at Grade 8 (H1a). However, 

boys and girls reported comparable levels of boredom intensity in mathematics at Grade 8 

(H1a). Contrary to our hypothesis, girls did not experience higher levels of boredom due to 

overchallenge in mathematics, nor did they show higher levels of boredom due to 

underchallenge in German at Grade 8 (comparable levels for both genders; H1b). As 

expected, boredom intensity, boredom due to underchallenge, and boredom due to 

overchallenge increased over time in both domains (H2). Developmental slopes for boredom 

intensity (mathematics and German), boredom due to underchallenge (mathematics and 

German), and boredom due to overchallenge in mathematics were not related to gender 

(RQ2, cf. Spaeth et al., 2015). However, in German boys experienced steeper increases than 

girls in boredom due to overchallenge over the first half of secondary school (RQ2). Before 

discussing these findings, we point out the limitations of our study that must be considered 

when interpreting our findings. 
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Limitations 

Conceptually, we adopted a developmental perspective, modeling latent growth in three 

forms of subject-specific boredom. In doing so, we were able to estimate individual and mean 

latent growth curves. While this approach provides a detailed understanding of individual 

differences in developmental trajectories of the given constructs over time, it neglects their 

interplay, i.e., potential cross-lagged relations. Several studies examining longitudinal 

boredom used reciprocal effects models instead (cf. Forsblom et al., 2021; Pekrun et al., 

2014, 2017). We decided against this approach because we were explicitly interested in 

gender differences in boredom trajectories over time. Besides, by using the MIMIC 

modelling approach, we were able to provide predictive effect sizes associated with gender 

that can readily be compared to predictive effects of other metric predictors across studies. 

Methodologically, our study benefits from the large sample and the longitudinal data 

structure, spanning a considerable portion of secondary school (Grades 5-8). However, 

project constraints limited us to two-item indicators for each boredom construct. 

Consequently, (partially) scalar measurement invariance models of boredom across genders 

showed only acceptable fit in some cases (e.g., CFI .923 and .947; Hu & Bentler, 1999) in the 

mathematics domain from T2 onwards. Invariance constraints across genders held, however, 

at an at least partially scalar level (see results section and Table A4.4 & A4.5 of the 

Appendix). We analysed mathematics and German separately to account for domain-specific 

factors in academic emotions (Goetz et al., 2007). This allowed us to compare results for both 

domains side-by-side but not in a comprehensive fashion. One could paint a more complete 

picture of boredom at school by including cross-domain relations, often referred to as 

dimensional comparisons (Möller & Marsh, 2013) at the cost of greater model complexity. 

Besides, the present study only assessed gender as a binary variable (male vs. female). 

“Male” and “female” are the two academically stereotyped genders (Cvencek et al., 2011; 
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Eagly et al., 2020; Vuletich et al., 2020) and, hence, have been included in various studies of 

academic gender differences (e.g., Petersen, 2018; Keller et al., 2021; Goetz & Frenzel, 

2010). Gravely however, nonbinary students are not represented in our assessment. Future 

gender assessments should use additional categories and/or an open text response to capture 

student gender identities more accurately. Active sampling for nonbinary students is 

furthermore required to improve gender research and enhance its methodological and 

analytical complexity in future investigations. Lastly, study participants attended Grades 5-8 

of the German Gymnasium. Study results can therefore not be generalized to other segments 

of German secondary education or other school tracks. 

Discussion of Findings and Future Directions 

Main Findings on Gender Differences 

As expected, in mathematics we found no gender differences in boredom intensity 

levels and higher levels of boredom due to underchallenge in boys than girls. However, 

contrary to our expectations and previous findings (Daschmann et al., 2011; Goetz & Frenzel, 

2010), girls did not show higher levels of boredom due to overchallenge in mathematics in 

our sample. This is especially surprising, as mathematics appraisals and mathematics 

performance were both lower for girls vs. boys, reflecting past research (Frenzel et al., 2007; 

Keller et al., 2021; OECD, 2012), and supposedly leading to increased boredom (Pekrun, 

2006). We can only speculate about possible explanations to this finding. Possibly, this 

reverts to gender differences in emotional response patterns regarding perceived 

overchallenge. Boys could, for instance, respond to overchallenge by becoming bored with a 

higher probability than girls, whereas girls may respond differently (e.g., by becoming more 

eager to compensate for increasing difficulty, or by feeling frustrated rather than bored, etc.). 

For further clarification, future work should address gender differences in immediate 

responses to experiences of under- or overchallenge. 
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In line with our expectations for the domain of German, boys reported higher levels of 

boredom intensity and boredom due to overchallenge than girls. Increased levels of first 

language boredom in boys are well aligned with previous studies (Raccanello et al., 2019; 

Zaccoletti et al., 2020). Unlike for our mathematics results, boys’ higher levels of boredom 

due to overchallenge in German may be explained by their observed lower appraisals and 

performance (see also Keller et al., 2021; Mostafa & Schwabe, 2019; Petersen, 2018). 

Despite their higher performance, girls unexpectedly did not experience higher levels of 

boredom due to underchallenge in German. Again, on a speculative note, this finding could 

be linked to differential emotional responses in girls vs. boys regarding perceived challenge 

(cf. comparable levels of boredom due to overchallenge in mathematics). Girls may hence 

respond differently than boys to perceived challenge mismatches in class, altogether.  

Regarding boredom development over time, increasing trajectories for all forms of academic 

boredom in both subjects reflect broad motivational declines in adolescence (for a meta-

analysis, see Scherrer & Preckel, 2019), and are well aligned with past results (Feuchter & 

Preckel, 2022b; Spaeth et al., 2015; Vierhaus et al., 2016; Weybright et al., 2020). Increasing 

boredom over the course of adolescence is also reflective of assumptions made in stage-

environment fit theory (SEFT; Eccles et al., 1993). According to SEFT, a mismatch between 

adolescent learners’ developing needs and the opportunities provided by the secondary school 

environment may result in increasing levels of boredom (and decreasing levels of overall 

motivation) in adolescence. Concurrently, academic achievement is devalued among 

adolescent peers (Wigfield & Wagner, 2005), potentially making boredom a socially 

desirable emotional response to academic tasks and challenges. No explicit assumptions are 

made in SEFT, however, on potential gender differences in assumed increasing patterns of 

longitudinal academic boredom. In this work, growth rates for boredom did not differ 

between genders except for boredom due to overchallenge in German (higher growth rates 
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for boys vs. girls), and only when including appraisal and performance antecedents as 

mediators. Steeper increases in boys’ boredom due to overchallenge in German could be 

associated with unique performance-boredom relations in German. Counterintuitively, better 

previous grades in German were linked to steeper increases in boredom due to overchallenge 

(– we discuss this secondary finding further down). According to our results, boys suffer 

more from these potential changes than girls. Future studies should aim to learn more about 

subject-specific qualitative task differences and associations with perceived challenge. 

Secondary Findings 

Regarding all mediator variables, we found similarities as well as differences in 

associations with boredom for the domains of mathematics and German. Increased academic 

interest formed a protective factor to experiences of boredom intensity after three-and-a-half 

years but also accelerated increases in boredom due to underchallenge. The latter might be 

due to interest-driven investment in learning activities which could in turn lead to actual 

performance improvement. Additionally for German, this same pattern was also observed 

regarding levels of boredom due to underchallenge and the boredom intensity trajectory. This 

indicates an extended significance for academic interest in German boredom development, 

albeit by similar mechanisms when compared to the domain of mathematics. Experiences of 

overchallenge do not revert to academic interest however, further separating boredom due to 

under- and overchallenge as conceptually distinct forms (cf. Acee et al., 2010; Daschmann et 

al., 2011). 

Academic self-concept showed associations with later levels of challenge-related 

forms of boredom, i.e., negative predictions of later boredom due to overchallenge and 

positive prediction of later boredom due to underchallenge. This contrasting pattern of self-

concept predicting challenge-related boredom is highly plausible and well aligned with 

previous work (Goetz & Frenzel, 2010). Only for mathematics, academic self-concept also 
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positively predicted later levels of boredom intensity. Like academic interest for German, 

academic self-concept seems to have a larger significance regarding boredom development 

for the domain of mathematics. Furthermore, boredom’s developmental trajectories are 

unimpacted by academic self-concept. This underlines the fact that commonly increasing 

boredom over the course of secondary school (cf. Feuchter & Preckel, 2022b; Meyer & 

Schlesier, 2021; Spaeth et al., 2015; Vierhaus et al., 2016; Weybright et al., 2020) should be 

tackled by classroom-based rather than ability self-concept interventions. 

Previous grade as a marker of initial academic performance had a protective effect 

regarding later levels of boredom due to overchallenge. Besides, previous grade showed 

highly differential patterns of boredom development for both subjects. For mathematics, 

previous grade positively predicted later levels of boredom due to underchallenge, as well as 

its trajectory. This mirrors the role academic self-concept had to play in mathematics 

boredom due to underchallenge development, with the extension that initial performance 

incrementally exacerbated its increase over time. This is both good and bad, as reduced 

perceived challenge signals learning success. However, this should not come at the expense 

of increased boredom, due to its high aversiveness (Goetz et al., 2019). Separating authentic 

learning from its backlash regarding increased boredom, is, hence, an interventive challenge. 

Associated underlying mechanisms need further investigation. Surprisingly for the domain of 

German, previous grade enhanced boredom due to overchallenge, whereas it buffered them in 

the domain of mathematics. This could indicate a change in the architectural difficulty of 

German classes throughout early secondary school. While mathematics class is organized 

rather cumulatively (i.e., increased difficulty reverts to increased complexity), German class 

can be subject to more radical changes in tasks and assignments (i.e., increased difficulty 

reverts to novelty).  
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Alternative Explanations to Main Findings 

Taken together, boys’ tendency for higher boredom leaves the notion that gender can 

function as a carrier of specific vulnerability to experiences of boredom in the classroom. 

Alternate explanations to our findings, reflecting said vulnerability, are now briefly 

addressed. For instance, boredom itself has often been discussed as a personality trait. In 

contrast to academic conceptualizations, trait boredom, as captured in constructs like 

boredom proneness (Farmer & Sundberg, 1986) and boredom susceptibility (Zuckerman, 

1979), has a more deeply rooted biological base and forms an overarching disposition to 

feeling bored, regardless of context or domain (for a timely and critical discussion of 

boredom proneness measurement, see Gana et al., 2019). Gender differences regarding trait 

boredom have been reported in the past and showed higher trait boredom in boys, as 

compared to girls (Butković & Bratko, 2003; Vodanovich & Kass, 1990). More recently, 

Czikmantori et al. (2021) showed trait task enjoyment to hold measurement invariance across 

genders and to negatively predict experiences of boredom. Contrary to trait boredom, trait 

task enjoyment could be a strong protective factor against boredom. However, gender 

differences herein need further investigation. As far as instruction is concerned, Parr et al. 

(2019) showed boys (as well as low-achieving students) to particularly respond to more 

interactive, dialogic forms of mathematics instruction and to experience less boredom as a 

consequence. A lack of dynamic teaching could hence explain increased male boredom due 

to underchallenge in mathematics. Another recent study by Hannover et al. (2022) showed 

teachers to act in less communal ways towards boys, who are more regularly ignored or 

lectured and less frequently addressed in understanding and interested ways in comparison to 

girls. These aspects of dyadic teacher-student-interactions could also have an important 

impact on students’ emotional responses, potentially leading to increased boredom in boys, as 

we found it. In addition, the observed lack of enhanced boredom for girls in any form of 
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boredom could be due to superior challenge adaptation and self-regulatory competencies. As 

this is a rather speculative note, future studies should examine gender differences in subject-

specific self-regulation. 

Implications 

The present study highlights gender as a research variable and contextual predictor to 

academic emotion and its development, surpassing its usual role as a control variable. 

Consequently, existing work on gender differences in academia can help adapt academically 

rooted theories of motivation and emotion, such as CVT (Pekrun, 2006). That way, 

hypotheses regarding statistical effects of gender (i.e., gender differences) could be 

incorporated more explicitly into educational theorizing. Our latent growth curve framework 

furthermore stresses the role of developmental trajectories in psychological constructs, 

beyond more commonly adopted reciprocal effects models (e.g., Forsblom et al., 2021; 

Pekrun et al., 2017). While this approach partly neglects variable interplay, modeling growth 

in various constructs has clearer implications for their development over time. These long-

term developmental aspects should also be integrated into educational theorizing, leading to 

specific hypotheses on the shape of construct trajectories over time. Aside from 

developmental perspectives, the present work shows the importance of differentiating 

between different forms of academic boredom (see also Acee et al., 2010; Daschmann et al., 

2011) as they are differently associated with appraisals and performance. It furthermore 

highlights the intricacies of subject-specific assessment in educational research (cf. Goetz et 

al., 2006, 2007, 2010). 

On a more practical note, exploring reasons for increasing boredom throughout secondary 

school could help prevent its detrimental consequences. We still lack knowledge about the 

reasons for boredom in class. Uncovering those could be achieved, for instance, by using 

qualitative experience sampling methodology (see Zirkel et al., 2015 for an overview of 
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experience sampling methods), or by engaging in open conversation on academic emotions as 

part of a psychoeducational intervention during classes. Our results furthermore indicate that 

increased academic interest can reduce boredom intensity experiences. Academic interest, for 

instance, can be promoted by designing class content that caters to the interests of students. It 

is important for teachers and scholars to learn more about the age-specific interest patterns of 

students in and outside of school, for example by questionnaires concerning students’ spare-

time activities. Interest profiles could then be used for subject-specific task framing. A 

potential downside to promoting academic interest actively is given by its associations with 

increased growth rates in boredom due to underchallenge in our study, making adequate 

interest interventions especially difficult but also promising. 

Conclusions 

Results of this work underline the conceptual complexity of boredom as an achievement 

emotion. Measuring different forms of boredom (i.e., boredom intensity, boredom due to 

underchallenge, and boredom due to overchallenge) with subject-specific framing (i.e., either 

as mathematics or German academic emotion) resulted in differential gender differences. 

Boys generally seem to be at a greater risk of experiencing boredom at school than girls. This 

assumption should be put under scrutiny in future empirical studies. Given that this continues 

to be a persistent tendency, possible explanations to increased boredom should be explored. 

Furthermore, our developmental perspective showed that addressing long-term processes in 

psychological theorizing can substantially deepen one’s understanding of an observed 

phenomenon. Longitudinal additions to theories are especially warranted when common 

developmental tendencies (e.g., long-term increases or decreases) for target constructs are 

known to exist. For all kinds of classroom-based instruction, boredom reduction needs to be a 

clear desiderate regardless of educational stage.
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Chapter 5 – General Discussion 

 Unique to the present dissertation, extensive longitudinal results were obtained for 

two subject domains, namely mathematics and German, and three different forms of 

academic boredom, namely boredom intensity, boredom due to underchallenge, and boredom 

due to overchallenge. The developmental period of focus for all three studies spanned the 

first 3.5 years of German secondary education (i.e., grades 5-8). 

After detailing individual studies in the previous chapters (see chapter 2-4), I will now 

summarize and interpret respective results in light of CVT as main theoretical framework (cf. 

Pekrun, 2019; Pekrun et al., 2023). I will furthermore discuss limitations of the present 

dissertation and address future directions for academic boredom research. Before ending this 

chapter by drawing final conclusions, I will specify implications for teaching practice. 

Overview of Study Results 

Results from Study 1 

Study 1 examined different forms of subject-specific academic boredom and their 

relations to academic self-concepts longitudinally. Results included a construct validation for 

the 3F-model of boredom (cf. Feuchter & Preckel, 2022b), with boredom intensity, boredom 

due to underchallenge, and boredom due to overchallenge as same-order correlated factors. 

Besides, academic boredom and self-concept showed differential cross-sectional, and 

predictive relations. Academic self-concept was negatively correlated with concurrent 

boredom intensity and boredom due to overchallenge and positively correlated with 

concurrent boredom due to underchallenge. Furthermore, academic self-concept could 

occasionally predict different subject-specific forms of academic boredom in longitudinal 

analyses but not the other way round. 
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Results from Study 2 

Study 2 addressed subject-specific academic boredom trajectories in early secondary 

school in regular vs. ability-grouped gifted classes. Results pointed towards increasing 

trajectories for all examined types of academic boredom from grades 5 through 8 (see also 

Meyer & Schlesier, 2021; Spaeth et al., 2015; Vierhaus et al., 2016). Ability-grouping 

showed limited effectiveness and efficacy at buffering these trajectories. Only the intensity of 

mathematics boredom showed reduced levels in gifted classes after 3.5 years of secondary 

school. Still, positive effects of ability grouping remain (cf. Steenbergen-Hu et al., 2016), 

even though its adequacy as a boredom intervention for gifted students needs to be 

questioned. 

Results from Study 3 

Study 3 investigated gender differences in subject-specific academic boredom 

development in early secondary school, while controlling for previous appraisals and 

academic achievement. Results indicated that few, one-sided gender differences herein exist 

(i.e., higher boredom in boys for both, mathematics and verbal domains, cf. Goetz & Frenzel, 

2010; Zaccoletti et al., 2020). Including appraisal and achievement mediations had little 

impact on observed gender differences in academic boredom development but reflected 

scholar gender stereotypes in these constructs (cf. Vuletich et al., 2020). Appraisals and 

achievement differentially predicted subject-specific boredom trajectories. Academic interest 

had a more prominent role regarding the domain of German, while academic self-concept and 

previous grades were able to predict mathematics boredom development to a greater extent. 

Implications for CVT 

In the following, I will relate results from Studies 1-3 to different procedural steps of 

CVT’s theoretical framework (Pekrun, 2019; Pekrun et al., 2023, see also Figure 1.3 of the 

topical introduction). Findings in line with previous studies are expressed whereas new or 
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unexpected findings are discussed, occasionally providing an outlook on potential future 

research. 

Environment 

The environment marks the starting point in CVT’s process model (Pekrun, 2019). 

Regarding situational antecedents to academic boredom, I examined the influence of ability-

grouped vs. regular classes as different achievement settings (cf. Study 2). Ability grouping, 

however, does not only constitute an educational setting but an educational intervention. In 

CVT’s framework, educational interventions refer to regulatory processes associated with 

respective procedural steps. As an intervention, ability grouping can be described as a 

situation- and competence-oriented regulation technique. Results of Study 2 (Feuchter & 

Preckel, 2022b) showed that full-time ability grouping has little influence on academic 

boredom development in secondary school. This is aligned with previous results (Hornstra et 

al., 2017; Preckel et al., 2010). Merely mathematics boredom development (i.e., levels of 

boredom intensity and boredom due to overchallenge) showed reduced levels at the end of 

our investigation in special gifted classes. German boredom development was unimpacted by 

class type (see Table 5.1 for a summary).
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Table 5.1 

Selected Study Results Embedded into the CVT-Framework – Environment / Situation 

 Mathematics  German 

 BO-I BO-U BO-O  BO-I BO-U BO-O 

Procedural Step M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory  M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory 

Environment / 

Situation       

 

      

GC (vs. RC) 

↓↓ 

(|β| = .16a;  

|β| = .21b) 

   
↓↓ 

(|β| = .18a) 
 

 

      

              

Note. ↓↓ = moderate negative effect. 

Predictive effect sizes (i.e., β) evaluated according to Keith (2019): β < .10 = small, β ≤ .25 = moderate, β > .25 = large. 

Empty cells indicate that no significant results were obtained. 

a, b Class type effects in original (a) and matched samples (b).   

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. GC = special classes for the gifted. RC = regular 

classes. 
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Gender 

In CVT, individual characteristics, like gender, form distal individual antecedents to 

emotional experience (Pekrun, 2019). As such, gender should primarily impact proximal 

appraisal antecedents rather than exert a direct effect on emotional experience itself. I tested 

these mediation assumptions, exploring gender differences in academic boredom 

development (cf. Study 3). Subject-specific findings were as follows (see Table 5.2 for a 

summary). 

Mathematics. Boys showed higher levels in boredom due to underchallenge at the 

end of our investigation. This is well aligned with previous research (Daschmann et al., 2011; 

Goetz & Frenzel, 2010; Pekrun et al., 2017). However, gender differences in boredom due to 

underchallenge lingered beyond the inclusion of appraisals, showing only a partial mediation. 

Full mediation of gender differences in boredom due to underchallenge might have been 

achieved by including additional variables (e.g., gender-stereotypical self-perceptions, cf. 

Cvencek et al., 2011). 

German. Boys showed higher levels in boredom intensity and boredom due to 

overchallenge at the end of our investigation. This tracks for general boredom in verbal 

domains (Raccanello et al., 2019; Zaccoletti et al., 2020). Challenge-related forms of 

academic boredom are understudied in verbal domains, making this a novel result. Respective 

gender differences remained when including appraisal antecedents, seconding partial 

mediations found in mathematics. Alternative explanations to found gender differences in 

boredom (besides stereotypes) include gender differences in dispositional constructs 

(Butković & Bratko, 2003) or in teacher-student-interactions (Hannover et al., 2022). Beyond 

boredom level differences, boys showed steeper increases in boredom due to overchallenge 

after the inclusion of appraisal mediations. This is a novel finding, showing that boys are at 

an increased risk of experiencing overchallenge in German class. To judge the robustness of 
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this finding, future studies should address gender differences in the development of subject-

specific challenge perceptions.
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Table 5.2 

Selected Study Results Embedded into the CVT-Framework – Gender 

 Mathematics  German 

 BO-I BO-U BO-O  BO-I BO-U BO-O 

Procedural Step M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory  M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory 

Gendera              

Boys (vs. Girls)   
↑↑ 

(|β| = .15) 
   

 ↑↑ 

(|β| = .11) 
   

↑↑ 

(|β| = .22) 

↑↑ 

(|β| = .19) 

              

Note. ↑↑ = moderate positive effect. 

Predictive effect sizes (i.e., β) evaluated according to Keith (2019): β < .10 = small, β ≤ .25 = moderate, β > .25 = large. 

Empty cells indicate that no significant results were obtained. 

a Gender effects after inclusion of appraisal and achievement mediations. 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. 
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Appraisal 

Situational control and value appraisals are proximal antecedents to emotional 

experience in CVT (Pekrun, 2019). Testing predictive assumptions longitudinally, I regressed 

different forms of academic boredom, and their development over time, on academic self-

concept (as a marker of subjective control) and academic interest (as a marker of subjective 

value) (cf. Studies 1 and 3). Subject-specific findings were as follows (see Table 5.3 for a 

summary). 

Mathematics. Academic self-concept negatively predicted boredom intensity and 

boredom due to overchallenge, and positively predicted boredom due to underchallenge (cf. 

Study 1). This is well aligned with previous results (Clem et al., 2021; Forsblom et al., 2021; 

Frenzel et al., 2007; Goetz & Frenzel, 2010; Peixoto et al., 2017). Path coefficients were not 

substantial across all waves of measurement, however. Similar to past studies (Clem et al., 

2021; Forsblom et al., 2021), boredom did not predict academic self-concept, negating 

feedback loops offered by CVT. A novel finding, academic self-concept showed long-term 

effects on boredom development, predicting levels of all three forms of boredom at the end of 

our investigation (cf. Study 3). Unlike for adjacent waves of measurement, long-term 

predictions of boredom intensity levels by academic self-concept were positive. This shows 

that academic self-concept relates differently to boredom intensity, depending on the 

observed time frame. This might indicate a shift in students’ academic boredom perceptions 

taking place during our investigation (see below). Future studies exploring the mathematics 

domain should compare short- and long-term effects of academic self-concept on boredom 

intensity systematically. 

Academic interest negatively predicted levels of boredom intensity at the end of our 

investigation, also showing significant long-term effects (cf. Study 3). This result is well 

aligned with respective short-term predictions that were not investigated in this dissertation 
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(Goetz et al., 2020; Pekrun et al., 2010; Putwain et al., 2018). Academic interest also 

predicted the developmental trajectory of boredom due to underchallenge, yielding steeper 

increases in case of higher interest. On a speculative note, this could imply student 

disappointment when interest is high, potentially due to failed expectations in classroom 

instruction (e.g., outpacing curricula). 

German. Mirroring results for the mathematics domain, academic self-concept 

negatively predicted boredom due to overchallenge, albeit not across every wave of 

measurement (cf. Study 1). Regarding potential feedback loops, no form of academic 

boredom could predict academic self-concept (cf. Clem et al., 2021). Also comparable to 

mathematics results, academic self-concept showed significant long-term predictions of 

challenge-related boredom levels (cf. Study 3). Predictions of boredom due to underchallenge 

were positive, predictions of boredom due to overchallenge were negative. Unlike for 

mathematics, boredom intensity levels in German were not significantly predicted by early 

academic self-concept. As associated research for the German domain is lacking, these are all 

novel findings. Future studies considering the verbal domain should further explore 

predictive properties of academic self-concept regarding boredom, especially considering 

challenge-related forms. Furthermore, cross-domain differences (e.g., mathematics vs. verbal) 

should be considered in future theorizing. 

Academic interest showed long-term predictive effects regarding boredom intensity- 

as well as boredom due to underchallenge development (cf. Study 3). For both forms of 

academic boredom, final levels were predicted negatively while developmental slopes were 

predicted positively. This means that increased interest in German led to steeper increases in 

boredom intensity and boredom due to underchallenge. Found negative predictions are well 

aligned with previous works examining shorter time spans (e.g., Goetz et al., 2020). 

Associations with steeper boredom increases pose a novel finding that could be related to 
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increased interest-based learning investment. While this investment protects against boredom 

intensity and boredom due to underchallenge, it may boost respective developmental 

increases, for instance, due to the instructional pace no longer matching the net learning rate. 

In the future, precise assumptions on developmental slopes for different forms of academic 

emotions should be incorporated into theory and investigated systematically.
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Table 5.3 

Selected Study Results Embedded into the CVT-Framework – Appraisal 

 Mathematics  German 

 BO-I BO-U BO-O  BO-I BO-U BO-O 

Procedural Step M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory  M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory 

Appraisal              

ASC (+) 
↑↑ 

(|β| = .14) 
 

↑↑ 

(|β| = .25) 
 

↓↓ 

(|β| = .20) 
 

 
  

↑↑↑ 

(|β| = .36) 
 

↓↓ 

(|β| = .25) 
 

AI (+) 
↓↓↓ 

(|β| = .43) 
  

↑↑↑ 

(|β| = .32) 
  

 ↓↓↓ 

(|β| = .34) 

↑↑ 

(|β| = .23) 

↓↓ 

(|β| = .19) 

↑↑↑ 

(|β| = .32) 
  

              

Note. ↑↑ / ↓↓ = moderate positive / negative effect. ↑↑↑ / ↓↓↓ = large positive / negative effect. 

Predictive effect sizes (i.e., β) evaluated according to Keith (2019): β < .10 = small, β ≤ .25 = moderate, β > .25 = large. 

Empty cells indicate that no significant results were obtained. 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. ASC = academic self-concept. AI = academic 

interest.  
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Emotion 

Achievement emotions are at the center of CVT’s process model and taxonomized in 

terms of valence, arousal, and object focus (Pekrun, 2019; Pekrun et al., 2023). Different 

subtypes (i.e., challenge-related forms) of achievement boredom are not specified in CVT but 

have been established in previous work (Acee et al., 2010; Daschmann et al., 2011; Westgate 

& Wilson, 2018). In Study 1, I therefore sought to validate a three-factor-model of academic 

boredom (3F-model), including boredom intensity (in reference to one-dimensional, 

generalized boredom concepts), boredom due to underchallenge, and boredom due to 

overchallenge. Subject-specific findings were as follows (see Table 5.4 for a summary). 

Mathematics. The 3F-model showed superior factorial validity in comparison to a 

competing one factor model (1F-model). This findings underlines the existence of challenge-

related forms of academic boredom (Acee et al., 2010; Daschmann et al., 2011) and opposes 

functional accounts viewing boredom as a unitary construct (Elpidorou, 2021). Providing 

additional convergent and discriminant validity evidence, I examined correlations of different 

forms of boredom with academic self-concept as a control appraisal antecedent (see also 

below). Academic self-concept was negatively correlated with both boredom intensity and 

boredom due to overchallenge, and positively correlated to boredom due to underchallenge. 

This is well aligned with related works (Goetz & Frenzel, 2010; Krannich et al., 2019; 

Preckel et al., 2010). Intercorrelations for different forms of boredom confirmed previous 

results, as well (Goetz & Frenzel, 2010; Krannich et al., 2019; Preckel et al., 2010), except 

for correlations between boredom due to under- and overchallenge, which only showed an 

expected negative correlation at the last wave of measurement. This could mark a process of 

emotional differentiation taking place over the course of our investigation period. 

German. The 3F-model outperformed the 1F-model in terms of data approximation. 

This points to the existence of different forms of boredom for the verbal domain, too. As this 
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dissertation is written, I know of no studies distinguishing different forms of boredom for 

verbal domains. To add to validity evidence for the 3F-model, different forms of boredom 

were correlated to academic self-concept and to each other. Similar to the mathematics 

domain, academic self-concept showed negative relations to boredom intensity and boredom 

due to overchallenge. This replicates previous findings regarding general boredom for verbal 

domains (Clem et al., 2021; Krannich et al., 2019). Correlations between academic self-

concept and challenge-related forms of boredom constitute novel results. Unlike for 

mathematics, academic self-concept showed negative and positive correlations with boredom 

due to underchallenge. This subject-specific finding could indicate differential difficulty 

development for both subjects, with potentially lower initial difficulty in early secondary 

school German class. Providing intercorrelations for different forms of academic boredom in 

German is a novelty. Mirroring mathematics results, as well as prior domain-unspecific 

results (Acee et al., 2010), boredom intensity was positively correlated to both boredom due 

to under- and overchallenge. Like for mathematics, correlations for boredom due to under- 

and overchallenge shifted across time. This time, however, without changing in direction, 

yielding all-positive correlations. This could imply that aforementioned differentiation 

processes take place at different developmental stages for mathematics vs. German, with 

German potentially lagging behind.
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Table 5.4 

Selected Study Results Embedded into the CVT-Framework – Emotion 

 Mathematics  German 

 BO-I BO-U BO-O  BO-I BO-U BO-O 

Procedural Step M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory  M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory 

Emotiona              

BO-U (+) 

↑↑↑ - 0 

(ρT1 = .80; 

ρT4 = .09) 

     

 ↑↑↑ - ↑↑↑ 

(ρT1 = .83; 

ρT4 = .45) 

     

BO-O (+) 

↑↑↑ - ↑↑↑  

(ρT1 = .37; 

ρT4 = .56)  

 

↑ - ↓↓↓ 

(ρT1 = .18; 

ρT4 = -.35) 

   

 ↑↑↑ - ↑↑↑ 

(ρT1 = .44; 

ρT4 = .46) 

 

↑↑↑ - 0 

(ρT1 = .43; 

ρT4 = .08) 

   

              

Note. ↑ = small positive effect. ↑↑↑ / ↓↓↓ = large positive / negative effect. 0 = nonsignificant effect. 

Latent correlation effect sizes (i.e., ρ) evaluated according to Gignac & Szodorai (2016): ρ ≥ .15 = small, ρ ≥ .25 = moderate, ρ ≥ .35 = large. 

Empty cells indicate that no significant results were obtained. 

a Inter-boredom-correlations, with effect sizes for beginning (i.e., T1) and end (i.e., T4) of the investigation. 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. GC = special classes for the gifted. RC = regular 

classes. T1, T4 = respective waves of measurement (T1: early 5th grade; T4: mid 8th grade). 
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Achievement 

In CVT’s framework, achievement appears at two different procedural steps – as part 

of the learning environment and as the final academic outcome (Pekrun, 2019). I used self-

reported final scholar grades received in primary school as a predictor to boredom 

development in secondary school (cf. Study 3). Linking prior achievement feedback to future 

achievement emotions is representative of feedback loops implied by CVT. Subject-specific 

findings were as follows (see Table 5.5 for a summary). 

Mathematics. Primary school final grades displayed long-term effects on boredom 

due to under- and overchallenge, both regarding their levels at the end of our investigation, 

and their developmental trajectories. Previous grade had a positive effect on boredom due to 

underchallenge, indicating that increased prior performance resulted in higher boredom levels 

and steeper increases. Conversely, previous grade negatively predicted levels and 

developmental trajectories of boredom due to overchallenge, indicating less boredom for 

higher prior performance. These findings, linking challenge-related forms of boredom to 

academic achievement are novel, yet plausible. Achievement-boredom-relations should be 

studied further, regarding different forms of academic boredom. Previous grade did not 

impact boredom intensity levels or development, which contrasts previous findings for the 

mathematics domain (Forsblom et al., 2021; Lichtenfeld et al., 2022; Pekrun et al., 2017). 

German. Primary school final grades predicted boredom due to overchallenge levels 

and developmental slopes. Higher performance was associated with lower boredom due to 

overchallenge levels. Unlike for mathematics, higher performance also led to steeper 

increases in boredom due to overchallenge. Higher prior achievement hence exacerbated 

boredom due to overchallenge, which could be due to less predictability in the difficulty 

development for language classes, compared to more cumulative mathematics classes. Future 

studies should address subject-specific task difficulty development in search of a clearer 
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understanding for achievement-boredom-relations, regarding different forms and subject 

domains.
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Table 5.5 

Selected Study Results Embedded into the CVT-Framework – Achievement 

 Mathematics  German 

 BO-I BO-U BO-O  BO-I BO-U BO-O 

Procedural Step M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory  M(-Level) Trajectory M(-Level) Trajectory M(-Level) Trajectory 

Achievement              

Previous Grade (+)   
↑↑ 

(|β| = .16) 

↑↑ 

(|β| = .16) 

↓↓ 

(|β| = .24) 

↓↓ 

(|β| = .21) 

 
    

↓↓ 

(|β| = .10) 

↑↑ 

(|β| = .14) 

              

Note. ↑↑ / ↓↓ = moderate positive / negative effect. 

Predictive effect sizes (i.e., β) evaluated according to Keith (2019): β < .10 = small, β ≤ .25 = moderate, β > .25 = large. 

Empty cells indicate that no significant results were obtained. 

BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. Previous grade coded inversely for higher values 

to imply higher achievement. 



GENERAL DISCUSSION 156 

Future Directions 

To limit repetition, this section does not contain limitations of individual studies (cf. 

discussion sections of chapters 2-4). Instead, I acknowledge conceptual and methodological 

alternatives to the way this dissertation was built. Consequently, the following paragraphs 

provide a scientific outlook and emphasise future research efforts building on the present 

dissertation. 

Academic Boredom Measurement 

AVG-project data used in this dissertation date back as far as 2005. Self-report 

measures of boredom have evolved (for an overview, see Vodanovich & Watt, 2016). Back 

when the AVG-project launched, the most prominent boredom measure was the Achievement 

Emotions Questionnaire – Mathematics (AEQ-M; Pekrun et al., 2005). I used two AEQ-M-

items to measure boredom intensity in this dissertation. Still the most widely used academic 

boredom measure, the Achievement Emotions Questionnaire (AEQ; Pekrun et al., 2011) has 

since been refined and adapted for different age groups (e.g., for elementary school, 

Lichtenfeld et al., 2012; for preadolescent students, Peixoto et al., 2015). Using larger 

portions of the AEQ could have provided a more reliable and comprehensive general 

boredom factor, due to its multi-component approach, covering affective, cognitive, 

motivational, and physiological aspects (cf. Scherer, 2009). This was not intended, however, 

in the AVG-project’s conception. Only the 2 AEQ-items used were available for anlayses. 

Measures for different forms of academic boredom have also advanced since the early 

2000s. The development of the Academic Boredom Scale (ABS; Acee et al., 2010) and the 

Precursors to Boredom Scales (PBS; Daschmann et al., 2011) brought about more 

differentiated boredom measures, acknowledging boredom due to under- and overchallenge 

as separate forms. For challenge-related forms of boredom, ABS- and PBS-measurement 

provide viable alternatives to self-developed items used in this dissertation. Especially the 
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PBS seems promising, as it combined generalized boredom (cf. boredom intensity), aspects 

of under- and overchallenge (cf. boredom due to under- and overchallenge), and 

characteristics of the learning environment (e.g., teacher dislike, monotony) into a 

comprehensive eight-factor-model. Furthermore, the PBS has been externally validated (Tze 

et al., 2014) and even translated into Chinese (Chen et al., 2021). However, PBS-

measurement consists of 22 items, making it a rather long scale to be used for repeated 

assessments spanning several years. 

Besides questionnaire measures, there have been increased calls for more objective 

boredom assessments (Goetz et al., 2019). Using physiological markers (e.g., heart rates, 

body temperature, electro-encephalogram) and observational methods (e.g., eye-tracking, or 

the Facial Action Coding System, Ekman et al., 2002) would increase measurement adequacy 

for physiological and expressive components. Nevertheless, cognitive, affective, and 

motivational components need measurement approaches reverting to introspection. Future 

works should provide multi-component measurements of boredom (as well as other 

achievement emotions) and explore the equivalence of self-report to objective data. More 

objective emotion measurement also implies an increased used of laboratory settings and 

experimental procedures in educational psychology. While this certainly strengthens 

interpretations and limits alternative explanations to obtained findings, randomization and 

direct manipulation are seldom possible in authentic field settings. Still, moving to the 

laboratory more often forms a desiderate to enhance the internal validity of educational 

research designs.  

Widening the Scope 

All three studies from this dissertation analysed the same project data – namely data 

from the AVG-project – in singular, empirical works. Therefore, data-related limitations 

apply to all three studies likewise (see also limitation sections of chapters 2-4). Beyond this, 
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available project data contained a lot more information that could have been used in empirical 

examinations of academic boredom. For example, different types of achievement goals (i.e., 

approach and avoidance achievement motivation, competence motivation, see Elliot & 

Church, 1997), forming distal individual antecedents in CVT’s framework, were also 

assessed in the AVG-project (for a meta-analysis, see Huang, 2011). In grades 6 and 8, 

classroom climate (Eder & Mayr, 2000) was included as an important environmental 

variable. Most crucially perhaps, relevant achievement outcomes were mostly neglected in 

this dissertation (for meta-analyses, see Camacho-Morles et al., 2021; Tze et al., 2016). Self-

reported scholar grades from grade 5 on could have been incorporated into individual studies. 

Furthermore, this dissertation focused on early secondary school (i.e., T1-T4), while AVG-

project data spanned a total of 15 years of data assessments (i.e., T1-T8), including two post-

graduate waves of measurement (i.e., T7-8).7 While academic boredom itself was only 

assessed in early secondary school, long-term effects of boredom predicting academic 

performance or choices in the distant future would have been an interesting avenue to explore 

empirically. Besides possible empirical expansions within AVG-project data, including 

integrative, nonempirical approaches, like systematic reviews or meta-analyses could have 

increased comprehensiveness of attained results. In a recent integrative work, for instance, 

Loderer et al. (2020) found similar functional mechanisms regarding achievement emotions 

for technology-based learning environments and classic face-to-face instruction – an 

interesting perspective, considering predominant field research in educational settings. 

Many ideas listed here fall beyond the scope of the present dissertation as it stands. 

Nevertheless, I encourage other scholars to look into these matters in the future. 

 
7 An initial wave of measurement right after transitioning to 5th grade (T0), with questionnaire 

assessments referring to previous experience in primary school was also part of the AVG-project (see also 

chapter 4). This initial wave, however, featured altered item wording for many repeated assessments. 
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Analytical Alternatives 

This dissertation’s process included fair amounts of methodological literature study. 

During this process, I came across various approaches to modelling longitudinal data and 

extract sound interpretations. I did explore many of these alternatives in search of the best 

method for my precise analytical purposes. Listed here are analytical directions, I did not 

follow in conduction of this dissertation. 

First, I established the 3F-model of boredom by means of confirmatory factor 

analyses, comparing it to alternative one-factor-model in representation of unitary boredom 

conceptualizations (cf. Study 1). However, other alternative models, although lacking 

theoretical foundations, could also have been tested against (e.g., higher-order- or nested 

factor models, see Brunner et al., 2012). Furthermore, instrument construction protocols 

(Moosbrugger & Kelava, 2012) recommend exploratory factor analyses to precede 

confirmatory approaches.8 However, boredom scales used in this dissertation were designed 

to be short-scales to begin with. Precisely following procedural steps of questionnaire 

construction would have required a larger initial item pool. 

Second, I tested for measurement invariance across comparison groups using multi-

group-comparison models (MGC; cf. Byrne, 2012; French & Finch, 2008; Kleinke et al., 

2017) (cf. Studies 2 and 3). These same MGC models could also have been used to test 

differential boredom development for regular vs. special gifted classes (Study 2) or girls vs. 

boys (Study3). Reverting to MGC models for these analyses would have resulted in separate 

latent growth curves for comparison groups that could be compared directly. Using multiple-

indicator-multiple-cause models (MIMIC; Muthén, 1989) instead – like I did – bears the 

 
8 I supervised two Bachelor’s theses, testing the factorial structure of AVG-project boredom scales by 

exploratory factor analyses (Brucker, 2022; Jörgensen, 2022). Results of parallel analyses concerning both 

subject-domains indicated a three-factor-structure. 
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advantage of attaining standardized predictive effects sizes associated with respective group 

membership. This enhances cross-study comparability for two group-designs. 

Third, methodological approaches to longitudinal data analysis are manifold (see 

Usami et al., 2019 for an overview). Especially with respect to reciprocal effects models, 

recent developments in the methods literature have emerged. Adding random intercepts to 

extract trait variance in studies of reciprocal causation is argued as the more viable alternative 

to classic REM-approaches (Hamaker et al., 2015; Lucas, 2022). Alternatively, trait-state-

occasion models (TSO; Cole et al., 2005; Eid et al., 2017) are often used to examine intensive 

longitudinal data. While possible to run for any set of longitudinal data, such models usually 

require many measurement occasions spread over shorter time periods for optimal 

functioning. This is not the case for the AVG-project data. 

Lastly, all studies conducted in this dissertation, featured nonequidistant waves of 

measurement. While this can be compensated for by choosing apt latent slope factor loadings 

in latent growth curve modelling approaches (LGCM; Meredith & Tisak, 1990) (cf. Studies 2 

and 3), this limits generalizability for REMs (cf. Study 1). This issue can be addressed using 

continuous time modelling (Oud, 2007; Voelkle et al., 2012). Still, interpretations of results 

can be linked to different grade levels (instead of age, as would be the case if continuous time 

were established). This is an adequate solution for educational settings, as relevant 

developmental processes here often revert to different grade levels, rather than precise subject 

age. 

Practical Implications 

This dissertational project stresses the need for direct boredom intervention at school 

(Feuchter & Preckel, 2022b). That is why, in the following, I will propose avenues to 

boredom intervention, linked to the results of this dissertational project. For practical 

implications of individual studies, please refer to discussion sections of chapters 2-4. 



GENERAL DISCUSSION 161 

Promoting awareness of boredom’s high prevalence and detrimental consequences at 

school is the first step in boredom intervention (Macklem, 2015). To achieve this, educational 

research should be made available not only to other researchers but to studied populations 

(e.g., secondary school students), practitioners (e.g., teachers) and policy makers (e.g., 

ministries). To ensure proper reception, academic results need to be communicated 

adequately, breaking down findings in ways that relate to everyday scholar processes. After 

boredom is addressed as an educational problem, educating teachers and students about the 

intricacies of boredom and its development across secondary school is vital. Not just 

regarding boredom – but emotional development in all important achievement emotions 

should be taught at school. To minimize interference with existing scholar curricula, a 

subject-specific teaching approach could prove helpful. As achievement emotions are 

organized subject-specifically (Goetz et al., 2007), a limited amount of time should be 

allocated to teaching emotional development in every major scholar subject. That way, 

awareness and basic education regarding emotional processes at school could be achieved 

without the need for excessive reforms of existing teaching structures and routines (Gordon 

Biddle, 2021). 

Returning to boredom intervention, control and value perceptions in class should be 

tackled specifically. Avoiding inadequate challenge, for instance, could reduce experiences of 

boredom in class drastically. This is especially difficult to achieve, as perceptions of 

challenge are highly subjective. Finding objective markers of task difficulty in class could 

provide a first step to solving this puzzle (e.g., by continuous student ratings of classroom-

based challenge). Teachers should understand their own part in classroom-based difficulty 

regulation. Identifying singular aspects of tasks, rendering them more or less difficult, is 

essential to establish a comprehensible and transparent difficulty structure. Still, curricular 

constraints remain. Of course, not every student will ace a given subject just because they 
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understand where its difficulty lies. Individual competence and learning strategies play an 

immense part in academic achievement, as well (Pekrun, 2017). That is why, increased intra-

individual feedback should be combined with a relatable class difficulty architecture. For 

students to climb up the difficulty ranks progressively could prove highly motivating, 

regardless of relative performance by classroom standards (Hughes, 2014). Practitioners need 

to be aware, however, that challenge perceptions are subject to qualitative changes in early 

secondary school, making challenge-based interventions most practical as of grade 8 (cf. 

Study 1). 

How can subject value be increased in class? A favorable way to achieve this may be 

to cater more towards student interests. Like challenge perceptions, student interests are like 

to differ substantially between individuals, and across time. Moreover, curricular 

responsibilities on the teachers’ part limit room for changes in content. Before any interest 

intervention can be installed, however, teachers need to inquire about student interests in 

order to find approachable angles to adapting class content. Overlapping interests, 

representing large portions of the classroom, could be useful in reframing task content. By 

means of this rather superficial intervention, curricular directions can be followed while also 

making tasks more appealing to students. Besides interest interventions, real-life task value 

can be promoted further during class (Berweger et al., 2022; Gaspard et al., 2015). 

Communicating the importance of individual skills required in different subjects, beyond 

their necessity for graduation, is key. This could be achieved together with field experts 

promoting their line of work in selected lessons, while emphasizing required skills attained in 

different scholar subjects. Linking individual tasks to student interests while providing more 

life-like task framing could help to make classes more interesting. 

Even if boredom intervention is executed well, boredom at school may still prevail. 

Developing adequate coping strategies is therefore of major importance to evade long-term 
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increases in academic boredom, as well as its negative consequences in scholar and private 

life. Training students to see meaning in potentially boring tasks appears to be an adaptive 

way of reducing boredom at school (Nett et al., 2010). Such situational reappraisals can be 

made more accessible to students in combination with abovementioned challenge and interest 

interventions. Preferably, students are aware of the underlying value of tasks they perform at 

school (or also at home, for instance in preparation for the next lesson) at all times. 

Therefore, establishing a consensus regarding meaningfulness of scholar tasks forms the base 

for effective boredom relief. This may also include discarding tasks for which utility, interest, 

or meaningfulness cannot be readily argued. 

Summary of Conclusions 

To finalize the present dissertation, I will now highlight its most important takeaways. 

First, academic boredom is complex. Findings from this dissertation empirically 

separated intensity aspects from challenge-related aspects of boredom experience. All three 

forms investigated here showed similarities (e.g., long-term increases) and differences (e.g., 

regarding their interrelations) in their development over time. The present dissertation is also 

a testament to domain-specific educational research. Emotional and motivational processes 

taking place in scholar environments are usually embedded in classroom contexts. Only when 

they are addressed subject-specifically, emotional processes can be understood in detailed 

fashion. 

Second, boredom at school requires tailored intervention. Increasing developmental 

trajectories found in the present dissertation underline this. Full-time ability grouping – as an 

intervention concept addressed in this work – has been shown to be less effective than 

expected when it comes to reducing boredom. This also indicates a disconnect in intellectual 

giftedness and boredom experience in secondary education. Enhancing interestingness of 
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scholar tasks while empowering students to learn in according to their individual capabilities 

could prove more effective than dividing the classroom. 

Third, academic boredom is highly subjective and shows considerable individual 

differences. Regarding gender, for instance, boredom development differed beyond 

differences in proximal control and value appraisal, as well as previous achievement. Aside 

from such quantitative differences, an increased understanding of the qualitative differences 

in individual boredom experience could help fill existing gaps in the conceptual 

understanding of this immensely enigmatic emotion. 
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Appendix 1: Picture Sources for Many Faces of Boredom-Collage 

Figure A1.1 

Legend to Many Faces of Boredom-Collage 

 

Note. See list of picture sources below. Pictures were used noncommercially and for design 

purposes only. Date of retrieval for all pictures was March 6th, 2023. 

 

List of picture sources: 

1. https://www.vecteezy.com/png/14604084-girl-bored-face-cartoon-cute 

2. https://openclipart.org/detail/297180/sleeping-student 

3. https://globalsymbols.com/symbolsets/arasaac/symbols/23511?locale=en 

4. https://mystickermania.com/sticker-packs/tom-and-jerry/tom-and-jerry-bored-tom 

5. https://www.iconfinder.com/icons/6815019/bored_emoticon_girl_sticker_thinking_tired

_vee_icon 

6. https://www.flaticon.com/free-icon/boring_5965301 

7. https://freesvg.org/vector-image-of-bored-green-alligator 

8. https://boredapetronclub.com/ 

9. https://lyfas.com/testdo-you-get-bored-often-check-your-boredom-proneness-with-

validated-online-mental-health-self-screening-and-assessment-test-with-

cardiometabolicautonomicstess-risk// 

10. https://www.litmos.com/de-DE/resources/downloads/no-boring-learning-infographic 

11. https://en.wikipedia.org/wiki/Boredom#/media/File:La_Touche_Lennui_1893.jpg 

12. https://peakeducationalresources.blogspot.com/2012/08/a-different-way-of-looking-at-

boredom.html 

13. https://pngtree.com/so/bored 
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14. https://pngtree.com/free-png-vectors/bored 

15. https://www.boringstartupstuff.com/ 

16. https://www.iconfinder.com/icons/391399/bleh_bored_boring_emoticon_icon 

17. https://www.clipartmax.com/max/m2i8H7H7G6m2A0H7/ 

18. https://www.vexels.com/png-svg/preview/143934/bored-face-emoji 

19. https://youtooz.com/products/bored-squidward 

20. https://www.flaticon.com/free-icon/boring_3121559 

21. https://www.thecollienois.com/how-to-tell-if-your-dog-is-bored/ 

22. https://news.reflexmath.com/lp/worksheetsb.php 

23. https://www.iconfinder.com/icons/3589449/behavior_bore_boring_dull_lazy_x_icon 

24. https://creazilla.com/nodes/76774-boredom-clipart 

25. https://www.flaticon.com/free-icon/bored_3220820 

26. https://www.psychologytoday.com/us/blog/how-do-life/201408/bored 

27. https://creazilla.com/nodes/21093-bored-bee-clipart 

28. https://www.deviantart.com/paulthedualartist/art/Super-Mario-Toad-bored-2D-

922871866 

29. https://www.flaticon.com/free-icon/boring_155261 

30. https://commons.wikimedia.org/wiki/File:Bored_Cartoon_Man_Using_A_Computer.svg 

31. https://boredhoard.com/ 

32. https://kuku-keke.com/en/archives/466031 

33. https://www.acap.edu.au/newsletters/five-signs-its-time-for-a-career-change/ 

34. https://www.pinterest.de/pin/771804454881111972/ 

35. https://freesvg.org/bored-owl-head-vector-image
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Appendix 2: Supplemental Material to Study 1 

Table A2.1 

Manifest (Upper Array) and Latent Correlations (Lower Array) of Study Variables 

 BO-IT1 BO-UT1 BO-OT1 ASCT1 BO-IT2 BO-UT2 BO-OT2 ASCT2 BO-IT3 BO-UT3 BO-OT3 ASCT3 BO-IT4 BO-UT4 BO-OT4 ASCT4 

Mathematics 

BO-IT1  .547 .264 -.266 .463 .281 .166 -.221 .308 .171 .171 -.170 .185 .008 .088 -.121 

BO-UT1 .796  .131 .070 .315 .446 .096 .049 .222 .341 .082 .014 .083 .141 -.018 .047 

BO-OT1 .374 .177  -.348 .197 .031 .502 -.307 .106 -.025 .335 -.197 .116 -.030 .167 -.124 

ASCT1 -.346 .095 -.453  -.242 .113 -.307 .688 -.129 .232 -.268 .504 -.145 .260 -.266 .410 

BO-IT2 .611 .492 .279 -.292  .515 .333 -.286 .342 .160 .177 -.161 .258 .043 .140 -.121 

BO-UT2 .484 .632 .067 .125 .733  .147 .088 .238 .398 .042 .067 .163 .269 -.012 .076 

BO-OT2 .242 .136 .721 -.387 .453 .188  -.435 .186 -.019 .440 -.308 .153 -.107 .324 -.218 

ASCT2 -.273 .046 -.381 .758 -.358 .110 -.543  -.157 .261 -.321 .621 -.174 .278 -.324 .479 

BO-IT3 .276 .231 .162 -.146 .443 .348 .258 -.194  .344 .353 -.325 .323 .045 .109 -.150 

BO-UT3 .164 .352 -.040 .279 .248 .573 -.006 .321 .454  -.032 .264 .096 .452 -.151 .258 

BO-OT3 .160 .060 .418 -.295 .287 .075 .579 -.400 .453 -.055  -.491 .166 -.161 .352 -.292 

ASCT3 -.177 .035 -.254 .514 -.224 .078 -.364 .683 -.381 .342 -.579  -.268 .326 -.418 .618 

BO-IT4 .133 .090 .088 -.138 .189 .135 .140 -.191 .378 .146 .220 -.321  .071 .462 -.458 

BO-UT4 .037 .190 -.093 .267 .055 .316 -.104 .322 .077 .606 -.203 .406 .093  -.275 .498 

BO-OT4 .072 -.026 .198 -.255 .101 -.052 .274 -.344 .112 -.200 .451 -.487 .560 -.354  -.608 

ASCT4 -.090 .062 -.149 .354 -.100 .113 -.210 .467 -.152 .322 -.330 .671 -.535 .614 -.696  

German 

BO-IT1  .591 .331 -.339 .444 .344 .174 -.230 .270 .203 .196 -.171 .172 .015 .107 -.102 

BO-UT1 .827  .324 -.084 .390 .471 .181 -.115 .265 .329 .171 -.087 .131 .147 .123 -.054 
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BO-OT1 .438 .431  -.304 .258 .197 .442 -.249 .209 .109 .381 -.225 .146 .005 .262 -.208 

ASCT1 -.409 -.110 -.375  -.206 -.055 -.238 .585 -.142 .064 -.226 .455 -.170 .116 -.232 .378 

BO-IT2 .530 .528 .342 -.223  .585 .379 -.311 .362 .231 .215 -.213 .178 .100 .133 -.126 

BO-UT2 .488 .661 .277 -.032 .796  .298 -.031 .267 .347 .134 -.040 .126 .155 .078 -.030 

BO-OT2 .248 .253 .594 -.290 .498 .399  -.347 .228 .112 .427 -.270 .082 -.007 .277 -.198 

ASCT2 -.259 -.126 -.297 .662 -.357 -.037 -.411  -.205 .052 -.294 .574 -.122 .138 -.183 .438 

BO-IT3 .254 .270 .207 -.151 .445 .392 .309 -.228  .511 .290 -.325 .317 .161 .145 -.148 

BO-UT3 .211 .329 .114 .044 .325 .505 .167 .079 .669  .110 .104 .159 .287 .008 .112 

BO-OT3 .156 .151 .358 -.243 .282 .213 .592 -.349 .369 .154  -.400 .104 -.068 .354 -.259 

ASCT3 -.182 -.110 -.227 .441 -.245 -.064 -.324 .662 -.376 .124 -.485  -,157 ,121 -,250 ,502 

BO-IT4 .101 .100 .079 -.086 .170 .136 .115 -.131 .377 .218 .133 -.212  .339 .366 -.418 

BO-UT4 .050 .094 -.005 .068 .083 .155 -.012 .104 .214 .348 -.065 .152 .449  .061 .098 

BO-OT4 .080 .067 .184 -.144 .145 .090 .303 -.210 .195 .034 .511 -.298 .464 .075  -.435 

ASCT4 -.094 -.047 -.134 .259 -.127 -.013 -.194 .388 -.180 .125 -.301 .584 -.477 .121 -.519  

                 

Note. Significant correlations (p < .05) in boldface. Concurrent correlations framed. Latent correlations taken from Mplus’s tech 4-outputs for 4-

Variable REMs. Underlying sample sizes for manifest vs. latent correlation may differ due to differential treatment of missing data (pairwise 

deletion for manifest correlations; FIML for latent correlations). BO-I = boredom intensity. BO-U = boredom due to underchallenge. BO-O = 

boredom due to overchallenge. ASC = academic self-concept. 
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Table A2.2 

Standardized Latent (Residual) Correlations and Path Coefficients from REMs 

 Mathematics  German 

Coefficients 3-Variable-REM 4-Variable-REM  3-Variable-REM 4-Variable-REM 

Correlationsa 

T1      

r (BO-I, BO-U) .811 (.033)*** .796 (.038)***  .810 (.040)*** .827 (.041)*** 

r (BO-I, BO-O) .372 (.051)*** .374 (.055)***  .424 (.065)*** .438 (.065)*** 

r (BO-U, BO-O) .196 (.067)** .177 (.070)*  .435 (.045)*** .431 (.045)*** 

r (BO-I, ASC)  -.346 (.047)***   -.409 (.045)*** 

r (BO-U, ASC)  .095 (.036)**   -.110 (.042)** 

r (BO-O, ASC)  -.453 (.043)***   -.375 (.046)*** 

T2      

r (BO-I, BO-U) .735 (.060)*** .731 (.055)***  .754 (.076)*** .756 (.082)*** 

r (BO-I, BO-O) .499 (.068)*** .478 (.069)***  .435 (.076)*** .445 (.073)*** 

r (BO-U, BO-O) .268 (.078)** .272 (.091)**  .384 (.078)*** .393 (.075)*** 

r (BO-I, ASC)  -.249 (.057)***   -.313 (.056)*** 

r (BO-U, ASC)  .059 (.064)n.s.   .058 (.071)n.s. 

r (BO-O, ASC)  -.500 (.065)***   -.311 (.045)*** 

T3      

r (BO-I, BO-U) .514 (.060)*** .482 (.060)***  .664 (.057)*** .666 (.061)*** 

r (BO-I, BO-O) .394 (.048)*** .410 (.046)***  .260 (.042)*** .259 (.047)*** 

r (BO-U, BO-O) .002 (.067)n.s. -.007 (.072)n.s.  .100 (.069)n.s. .108 (.073)n.s. 

r (BO-I, ASC)  -.393 (.050)***   -.322 (.057)*** 

r (BO-U, ASC)  .223 (.066)**   .153 (.055)** 

r (BO-O, ASC)  -.527 (.044)***   -.376 (.059)*** 

T4      

r (BO-I, BO-U) .176 (.082)* .148 (.080)n.s.  .446 (.089)*** .451 (.087)*** 

r (BO-I, BO-O) .592 (.045)*** .578 (.046)***  .486 (.045)*** .492 (.047)*** 

r (BO-U, BO-O) -.221 (.091)* -.223 (.088)*  .174 (.074)* .159 (.076)* 

r (BO-I, ASC)  -.537 (.049)***   -.494 (.046)*** 

r (BO-U, ASC)  .542 (.077)***   .015 (.075)n.s. 

r (BO-O, ASC)  -.608 (.043)***   -.483 (.053)*** 

Path coefficients 

T1 → T2      

β (BO-I → BO-I) .625 (.128)*** .398 (.210)n.s.  .317 (.106)** .200 (.156)n.s. 

β (BO-I → BO-U) .013 (.164)n.s. .053 (.254)n.s.  -.177 (.132)n.s. -.218 (.209)n.s. 

β (BO-I → BO-O) -.157 (.143)n.s. -.322 (.241)n.s.  -.031 (.089)n.s. -.150 (.127)n.s. 

β (BO-I → ASC)  .065 (.184)n.s.   .247 (.166)n.s. 

β (BO-U → BO-I) -.015 (.113)n.s. .186 (.190)n.s.  .205 (.106)n.s. .315 (.151)* 

β (BO-U → BO-U) .628 (.147)*** .586 (.228)*  .805 (.134)*** .839 (.201)*** 

β (BO-U → BO-O) .148 (.139)n.s. .289 (.232)n.s.  .032 (.094)n.s. .122 (.124)n.s. 

β (BO-U → ASC)  -.070 (.162)n.s.   -.237 (.156)n.s. 

β (BO-O → BO-I) .036 (.052)n.s. .024 (.053)n.s.  .115 (.045)* .092 (.057)n.s. 

β (BO-O → BO-U) -.049 (.063)n.s. -.021 (.062)n.s.  -.005 (.050)n.s. -.001 (.058)n.s. 

β (BO-O → BO-O) .747 (.048)*** .695 (.058)***  .603 (.059)*** .559 (.069)*** 
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β (BO-O → ASC)  -.046 (.043)n.s.   -.031 (.065)n.s. 

β (ASC → BO-I)  -.161 (.103)n.s.   -.072 (.080)n.s. 

β (ASC → BO-U)  .078 (.112)n.s.   -.029 (.083)n.s. 

β (ASC → BO-O)  -.211 (.116)n.s.   -.129 (.063)* 

β (ASC → ASC)  .766 (.089)***   .725 (.079)*** 

T2 → T3      

β (BO-I → BO-I) .353 (.126)** .301 (.188)n.s.  .291 (.113)* .227 (.171)n.s. 

β (BO-I → BO-U) -.311 (.167)n.s. -.231 (.215)n.s.  -.226 (.140)n.s. -.180 (.237)n.s. 

β (BO-I → BO-O) .063 (.120)n.s. .065 (.164)n.s.  -.026 (.140)n.s. -.106 (.206)n.s. 

β (BO-I → ASC)  .067 (.120)n.s.   .101 (.134)n.s. 

β (BO-U → BO-I) .094 (.104)n.s. .124 (.155)n.s.  .111 (.106)n.s. .174 (.167)n.s. 

β (BO-U → BO-U) .798 (.147)*** .706 (.195)***  .672 (.123)*** .642 (.218)** 

β (BO-U → BO-O) -.054 (.107)n.s. -.058 (.150)n.s.  -.006 (.132)n.s. .071 (.198)n.s. 

β (BO-U → ASC)  -.050 (.098)n.s.   -.095 (.125)n.s. 

β (BO-O → BO-I) .080 (.061)n.s. .062 (.067)n.s.  .136 (.037)*** .083 (.048)n.s. 

β (BO-O → BO-U) -.035 (.069)n.s. .075 (.068)n.s.  .030 (.062)n.s. .019 (.066)n.s. 

β (BO-O → BO-O) .577 (.062)*** .509 (.072)***  .614 (.065)*** .552 (.074)*** 

β (BO-O → ASC)  .004 (.063)n.s.   -.062 (.049)n.s. 

β (ASC → BO-I)  -.066 (.093)n.s.   -.106 (.081)n.s. 

β (ASC → BO-U)  .201 (.100)*   .046 (.096)n.s. 

β (ASC → BO-O)  -.094 (.103)n.s.   -.158 (.082)n.s. 

β (ASC → ASC)  .715 (.059)***   .669 (.074)*** 

T3 → T4      

β (BO-I → BO-I) .357 (.090)*** .200 (.118)n.s.  .414 (.075)*** .361 (.102)*** 

β (BO-I → BO-U) -.206 (.072)** -.155 (.085)n.s.  .017 (.095)n.s. .103 (.119)n.s. 

β (BO-I → BO-O) -.041 (.077)n.s. -.204 (.087)*  .051 (.091)n.s. .049 (.106)n.s. 

β (BO-I → ASC)  .074 (.085)n.s.   .008 (.094)n.s. 

β (BO-U → BO-I) .015 (.079)n.s. .167 (.116)n.s.  -.044 (.075)n.s. -.004 (.106)n.s. 

β (BO-U → BO-U) .690 (.079)*** .637 (.101)***  .365 (.096)*** .280 (.124)* 

β (BO-U → BO-O) -.125 (.067)n.s. .047 (.080)n.s.  -.067 (.087)n.s. -.070 (.113)n.s. 

β (BO-U → ASC)  .047 (.078)n.s.   .057 (.099)n.s. 

β (BO-O → BO-I) .052 (.062)n.s. -.055 (.054)n.s.  -.010 (.066)n.s. -.047 (.072)n.s. 

β (BO-O → BO-U) -.089 (.052)n.s. -.036 (.065)n.s.  -.124 (.064)n.s. -.093 (.074)n.s. 

β (BO-O → BO-O) .483 (.061)*** .315 (.057)***  .514 (.060)*** .487 (.072)*** 

β (BO-O → ASC)  .052 (.072)n.s.   -.041 (.063)n.s. 

β (ASC → BO-I)  -.334 (.089)***   -.098 (.071)n.s. 

β (ASC → BO-U)  .108 (.096)n.s.   .111 (.077)n.s. 

β (ASC → BO-O)  -.398 (.077)***   -.034 (.083)n.s. 

β (ASC → ASC)  .713 (.079)***   .560 (.074)*** 

      

Note. Model estimated standard errors in brackets. T1 – T4 = waves of measurement. BO-I = boredom intensity. 

BO-U = boredom due to underchallenge. BO-O = boredom due to overchallenge. ASC = academic self-concept. 

n.s. p ≥ .05. * p < .05. ** p < .01. *** p < .001. Significant coefficients at p <.05 in boldface. 

a Correlations reported here represent latent correlations for exogenous variables or latent residual correlations 

for endogenous variables, respectively. 
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Appendix 3: Supplemental Material to Study 2 

In the following, we document the propensity score matching (PSM) procedure applied in 

the present study (see also Tables A3.1 and A3.2). Additionally, we present result tables for 

auxiliary analyses (see Tables A3.3 – A3.7). 

What is PSM? 

Propensity score matching methods originated in research on treatment effects (e.g., 

Rosenbaum & Rubin, 1983, 1984, 1985) and have become increasingly prevalent over the past 

years in the social sciences. The main intention behind any PSM-study is a retrospective 

transformation of field data into quasi-experimental data through balancing. This can be helpful 

when experiments with randomized groups cannot be conducted, e.g., within an educational 

system. Due to various ethical reasons, study participants cannot be randomly assigned to attend 

a special gifted class, for example. Propensity scores (PS) as “conditional probability that 

expresses how likely a participant is to be assigned or to select the treatment condition given 

certain observed baseline characteristics” (Thoemmes & Kim, 2011, p. 92) help form the basis 

for matching participants who are similar in these underlying characteristics but ended up in 

different groups due to sampling issues. Given a large enough original sample and a sufficient 

number of matching variables, comparable control groups can be readily attained through PSM. 

In our case, PSM helped us find students who would be apt to attend a gifted class but did not. 

Performing analyses on the PSM-subsample of the original field sample, hence strengthens 

conclusions on the actual (i.e., isolated) treatment effect, in our case attending a special class for 

gifted students. Therefore, it is imperative to include all available information as matching 

variables in the PS estimation to rule out possible biases in treatment effects and eliminate 

alternative explanations to findings from PSM-research. 
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How was PSM applied? 

As stated in the main manuscript, we conducted PSM over two separate steps using two 

different statistical packages for R Statistics, namely the “twang” (Ridgeway et al., 2015, for 

details on package functions, see 2014) and “MatchIt” (Ho et al., 2011a, for details on package 

functions, see 2011b) packages. This two-step approach was necessary because of the differential 

capabilities of the two packages. “MatchIt”, for instance, only functions correctly, if applied on a 

full set of data without any missing values on any variable. “Twang”, on the other hand, can 

handle missing data reliably, treating missing values as separate sources of information for 

propensity score (PS) estimation. However, “twang” does not feature 1:1 nearest neighbor-

matching, which was our preferred matching scheme. Hence, we combined both software 

packages to achieve the best possible matching result given the incomplete nature of our 

longitudinal assessment data. 

In their review of PSM-studies, Thoemmes and Kim (2011) formulate 14 criteria for 

information that should be presented when conducting PSM-based research. Since covering these 

details would overload the main manuscript, we decided to sum up relevant information on the 

present study in this supplemental material (see Table A3.2). However, not all of the 14 points 

were applicable to our study. For instance, covering all variables collected throughout the entire 

[project name] is outside the scope of this study. Therefore, we only included information on 

variables that were included in the PSM process. Furthermore, details on sample stratification or 

weighting were not applicable, since we only estimated PS for matching purposes. Please refer to 

the main manuscript’s method section for a brief summary, and to Tables A3.1 and A3.2 for 

details on matching variable assessment, as well as a list of relevant details to the matching 

process. 
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Table A3.1 

Information from Scale Data 

Variable 

Number 

of items Measure (Source) nT1 MT1 SDT1 ReliabilityT1
a 

Relative 

influence on 

PS estimation 

(%) 

Cognitive Ability (IQ)b 140 Cognitive Ability Test for Grades 4-12, short version (KFT 4-12+R; Heller & 

Perleth, 2000) 

919 110.62 12.42 .931 31.25 

Social self-concept of acceptance 3 Items originated in the “Development of Adolescents”-project (Fend & Prester, 

1986) 

1,261 1.61 .80 .770 .00 

Social self-concept of assertiveness 3 Items originated in the “Development of Adolescents”-project (Fend & Prester, 

1986) 

1,271 2.30 .99 .711 1.44 

Self-esteem 4 Rosenberg Self-Esteem Scale, revised German version (von Collani & 

Herzberg, 2003) 

1,249 4.10 .67 .749 .68 

ASCgeneral 3 Self-Descriptions Questionnaire, short version (SDQ II-S; Marsh, 1990b, 2007) 1,276 4.07 .68 .791 .86 

ASCmath 5 Self-Descriptions Questionnaire, short version (SDQ II-S; Marsh, 1990b, 2007) 1,216 4.12 .79 .865 .77 

ASCGerman 5 Self-Descriptions Questionnaire, short version (SDQ II-S; Marsh, 1990b, 2007) 1,246 3.96 .79 .858 .51 

AImath 6 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007) 

1,248 3.52 .93 .864 .54 

AIGerman 6 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007) 

1,248 3.44 .91 .851 1.03 

AP-AMmath 4 Achievement Goals Questionnaire, German adaptation (Elliot & Church, 1997; 

Pekrun et al., 2007) 

1,248 2.98 1.05 .792 .01 

AP-AMGerman 4 Achievement Goals Questionnaire, German adaptation (Elliot & Church, 1997; 

Pekrun et al., 2007) 

1,251 3.00 1.05 .819 .60 

AV-AMmath 4 Achievement Goals Questionnaire, German adaptation (Elliot & Church, 1997; 

Pekrun et al., 2007) 

1,249 3.46 1.09 .838 1.10 

AV-AMGerman 4 Achievement Goals Questionnaire, German adaptation (Elliot & Church, 1997; 

Pekrun et al., 2007) 

1,257 3.46 1.13 .874 .20 

CMmath 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007) 

1,279 3.87 1.01 .725 .71 

CMGerman 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007) 

1,272 3.74 1.06 .771 2.08 

BO-Imat 2 Achievement Emotions Questionnaire – Mathematics (AEQ-M; Pekrun et al., 

2005; see also Pekrun et al., 2003) 

1,270 1.73 .92 .708 .00 

BO-IGerman 2 Achievement Emotions Questionnaire – Mathematics (AEQ-M; Pekrun et al., 

2005; see also Pekrun et al., 2003) 

1,274 1.81 .96 .789 .20 

BO-Umath 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007, see also 2003) 

1,265 2.02 1.00 .705 .55 

BO-UGerman 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007, see also 2003) 

1,270 2.00 1.01 .760 .39 
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BO-Omath 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007, see also 2003) 

1,274 1.62 .86 .761 .00 

BO-OGerman 2 Items originated in the Project for the Analysis of Learning and Achievement in 

Mathematics (PALMA; Pekrun et al., 2007, see also 2003) 

1,275 1.56 .84 .797 .00 

Note. ASC = Academic self-concept. AI = Academic interest. AP-AM = Approach achievement motivation. AV-AM = Avoidance achievement motivation. 

CM = Competence motivation. BO-I = Intensity of boredom. BO-U = Boredom due to underchallenge. BO-O = Boredom due to overchallenge. 

a Cronbach’s α was used as primary reliability coefficient. For two-item scales, Spearman-Brown coefficients (ρ) were calculated instead (Eisinga et al., 2013). 

b Sample size and Cronbach’s α reported here are based on the 90-minute short version. Additionally, 21 students completed the full version of the KFT 4-12+R 

(α = .86). Cronbach’s α of this subsample, however, is not entirely trustworthy because it was based on a reduced item pool (i = 116 instead of 195), with 

several item variances yielding a value of zero. 

For all measures besides IQ, participants responded on 5-point Likert-type rating scales, ranging from 1 (strongly disagree) to 5 (strongly agree). By replacing 

the word “mathematics” with “German,” German-specific item framing was provided. 
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Table A3.2 

PSM Details as Recommended by Thoemmes & Kim (2011) 

Thoemmes & Kim (2011) criteria Relevant info for present study 

1 List of variables collected n/a (outside of the scope of this study) 

2 List of variables that were used to estimate PS See Table 1 (for scale reliabilities, see Table S1) 

3 Method to determine set of covariates used for estimation Parsimonious model (i.e. all featured variables were included in PS estimation) 

4 Inclusion of polynomial or interaction terms Up to three-way interaction depth 

5 Estimation method for PS Boosted regression 

6 Conditioning strategy Matching 

7 Region of common support Unmatched: PSmin = .012, PSmax = .988, range of PS = .976; 

matched: PSmin = .025, PSmax = .929, range of PS = .904 

8 Details on matching scheme  

 8.1 Type of matching algorithm Nearest neighbor, with exact matching on schoola 

 8.2 Number of units that were matched with each other 1:1 

 8.3 Matching with or without replacement Without replacement 

 8.4 Caliper width Caliper = 0.9 

9 Details of stratification n/a (stratification not included in conditioning strategy) 

10 Details on weighting n/a (weighting not included in conditioning strategy) 

11 Sample size before and after matching Unmatched: nRC = 1,471, nGC = 390; 

matched: nRC, matched = nGC, matched = 273 

12 Standardized differences before and after matching See Table 1 

13 Point estimate of treatment effect and associated SE See Table 4 

14 Inclusion of covariates in outcome model none 

Note: PS = propensity score. n/a = not applicable. Caliper width in SD-units of estimated PS. 

RC = regular classes. GC = special classes for the gifted. 

PS were estimated in “twang”, using the “ES.mean”-stopping rule for the average treatment effect on the treated (Ridgeway et al., 2014). 

In order to control for context effects, only students from the same school were matched via exact matching (Ho et al., 2011b). 

PSM was conducted based on T1 data (for details on waves of measurement, see method section of main manuscript) 
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Table A3.3 

Fit Indexes of Confirmatory Factor Analyses of First-Order Factor Models of Boredom 

Model 2 df SCF CFI RMSEA SRMR ωBO-I ωBO-U ωBO-O 

Full sample, RC and GC 

Math           

T1 (n = 1,294) 16.691* 6 1.5618 .991 .037 .020 .711 .706 .763 

T2 (n = 1,307) 57.233** 6 1.4393 .964 .081 .033 .748 .705 .761 

T3 (n = 1,282) 85.741** 6 1.3372 .956 .102 .051 .811 .743 .789 

T4 (n = 1,264) 195.861** 6 .8674 .888 .158 .066 .758 .763 .835 

German          

T1 (n = 1,290) 14.518* 6 2.1408 .993 .033 .015 .796 .760 .800 

T2 (n = 1,302) 2.684 6 .8473 1.000 .000 .007 .786 .717 .827 

T3 (n = 1,277) 5.833 6 .4421 1.000 .000 .014 .822 .569 .785 

T4 (n = 1,253) 32.608** 6 1.2121 .982 .059 .026 .821 .768 .752 

Full sample, RC only 

Math           

T1 (n = 1,025) 11.365 6 1.6020 .994 .030 .016 .703 .703 .770 

T2 (n = 1,033) 50.493** 6 1.4001 .961 .085 .034 .740 .695 .756 

T3 (n = 1,001) 60.855** 6 1.3245 .961 .096 .050 .807 .727 .791 

T4 (n = 987) 137.003** 6 .8552 .890 .149 .059 .770 .749 .825 

German           

T1 (n =1,021) 11.791 6 2.0368 .993 .031 .014 .779 .744 .787 

T2 (n = 1,029) 2.582 6 2.1508 1.000 .000 .007 .767 .723 .840 

T3 (n = 996) 3.677 6 .7203 1.000 .000 .013 .818 .715 .780 

T4 (n = 977) 22.522** 6 1.2909 .986 .053 .025 .819 .755 .513 

Full sample, GC only 

Math           

T1 (n = 269) 20.621** 6 1.0883 .950 .095 .043 .751 .720 .747 

T2 (n = 274) 10.424 6 1.1545 .987 .052 .033 .791 .744 .805 

T3 (n = 281) 44.669** 6 .8505 .922 .151 .062 .825 .794 .859 

T4 (n = 277) 51.244** 6 1.0130 .918 .165 .082 .681 .802 .871 

German           

T1 (n = 269) 7.713 6 2.1362 .995 .033 .031 .850 .817 .857 

T2 (n = 273) 9.145 6 1.0091 .991 .044 .017 .857 .695 .768 

T3 (n = 281) 4.764 6 .5744 1.000 .000 .018 .837 .651 .802 

T4 (n = 276) 16.050* 6 .8684 .980 .078 .033 .830 .806 .827 

Matched sample, RC and GC 

Math           

T1 (n = 370) 14.261* 6 .9233 .979 .061 .029 .713 .751 .740 

T2 (n = 374) 19.067** 6 1.2480 .963 .076 .039 .752 .704 .788 

T3 (n = 375) 68.685** 6 .8851 .887 .167 .066 .774 .801 .768 

T4 (n = 369) 59.243** 6 .9091 .927 .155 .066 .749 .792 .879 

German          

T1 (n = 370) 21.148** 6 .7147 .972 .083 .030 .861 .837 .870 

T2 (n = 373) 9.935 6 1.1349 .991 .042 .020 .846 .693 .820 

T3 (n = 374) 6.005 6 1.3472 1.000 .001 .020 .844 .693 .758 

T4 (n = 363) 45.326** 6 .6765 .938 .134 .045 .811 .759 .773 
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Note. BO-I = Intensity of boredom. BO-U = Boredom due to underchallenge. BO-O = Boredom due to 

overchallenge. 

RC = regular classes. GC = special classes for the gifted. 

* p < .05. ** p < .01. 

McDonald’s ω was calculated as 
( ∑ λij)²

p
i=1

( ∑ λij)²+ ∑ ei
p

i=1

p

i=1

, where λij is the standardized factor loading of item i on 

factor j, and eij is the standardized item residual for item i regarding factor j (Brunner et al., 2012; see also 

McDonald, 1999).
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Table A3.4 

Investigation of Measurement Invariance of the First-Order Factor Model of Boredom Over Time 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

Full sample, RC and GC 

Math (n = 1,802)             

configural 439.943** 150 1.2163 .966 .033 .042       

metric 465.133** 159 1.2299 .964 .033 .044 configural vs. metric 25.378** 9 -.002 .000 +.002 

scalar 486.939** 168 1.2344 .963 .032 .044 metric vs. scalar 22.080** 9 -.001 -.001 .000 

German (n = 

1,797) 
            

configural 213.968** 150 1.3001 .992 .015 .024       

metric 222.818** 159 1.3212 .992 .015 .024 configural vs. metric 9.688 9 .000 .000 .000 

scalar 239.580** 168 1.3205 .991 .015 .025 metric vs. scalar 16.801 9 -.001 .000 +.001 

Full sample, RC only 

Math (n = 1421)             

configural 357.342** 150 1.2051 .969 .031 .041       

metric 377.325** 159 1.2167 .967 .031 .043 configural vs. metric 20.183* 9 -.002 .000 +.002 

scalar 406.665** 168 1.2203 .964 .032 .043 metric vs. scalar 28.945** 9 -.003 +.001 .000 

German (n = 1417)             

configural 191.134* 150 1.2719 .993 .014 .025       

metric 198.838* 159 1.2912 .994 .013 .026 configural vs. metric 8.455 9 +.001 -.001 +.001 

scalar 214.656** 168 1.2929 .993 .014 .026 metric vs. scalar 15.714 9 -.001 +.001 .000 

Full sample, GC only 

 Math (n = 381)             

configural 287.850** 150 1.0015 .941 .049 .064       

metric 291.594** 159 1.0299 .944 .047 .064 configural vs. metric 8.003 9 +.003 -.002 .000 

scalar 299.477** 168 1.0462 .944 .045 .065 metric vs. scalar 9.744 9 .000 -.002 +.001 

German (n = 380)             

configural 213.239** 150 1.0768 .971 .033 .043       

metric 222.345** 159 1.1246 .971 .032 .044 configural vs. metric 10.635 9 .000 -.001 +.001 

scalar 227.892** 168 1.1297 .973 .031 .044 metric vs. scalar 6.067 9 +.002 -.001 .000 

Matched sample 

Math (n = 528)             
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configural 270.860** 150 1.0597 .957 .039 .055       

metric 270.646** 159 1.0844 .960 .036 .056 configural vs. metric 4.317 9 +.003 -.003 +.001 

scalar 279.348** 168 1.0822 .960 .035 .056 metric vs. scalar 8.456 9 .000 -.001 .000 

German (n = 525)             

configural 248.204** 150 1.0536 .968 .035 .039       

metric 249.296** 159 1.0956 .970 .033 .038 configural vs. metric 6.472 9 +.002 -.002 -.001 

scalar 262.678** 168 1.0943 .969 .033 .039 metric vs. scalar 13.366 9 -.001 .000 +.001 

             

Note. RC = regular classes. GC = special classes for the gifted. * p < .05. ** p < .01. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 
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Table A3.5 

Investigation of Measurement Invariance of the First-Order Factor Model of Boredom Across Class Types in the Full Sample 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

T1 

Math (nRC = 1,025; nGC = 269)             

configural 27.789** 12 1.4628 .987 .045 .024       

metric 31.797** 15 1.4060 .986 .042 .027 configural vs. metric 3.442 3 -.001 -.003 +.003 

scalar 37.852** 18 1.3356 .983 .041 .030 metric vs. scalar 5.946 3 -.003 -.001 +.003 

German (nRC = 1,021; nGC = 269)             

configural 21.338* 12 1.8976 .993 .035 .019       

metric 28.478* 15 1.7940 .990 .037 .026 configural vs. metric 7.682 3 -.003 +.002 +.005 

scalar 31.880* 18 1.6572 .989 .035 .025 metric vs. scalar 1.790 3 -.001 -.002 -.001 

T2 

Math (nRC = 1,033; nGC = 274)             

configural 68.219** 12 1.2127 .957 .085 .034       

metric 67.414** 15 1.2447 .960 .073 .034 configural vs. metric 0.860 3 +.003 -.012 .000 

scalar 76.395** 18 1.1962 .955 .070 .035 metric vs. scalar 7.836* 3 -.005 -.003 +.001 

German (nRC = 1,029; nGC = 273)             

configural 9.740 12 1.5176 1.000 .000 .010       

metric 12.668 15 1.5057 1.000 .000 .016 configural vs. metric 2.944 3 .000 .000 +.006 

scalar 17.586 18 1.4128 1.000 .000 .015 metric vs. scalar 6.086 3 .000 .000 -.001 

T3 

Matha (nRC = 1,001; nGC = 281)             

configural 116.116** 13 1.0309 .935 .111 .052       

metric 108.859** 16 1.1689 .942 .095 .055 configural vs. metric 4.268 3 +.007 -.016 +.003 

scalar 114.638** 19 1.1431 .940 .089 .056 metric vs. scalar 3.777 3 -.002 -.006 +.001 

German (nRC = 996; nGC = 281)             

configural 9.555 12 1.4059 1.000 .000 .014       

metric 14.134 15 1.4366 1.000 .000 .021 configural vs. metric 4.407 3 .000 .000 +.007 

scalar 17.704 18 1.3670 1.000 .000 .020 metric vs. scalar 3.824 3 .000 .000 -.001 

T4 

Math (nRC = 987; nGC = 277)             

configural 194.673** 12 0.8685 .889 .155 .065       
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metric 146.872** 15 1.1742 .920 .118 .066 configural vs. metric 0.703 3 +.031 +.003 +.001 

scalar 168.098** 18 1.1417 .909 .115 .068 metric vs. scalar 19.874** 3 -.011 -.003 +.002 

partially scalarb 150.431** 17 1.1771 .919 .111 .066 metric vs. partially scalarb 3.850 2 -.001 -.007 .000 

German (nRC = 977; nGC = 276)             

configural 32.805** 12 1.3111 .985 .053 .027       

metric 34.423** 15 1.3366 .986 .045 .028 configural vs. metric 2.085 3 +.001 -.008 +.001 

scalar 37.413** 18 1.2842 .986 .041 .028 metric vs. scalar 1.991 3 .000 -.004 .000 

             

Note. RC = regular classes. GC = special classes for the gifted. * p < .05. ** p < .01. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 

a Residual variance for item bom_o2_3 was set to 0 within special classes for the gifted after showing a nonsignificant negative value in the original 

configural model (Chen et al., 2001). 

b Intercept for item bom_u2_4 was allowed to vary across class types upon revision of model modification indexes. 

  



APPENDIX 212 

Table A3.6 

Investigation of Measurement Invariance of the First-Order Factor Model of Boredom Across Class Types in the Matched Sample 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

T1 

Math (nRC = 182; nGC = 188)             

configural 15.848 12 1.1031 .990 .042 .036       

metric 15.639 15 1.1558 .998 .015 .037 configural vs. metric 0.434 3 +.008 -.027 +.001 

scalar 20.328 18 1.1360 .994 .026 .041 metric vs. scalar 4.838 3 -.004 +.011 +.004 

Germana (nRC = 182; nGC = 188)             

configural 20.597 14 1.1788 .989 .050 .033       

metric 38.838** 17 1.3527 .962 .083 .082 configural vs. metric 13.056** 3 -.027 +.033 +.049 

partially metricb 21.085 16 1.2758 .991 .041 .037 configural vs. partially metricb 1.341 2 +.002 -.009 +.004 

partially scalarb 24.872 19 1.2205 .990 .041 .038 partially metricb vs. partially scalarb 3.734 3 -.001 .000 +.001 

T2 

Math (nRC = 196; nGC = 178)             

configural 28.068** 12 0.9804 .958 .085 .040       

metric 23.242 15 1.2015 .978 .054 .040 configural vs. metric 0.195 3 +.020 -.031 .000 

scalar 24.588 18 1.1675 .983 .044 .041 metric vs. scalar 0.783 3 +.005 -.010 +.001 

German (nRC = 196; nGC = 177)             

configural 16.502 12 1.1551 .990 .045 .023       

metric 16.543 15 1.2184 .997 .023 .026 configural vs. metric 0.744 3 +.007 -.022 +.003 

scalar 20.365 18 1.1771 .995 .027 .027 metric vs. scalar 3.931 3 -.002 +.004 +.001 

T3 

Mathc (nRC = 189; nGC = 186)             

configural 61.933** 13 1.0283 .900 .142 .067       

metric 58.792** 16 1.1412 .913 .119 .071 configural vs. metric 2.090 3 +.013 -.023 +.004 

scalar 64.365** 19 1.1116 .908 .113 .074 metric vs. scalar 4.671 3 -.005 -.006 +.003 

German (nRC = 188; nGC = 186)             

configural 16.476 12 1.2865 .990 .045 .026       

metric 22.410 15 1.2721 .983 .051 .041 configural vs. metric 6.020 3 -.007 +.006 +.015 

scalar 24.133 18 1.2185 .986 .043 .041 metric vs. scalar 0.945 3 +.003 -.008 .000 

T4 

Mathd (nRC = 190; nGC = 179)             
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configural 57.385** 13 1.0057 .923 .136 .072       

metric 50.232** 16 1.1871 .941 .108 .071 configural vs. metric .972 3 +.018 -.028 -.001 

scalar 59.934** 19 1.1678 .929 .108 .072 metric vs. scalar 9.729* 3 -.012 .000 +.001 

partially scalare 51.994** 18 1.1695 .941 .101 .070 metric vs. partially scalare 1.144 2 .000 -.007 -.001 

Germanf (nRC = 185; nGC = 178)             

configural 25.418* 14 1.1850 .974 .067 .049       

metric 35.609** 17 1.1924 .957 .078 .065 configural vs. metric 10.058* 3 -.017 +.011 -.016 

partially metricg 31.408* 16 1.1835 .965 .073 .059 configural vs. partially metricg 6.011* 2 -.009 +.006 -.010 

partially scalarg 34.251* 19 1.1361 .965 .067 .063 partially metricg vs. partially scalarg 1.971 3 .000 -.006 +.004 

             

Note. RC = regular classes. GC = special classes for the gifted. * p < .05. ** p < .01. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 

a Residual variance for item bog_o2_1 was set to 0 within both class types after showing nonsignificant negative values in the original configural model (Chen et 

al., 2001). 

b Factor loading for item bog_o2_1 was allowed to vary across class types upon revision of model modification indexes. 

c Residual variance for item bom_o2_3 was set to 0 within special classes for the gifted after showing a nonsignificant negative value in the original configural 

model (Chen et al., 2001). 

d Residual variance for item bom_u1_4 was set to 0 within special classes for the gifted after showing a nonsignificant negative value in the original configural 

model (Chen et al., 2001). 

e Intercept for item bom_u2_4 was allowed to vary across class types. 

f Residual variances for items bog2_4 and bog_u2_4 were set to 0 within regular classes after showing nonsignificant negative values in the original configural 

model (Chen et al., 2001). 

g Factor loading for item bog2_4 was allowed to vary across class types.  



APPENDIX 214 

Table A3.7 

Mean Factor Scores and Standard Deviations for Latent Variables (Full Sample and by Class Type Subsamples) 

 Math 

 Full sample, RC and GC (n = 1,802)  Full sample, RC only (n = 1,421)  Full sample, GC only (n = 381) 

Boredom T1 T2 T3 T4  T1 T2 T3 T4  T1 T2 T3 T4 

BO-I 1.76 (.62) 1.81 (.65) 2.08 (.82) 2.48 (.74)  1.78 (.62) 1.85 (.67) 2.09 (.81) 2.56 (.74)  1.69 (.62) 1.65 (.63) 2.02 (.88) 2.19 (.69) 

BO-U 2.05 (.67) 2.06 (.66) 2.12 (.70) 2.25 (.71)  2.04 (.65) 2.10 (.65) 2.09 (.67) 2.24 (.69)  2.06 (.75) 1.93 (.71) 2.23 (.82) 2.29 (.81) 

BO-O 1.64 (.60) 1.75 (.64) 1.94 (.71) 2.27 (.87)  1.67 (.61) 1.80 (.65) 1.98 (.72) 2.36 (.86)  1.53 (.54) 1.58 (.61) 1.76 (.70) 1.98 (.88) 

 German 

 Full sample, RC an GC (n = 1,797)  Full sample, RC only (n = 1,471)  Full sample, GC only (n = 380) 

 T1 T2 T3 T4  T1 T2 T3 T4  T1 T2 T3 T4 

BO-I 1.82 (.69) 1.96 (.73) 2.24 (.83) 2.45 (.81)  1.82 (.66) 1.98 (.72) 2.26 (.82) 2.47 (.81)  1.84 (.79) 1.89 (.78) 2.20 (.87) 2.38 (.85) 

BO-U 2.01 (.70) 2.05 (.66) 2.25 (.66) 2.38 (.66)  2.00 (.68) 2.07 (.67) 2.26 (.66) 2.39 (.64)  2.05 (.82) 1.93 (.60) 2.25 (.69) 2.34 (.73) 

BO-O 1.58 (.60) 1.70 (.69) 1.75 (.63) 1.76 (.59)  1.62 (.61) 1.74 (.72) 1.79 (.64) 1.79 (.58)  1.41 (.57) 1.54 (.57) 1.62 (.59) 1.66 (.63) 

               

Note. RC = regular classes. GC = special classes for the gifted. BO-I = Intensity of Boredom. BO-U = Boredom due to underchallenge. BO-O = 

Boredom due to overchallenge. 

Factor scores had the same metric as item indicators due to effects coding (Little et al., 2006), spanning a possible range of 1 – 5. 
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Appendix 4: Supplemental Material to Study 3 

Table A4.1 

Item Wording for Subject-Specific Boredom and Appraisal Measurement 

Item Text 

BO-I 

1 “I find [mathematics / German] to be boring“ 

2 “I find it hard to stay awake during [mathematics / German] class out of sheer boredom” 

BO-U 

1 “When I’m bored in [mathematics / German] class, this is because the subject matter is so easy” 

2 
“When I’m bored in [mathematics / German] class, this is because the teacher goes on about trivial 

points” 

BO-O 

1 “When I’m bored in [mathematics / German] class, this is because I cannot follow the teacher” 

2 
“When I’m bored in [mathematics / German] class, this is because the [mathematics / German] subject 

matter is too difficult for me” 

AI 

1 “I’m interested in [mathematics / German]” 

2 “[Mathematics / German] class is fun to me” 

3 “Engaging in [mathematics / German] is among my favorite activities” 

4 “Often times after class, I’m already curious about the next [mathematics / German]-lesson” 

ASC 

1 “I get good grades in [mathematics / German]” 

2 “[Mathematics / German] is one of my best subjects” 

3 “I’ve always been good at [mathematics / German]” 

4 “I learn fast in [mathematics / German]” 

          

Note. Item wording translated from original German wording. Item responses were given on 5-point rating 

scales, ranging from 1 – strongly disagree to 5 – strongly agree. BO-I = Intensity of boredom. BO-U = 

Boredom due to underchallenge. BO-O = Boredom due to overchallenge. AI = academic interest. ASC = 

academic self-concept. 
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Table A4.2 

Fit Indexes for Confirmatory Factor Analyses (CFA) of 3F-model of Boredom 

Model 2 df SCF CFI RMSEA SRMR ωBO-I ωBO-U ωBO-O 

Entire sample 

Math           

T1 (n = 1,025) 11.290 6 1.6127 .994 .029 [.000-.055] .016 .703 .703 .770 

T2 (n = 1,032) 49.932*** 6 1.4093 .960 .084 [.064-.107] .034 .739 .695 .755 

T3 (n = 999) 60.944*** 6 1.3267 .961 .096 [.075-.118] .050 .808 .726 .791 

T4 (n = 987) 136.164*** 6 .8605 .892 .148 [.127-.170] .059 .770 .749 .825 

German          

T1 (n = 1,021) 11.713 6 2.0503 .994 .031 [.000-.056] .014 .779 .744 .787 

T2 (n = 1,028) 2.571 6 2.1593 1.000 .000 [.000-.022] .007 .767 .724 .840 

T3 (n = 994) 3.597 6 1.8273 1.000 .000 [.000-.030] .013 .818 .714 .779 

T4 (n = 977) 22.384** 6 1.2988 .986 .053 [.031-.077] .025 .819 .755 .734 

Males only 

Math           

T1 (n = 526) 7.839 6 1.5817 .996 .024 [.000-.065] .020 .672 .687 .768 

T2 (n = 524) 31.751*** 6 1.3202 .953 .091 [.061-.123] .032 .760 .695 .717 

T3 (n = 510) 23.976*** 6 1.3826 .971 .077 [.046-.110] .045 .797 .688 .754 

T4 (n = 485) 56.415*** 6 .9638 .896 .132 [.102-.164] .063 .738 .726 .766 

German           

T1 (n = 523) 6.394 6 2.2261 .999 .011 [.000-.059] .016 .776 .743 .788 

T2 (n = 521) 2.233 6 2.3020 1.000 .000 [.000-.025] .013 .726 .713 .854 

T3 (n = 505) 4.587 6 1.7004 1.000 .000 [.000-.050] .014 .798 .700 .720 

T4 (n = 476) 15.716* 6 1.1317 .979 .058 [.024 -.094] .030 .818 .728 .704 

Females only 

Math           

T1 (n = 499) 5.858 6 1.4911 1.000 .000 [.000-.057] .016 .744 .722 .771 

T2 (n = 508) 24.192*** 6 1.0564 .970 .077 [.047-.111] .034 .735 .677 .792 

T3 (n = 489) 38.224*** 6 1.2452 .958 .105 [.075-.138] .051 .826 .778 .839 

T4 (n = 502) 85.021*** 6 .6625 .904 .162 [.132-.193] .051 .810 .780 .877 

German           

T1 (n = 498) 7.730 6 1.3298 .997 .024 [.000-.066] .013 .774 .744 .807 

T2 (n = 507) 7.093 6 1.4538 .998 .019 [.000-.063] .013 .819 .729 .823 

T3 (n = 489) 17.462** 6 .8744 .985 .063 [.030-.098] .026 .839 .726 .823 

T4 (n = 501)a 16.904* 7 1.3800 .987 .053 [.021-.086] .026 .824 .796 .817 

          

Note. * p < .05. ** p < .01. *** p < .001. 

SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

90%-CI for RMSEA are provided in brackets. 

BO-I = Intensity of boredom. BO-U = Boredom due to underchallenge. BO-O = Boredom due to overchallenge. 
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McDonald’s ω was calculated as 
( ∑ λij)²

p
i=1

( ∑ λij)²+ ∑ ei
p

i=1

p

i=1

, where λij is the standardized factor loading of item i on factor j, 

and eij is the standardized item residual for item i regarding factor j (Brunner et al., 2012; see also McDonald, 

1999) 

a Residual variance for item “When I’m bored in German class, this is because I cannot follow the teacher” was 

set to 0 after showing a nonsignificant negative value of -.071 in the original model (Chen et al., 2001). 
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Table A4.3 

Fit Indexes of CFA for Academic Self-concept and Academic Interest at T1 

Model n 2 df SCF CFI RMSEA SRMR 
Factor 

determinacya 
ω 

 Entire sample 

Mathematics          

   ASC 1,025 2.759 2 1.4512 .999 .019 [.000-.068] .006 .939 .877 

   AI 1,025 17.441*** 2 1.7313 .984 .087 [.052-.126] .017 .937 .872 

German          

   ASC  1,021 1.985 2 2.5274 1.000 .000 [.000-.062] .006 .944 .888 

   AI 1,023 9.671** 2 1.8346 .993 .061 [.027-.102] .016 .930 .855 

 Males only 

Mathematics          

   ASC 526 2.738 2 1.7174 .999 .026 [.000-.095] .010 .935 .869 

   AI 526 6.672* 2 2.5218 .990 .067 [.015-.126] .019 .930 .857 

German          

   ASC  523 1.395 2 2.5910 1.000 .000 [.000-.078] .008 .937 .874 

   AI 524 10.738** 2 1.6963 .980 .091 [.043-.148] .024 .927 .845 

 Females only 

Mathematics          

   ASC 499 2.843 2 0.9083 .999 .029 [.000-.098] .007 .937 .873 

   AI 499 11.989** 2 1.1055 .983 .100 [.051-.158] .015 .942 .882 

German          

   ASC  498 0.665 2 2.0816 1.000 .000 [.000-.064] .004 .951 .900 

   AI 499 1.519 2 1.4295 1.000 .000 [.000-.082] .007 .933 .863 

          

Note. * p < .05. ** p < .01. *** p < .001. 

SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

90%-CI for RMSEA are provided in brackets. 

ASC = academic self-concept. AI = academic interest. 

McDonald’s ω was calculated as 
( ∑ λij)²

p
i=1

( ∑ λij)²+ ∑ ei
p

i=1

p

i=1

, where λij is the standardized factor loading of item i on factor j, 

and eij is the standardized item residual for item i regarding factor j (Brunner et al., 2012; see also McDonald, 

1999). 

a Factor determinacies based on respective complete-data patterns. 
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Table A4.4 

Investigation of Measurement Invariance of the 3F-model of Boredom Across Genders 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

T1 

Mathematics (n♂ = 526, n♀ = 499) 

configural 14.708 12 1.4369 .997 .021 [.000-.052] .018       

metric 21.179 15 1.4686 .993 .028 [.000-.054] .027 configural vs. metric 6.249 3 -.004 +.007 +.009 

scalar 31.352* 18 1.3919 .985 .038 [.013-.060] .026 metric vs. scalar 12.431** 3 -.008 +.010 -.001 

German (n♂ = 523, n♀ = 498) 

configural 15.185 12 1.6144 .997 .023 [.000-.053] .015       

metric 23.838 15 1.5779 .991 .034 [.000-.059] .026 configural vs. metric 9.148* 3 -.006 +.011 +.011 

scalar 25.844 18 1.4790 .992 .029 [.000-.053] .027 metric vs. scalar 0.619 3 +.001 -.005 +.001 

T2 

Mathematics (n♂ = 524, n♀ = 508) 

configural 56.017*** 12 1.2045 .957 .084 [.063-.107] .033       

metric 61.316*** 15 1.2968 .955 .077 [.058-.098] .040 configural vs. metric 7.228 3 -.002 -.007 +.007 

scalar 94.940*** 18 1.2253 .925 .091 [.073-.109] .044 metric vs. scalar 42.424*** 3 -.300 +.014 +.004 

partially scalara 66.825*** 17 1.2581 .951 .075 [.057-.095] .040 metric vs. partially scalar 4.709 2 -.004 -.002 .000 

German (n♂ = 521, n♀ = 507) 

configural 8.938 12 1.7287 1.000 .000 [.000-.034] .013       

metric 18.558 15 1.7223 .997 .021 [.000-.049] .031 configural vs. metric 9.732* 3 -.003 +.021 +.018 

scalar 20.831 18 1.6031 .997 .017 [.000-.045] .030 metric vs. scalar 1.422 3 .000 -.004 -.001 

T3 

Mathematics (n♂ = 510, n♀ = 489) 

configural 74.423*** 12 1.0850 .951 .102 [.081-.125] .048       

metric 78.173*** 15 1.1697 .950 .092 [.072-.112] .053 configural vs. metric 7.087 3 -.001 -.010 +.005 

scalar 118.194*** 18 1.1172 .921 .106 [.088-.124] .059 metric vs. scalar 47.511*** 3 -.029 +.014 +.006 

partially scalarb 82.951*** 16 1.1511 .947 .092 [.073-.111] .053 metric vs. partially scalar 4.639* 2 -.003 .000 .000 

German (n♂ = 505, n♀ = 489) 

configural 17.177 12 1.3430 .995 .029 [.000-.058] .021       

metric 17.906 15 1.3516 .997 .020 [.000-.049] .021 configural vs. metric 0.818 3 +.002 -.009 .000 

scalar 20.065 18 1.3037 .998 .015 [.000-.044] .023 metric vs. scalar 1.839 3 +.001 -.005 +.002 

T4 
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Mathematics (n♂ = 485, n♀ = 502) 

configural 132.505*** 12 0.8354 .916 .143 [.121-.165] .058       

metric 118.293*** 15 1.0224 .928 .118 [.099-.138] .059 configural vs. metric 5.789 3 +.012 -.025 +.001 

scalar 127.893*** 18 1.0424 .923 .111 [.094-.130] .062 metric vs. scalar 10.831* 3 -.005 -.007 +.003 

German (n♂ = 476, n♀ = 501) 

configural 33.539*** 12 1.2188 .981 .061 [.037-.085] .029       

metric 40.424*** 15 1.2547 .977 .059 [.037-.081] .034 configural vs. metric 7.039 3 -.004 -.002 +.005 

scalar 48.290*** 18 1.2093 .973 .059 [.039-.079] .033 metric vs. scalar 7.815 3 -.004 .000 -.001 

             

Note. ♂ = male. ♀ = female. * p < .05. ** p < .01. *** p < .001. 

SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

90%-CI for RMSEA are provided in brackets. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 

a Intercept for item “I find it hard to stay awake during mathematics class out of sheer boredom” was allowed to vary across sexes upon revision of 

model modification indexes. 

b Intercepts for items “When I’m bored in mathematics class, this is because the teacher goes on about trivial points” and “I find it hard to stay awake 

during mathematics class out of sheer boredom” were allowed to vary across sexes upon revision of model modification indexes. 
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Table A4.5 

Investigation of Measurement Invariance of Appraisals Across Genders at T1 

Model 2 df SCF CFI RMSEA SRMR 
Factor determinacya Model comparison 

♂ ♀ Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

Mathematics 

ASC (n♂ = 526, n♀ = 499) 

configural 5.081 4 1.4336 .999 .023 [.000-.074] .009 .935 .937       

metric 8.287 7 1.3685 .999 .019 [.000-.060] .033 .935 .936 configural vs. metric 3.165 3 .000 -.004 +.024 

scalar 20.900* 10 1.2944 .989 .046 [.017-.074] .055 .935 .936 metric vs. scalar 14.010** 3 -.010 +.027 +.022 

partially scalarb 14.242 9 1.3186 .995 .034 [.000-.065] .045 .935 .937 metric vs. partially scalar 6.503* 2 -.004 +.015 +.012 

AI (n♂ = 526, n♀ = 499) 

configural 20.761*** 4 1.4488 .987 .090 [.054-.131] .017 .930 .942       

metric 26.704*** 7 1.2483 .984 .074 [.046-.105] .031 .930 .942 configural vs. metric 3.319 3 -.003 -.016 +.014 

scalar 42.320*** 10 1.1912 .974 .079 [.056-.105] .041 .930 .941 metric vs. scalar 16.141** 3 -.010 -.005 +.010 

partially scalarc 35.688*** 9 1.2008 .979 .076 [.051-.103] .033 .930 .942 metric vs. partially scalar 9.202* 2 -.005 +.002 +.002 

German 

ASC (n♂ = 523, n♀ = 498) 

configural 2.343 4 2.1338 1.000 .000 [.000-.052] .007 .937 .951       

metric 4.283 7 1.7188 1.000 .000 [.000-.039] .023 .937 .951 configural vs. metric 2.027 3 .000 .000 +.016 

scalar 6.256 10 1.5051 1.000 .000 [.000-.032] .023 .937 .951 metric vs. scalar 2.041 3 .000 .000 .000 

AI (n♂ = 524, n♀ = 499) 

configural 15.277** 4 1.3345 .989 .074 [.037-.115] .018 .927 .933       

metric 17.367* 7 1.2322 .990 .054 [.022-.086] .021 .926 .933 configural vs. metric 0.924 3 +.001 -.020 +.003 

scalar 23.952** 10 1.1673 .986 .052 [.025-.079] .024 .926 .933 metric vs. scalar 6.457 3 -.004 -.002 +.003 

              

Note. ♂ = male. ♀ = female. * p < .05. ** p < .01. *** p < .001. 

SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

ASC = Academic Self-concept. 

90%-CI for RMSEA are provided in brackets. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 
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a Factor determinacies based on respective complete-data patterns. 

b Intercept for item “I get good grades in mathematics” was allowed to vary across genders. 

c Intercept for item “Mathematics class is fun to me” was allowed to vary across genders. 
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Table A4.6 

Investigation of Measurement Invariance of the 3F-model of Boredom Over Time 

Model 2 df SCF CFI RMSEA SRMR 
Model comparison 

Compare ∆2 ∆df ∆CFI ∆RMSEA ∆SRMR 

Math (n = 1418)             

configural 355.097*** 150 1.2122 .969 .031 [.027-.035] .041       

metric 374.785*** 159 1.2242 .967 .031 [.027-.035] .043 configural vs. metric 19.915* 9 -.002 .000 -.002 

scalar 404.000*** 168 1.2278 .964 .031 [.028-.035] .043 metric vs. scalar 28.821*** 9 -.003 .000 .000 

German (n = 1414)             

configural 189.804* 150 1.2794 .994 .014 [.006-.019] .025       

metric 197.280* 159 1.2988 .994 .013 [.005-.019] .025 configural vs. metric 8.256 9 .000 -.001 .000 

scalar 213.114* 168 1.3006 .993 .014 [.007-.019] .026 metric vs. scalar 15.723 9 -.001 +.001 +.001 

             

Note. * p < .05. *** p < .001. 

SCF = Scaling correction factor for MLR estimator in Mplus (Muthén & Muthén, 1998-2019). 

90%-CI for RMSEA are provided in brackets. 

Δχ²-values were calculated using Satorra & Bentlers’ (2010) correction formula for MLR. 
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