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Abstract
Whether boredom is a unitary construct or if multiple types of boredom exist is a long-standing debate. Recent research has 
established the existence of boredom types based on frequency observations of boredom by experience sampling. This work 
tries to expand our understanding of boredom and replicate these previous findings by applying intensity observations of 
cross-sectional type for four discrete learning activity emotions: boredom, anxiety, hopelessness, and enjoyment. Latent class 
analysis based on activity emotion scores from 9863 first-year students of a business and economics program results in seven 
profiles. Five of these profiles allow a linear ordering from low to high control and value scores (the direct antecedents of 
emotions), low to high positive, and high to low negative emotions. Two profiles differ from this pattern: one ‘high boredom’ 
profile and one ‘low boredom’ profile. We next compare antecedent relationships of activity emotions at three different levels: 
inter-individual, inter-class or between classes, and intra-class or within classes. Some of these relationships are invariant for 
the choice of level of analysis, such as hopelessness. Other relationships, such as boredom, are highly variant: within-class 
relationships differ from inter-individual relationships. Indeed, our results confirm that boredom is not a unitary construct. 
The types of boredom found and their implications for educational practice are discussed and shared in this article.
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Introduction

Boredom among learning activity emotions

‘While studying this boring material, I spend my time think-
ing of how time stands still’… now read this statement again 
and reflect upon it for a moment. How many times did you 
feel bored while performing an activity that was supposed 
to be useful and enriching for your studies or your daily 
work? At some point in life, anyone could relate to this. 
However, the opening statement only describes an item 

used in a scale (from the Achievement Emotions Question-
naire by Pekrun et al., 2011) designed to measure boredom 
related to studying and learning activities. What makes it 
concerning is that boredom, described as a 'silent' (Goetz 
et al., 2014) learning emotion is yet frequently experienced 
(Pekrun et al., 2010) in achievement settings. Beyond how 
often boredom is encountered, there is another issue related 
to how strong boredom is experienced, its intensity. Indeed, 
findings from university settings show boredom mean lev-
els are above neutral levels (Goetz & Hall, 2014). Even 
more, over the past years (from 2008 to 2017), boredom 
in secondary school U.S. students indicates an increasing 
trend where for boys and girls altogether, elevated levels of 
boredom seem to pick in the 10th grade (Weybright et al., 
2020). As recent research warns against the negative impact 
of boredom on health-related quality of life in adolescence 
(Schwartze et al., 2021), exploring boredom in educational 
settings comes across as a necessity still not sufficiently 
investigated beyond this vulnerable period (Loukidou et al., 
2009).

Going back to the fact that at some point in life, every-
one experiences boredom—be it more or less frequently and 
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intensely, the question remains if this feels the same for all 
individuals or if there are different experiences or types of 
boredom. Put differently, what is more interesting to inves-
tigate is if boredom is a unitary construct or rather a hetero-
geneous one. We are therefore interested in understanding 
boredom experienced in achievement contexts.

The next section will explain boredom more generally, 
covering its operational definition and its underlying con-
ceptual dimensions in light of various theoretical accounts. 
This is done to clarify to what extent boredom is a unitary 
construct or rather a heterogeneous one.

Models of boredom and the CVTAE

Overall, the subjective experience of being in a state, 
often regarded as unwanted and unpleasant (Eastwood 
et al., 2012), associated with a perceived slow passage 
of time, behavioural and cognitive disengagement (Goetz 
& Hall, 2014) and a particular difficulty to stay attentive 
(Elpidorou, 2018b), which prompts to taking action to 
escape the present moment (Westgate & Wilson, 2018) is 
regarded as state boredom. More generally, state boredom 
was classified according to different models. According to 
Westgate and Wilson (2018), these models can be organ-
ized into three groups. First, there are the environmental 
theories that explain boredom as a result of the external 
context, where the emphasis is put on either insufficient 
external stimulation from the environment (Goetz et al., 
2006, 2014) or the effect of external constraints (Pekrun, 
2006; Goetz et al., 2014). Second, attentional theories of 
boredom accentuate the role of internal psychological pro-
cesses and propose that boredom results from a failure in 
attention (Eastwood et al., 2012). The third group includes 
the functional theories of boredom which propose a differ-
ent aspect of boredom by looking at its underlying purpose 
in terms of either (serving) goals, (avoiding) opportunity 
cost or (finding) meaning. In this last approach, boredom 
is described as a functional emotion because it both sig-
nals a need for change and serves a regulatory role with 
the potential to contribute to the individual’s wellbeing 
(Elpidorou, 2018a,b). In addition to these three sets of 
models, Westgate and Wilson (2018) propose a fourth: 
the Meaning and Attention Components (MAC) Model 
of Boredom. MAC encompasses the previous views on 
boredom by assuming that the emotion is experienced 
when individuals are also ‘unable or unwilling’ (West-
gate & Wilson, 2018, p. 693) to engage with a certain 
task. In consequence, MAC proposes that different types 
of boredom can emerge based on the triggers of boredom 
(the lack of meaning or the attention deficit). It is impor-
tant to note that relevant research following these models, 
still debates upon one dimension of boredom: its arousal 
or activation dimension. Findings have shown that state 

boredom can be defined in terms of a state of low arousal 
(Mercer & Eastwood, 2010; van Tilburg & Igou, 2016), 
a state of high arousal (Ohsuga et al., 2001), or a state of 
both, mixed high and low, accounting even for the flexibil-
ity of arousal (Eastwood et al., 2012; Goetz et al., 2014; 
Mills & Christoff, 2018; Elpidorou, 2020). For these con-
flicting accounts, Goetz and Hall (2014) propose two pos-
sible explanations: on the one hand, it is argued that the 
arousal concept itself might be multidimensional; on the 
other hand, it is the possibility of multiple types of bore-
dom. While some authors have argued against this last 
possibility on the basis of associated arousal levels (Elpi-
dorou, 2020), the problem of heterogeneity for boredom 
remains a long standing debate (Goetz et al., 2014; Goetz 
& Frenzel, 2006; Westgate & Wilson, 2018; Elpidorou, 
2020) which dates back to the renowned work of Fenichel 
(1951) and still remains to be settled.

So how is boredom conceptualized in an academic con-
text? When experienced in such situations, it is referred to as 
academic boredom (Pekrun et al., 2011), an emotional state 
which can occur in all instances encountered in academic 
settings: when attending lectures or during classes (class 
boredom), while taking an exam (test boredom) and finally, 
when preparing homework, studying or performing any 
learning activity (learning boredom). From this perspective, 
boredom is seen as an activity emotion (Pekrun et al., 2010). 
Furthermore, boredom was conceptualized in terms of the 
factors that explain this emotion in the context of a per-
formed activity by how is the task at hand perceived (Pekrun 
et al., 2010; van Hooft & van Hooff, 2018). To conclude on 
what boredom is, it is also relevant to clarify what boredom 
is not, or more precisely, how it relates to other emotions 
in the same learning context. Previous studies show that 
academic boredom is positively related to other negative 
emotions and negatively related to positive emotions (Goetz 
et al., 2006; Pekrun et al., 2011; Niculescu et al., 2015). The 
strength of these relations, medium in size, points to the fact 
that boredom neither overlaps with other negative emotions 
nor it merely represents the absence of positive emotions 
(Goetz & Hall, 2014).

The Control-Value Theory of Achievement Emotions 
(CVTAE; Pekrun, 2006) represents a framework addressing 
the antecedents and consequences of achievement emotions 
related to achievement activities and achievement outcomes. 
According to CVTAE, achievement emotions are described 
over two dimensions, valence and arousal; in the case of 
boredom, the valence is negative, and the arousal is deacti-
vating (Pekrun et al., 2010). Boredom emerges from beliefs 
about a low capacity to influence outcomes (Pekrun, 2000; 
Frenzel et al., 2007), generally referred to as control apprais-
als (Pekrun et al., 2002). As proximal antecedents of bore-
dom and other achievement emotions, control and value are 
themselves predicted by distal antecedents of both individual 



86	 Motivation and Emotion (2022) 46:84–99

1 3

and task-related learning environment types (Pekrun, 2006). 
Gender and achievement goal setting belong to the distal 
antecedents of individual type (Pekrun, 2006).

Most research into achievement emotions and their 
antecedents operationalize emotions using a measure of 
the intensity of the emotional sentiment. In studies into 
the existence of boredom types, Goetz et al., (2014, 2016) 
applied person-oriented modelling approaches to the fre-
quency of boredom experiences, resulting in five boredom 
types: the first type, ‘indifferent’ boredom, was character-
ized by low arousal and a rather positive valence; the sec-
ond type, ‘calibrating’ boredom, by higher arousal (than the 
indifferent boredom) and a rather negative valence; the third 
type, ‘searching’ boredom was marked by higher arousal 
and more negative valence than the calibrating boredom; the 
fourth type, ‘reactant’ boredom was identified by the highest 
level of arousal and negative valence when compared to all 
previous types. Finally, the fifth boredom—an unexpected 
finding in the study by Goetz et al. (2014), was distinguished 
from the other four types by a very low level of arousal and 
high negative valence; accordingly, this type was referred to 
as ‘apathetic’ boredom. More precisely, the first four bore-
dom types were linearly structured along valence and arousal 
dimensions, the fifth type, apathetic boredom, falling outside 
this linear relationship. Such conceptualization of boredom 
implies that the meaning of the emotional experience is in 
fact, multifaceted. In other words, there is not one subjective 
experience of emotion but more: when feeling indifferently 
bored, there is a sense of relaxation, of being withdrawn 
from action; when experiencing calibrating boredom, there 
is a certain receptiveness to change; in the state of searching 
boredom, a perceived restlessness and a pursuit for change 
become apparent; during reactant boredom, a high degree 
of restlessness and the motivation to search for alternative 
situations than the present state are the focus; finally, feeling 
apathetically bored is a particularly unpleasant emotion, in 
the same range of experiences as hopelessness and depres-
sion (Goetz & Hall, 2014). Most notably, it was suggested 
that different experiences of boredom, or multiple types, 
shape further reactions based on the boredom’s underlying 
antecedents (Westgate & Wilson, 2018). As such, this is rel-
evant and can impact different outcomes over the academic 
context, like learning and achievement.

According to Krannich et al., (2019, p. 208), 'The most 
common antecedents of boredom include individuals' states 
of being over- and under-challenged'. The explanation rests 
on the CVTAE: boredom occurs when a lack of control 
goes together with a lack of value. This is the case when the 
learning task is viewed as unimportant in combination with 
being either too demanding or too less demanding (Pekrun 
et al., 2010; Daniels et al., 2015). Recent research apply-
ing cross-sectional analysis and experience sampling by 
Chan et al. (2018) confirms the role of lack of challenge and 

meaning where state boredom is associated with situational 
meaninglessness.

Inter‑individual, intra‑individual 
and person‑centred approaches

The debate upon the merits of inter-individual analyses 
versus intra-individual analyses in psychological research 
is highly visible within the domain of learning emotions. 
Early studies applying intra-individual analyses of data col-
lected by experience sampling have been around for two 
decades, primarily studies of learning boredom by Thomas 
Goetz and coauthors (Goetz et al., 2006, 2014, 2019). Their 
methodological choices of experience sampling followed by 
intra-individual or within-person analyses found their way 
to other areas of achievement emotions, such as the rela-
tions between achievement goals and achievement emotions 
(Goetz et al., 2016; Linnenbrink-Garcia et al., 2016) or the 
relations between epistemic emotions, achievement emo-
tions, and knowledge exploration (Vogl et al., 2019).

The plea for greater application of within-person, intra-
individual research in educational psychology is derived 
from Molenaar's contribution to system theory (2004; Mole-
naar & Campbell, 2009; Voelkle et al., 2014). That contribu-
tion focuses on the ergodic theorems of dynamic systems. 
Ergodicity addresses the question under what conditions 
the analysis of inter-individual or between-person variation 
results in the same outcomes as the analysis of intra-individ-
ual or within-person variation. The answer is given by the 
two ergodic conditions: (1) homogeneity, each subject in the 
population obeys the same statistical model, and (2) station-
arity, that statistical model is constant over time (Molenaar, 
2004; Molenaar & Campbell, 2009). The second condition 
refers to dynamic systems, such as developmental systems 
or psychological processes (Molenaar, 2004). This dynami-
cal aspect is manifest in examples covered in Murayama 
et al. (2017) as well as the explicit reference to the process 
nature. The authors caution against applying intra-individual 
focus analysis to between-person covariation data, thereby 
emphasizing the specificity of each approach.

Educational studies do not always focus on processes; the 
question of whether boredom types exist has no dynamical 
dimension. If one wishes to derive a typology and measure-
ments are of cross-sectional nature, what do ergodic condi-
tions amount to? The stationarity condition is irrelevant, and 
therefore ergodicity comes down to homogeneity.

According to Howard and Hoffman (2018), both inter-
individual analysis (termed variable-centred approaches) and 
intra-individual analysis (termed person-specific approaches) 
are the poles of a continuum of methodological approaches. 
They characterize these methodological approaches with 
two attributes: specificity and parsimony. In that continuum 
ranging from relative parsimony, the variable-centred pole, 
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to relative richness, the person-specific pole, Howard and 
Hoffman (2018) position a third approach in the middle: 
the person-centred approach. In this approach, unobserved 
heterogeneity in the population is acknowledged and solved 
by classifying subjects into homogeneous subpopulations. 
The analysis aims to understand relations with antecedents 
and consequences on the subpopulation level, just as one 
would do in the variable-centred approach when the popu-
lation is homogeneous. Person-centred approaches fall into 
the middle of the continuum: their solutions are richer but 
less parsimonious than variable-centred outcomes, describ-
ing subpopulations by different models, but are less rich and 
more parsimonious than person-specific solutions that create 
models for each subject.

Our analysis aims to investigate if the several boredom 
types that result from researching the frequency of bore-
dom experiences (Goetz et al., 2014, 2016) can be replicated 
in researching the intensity of boredom experiences, as in 
survey-based research. Our cross-sectional data do not per-
mit an intra-individual or person-specific type of analysis. 
However, the Howard and Hoffman (2018) scheme would 
not even suggest doing so, where we wish to derive a typol-
ogy and its antecedents, which is not a developmental pro-
cess. However, there is a strong suspicion of heterogeneity, 
suggesting a breakdown of the other ergodic condition. For 
these reasons, a person-centred modelling approach is pre-
ferred. Where stationarity is not relevant, but homogeneity 
is, two levels of analysis are relevant: inter-class or between 
classes versus intra-class or within classes. This implies 
three levels of analysis of variation: inter-individual varia-
tion, decomposed into inter-class and intra-class variation.

Aims and research questions

In our authentic learning context-based study, we investigate 
the existence of typologies for boredom; this is our main 
aim to figure out the internal validity of the boredom types.

The typology for other emotions (anxiety, hopelessness 
and enjoyment) is examined to establish the external valid-
ity of the boredom types. In line with Goetz et al., (2014, 
2016), we expect to establish multiple types. Likewise, 
we also expect the boredom types to differ from the other 
emotions. Subsequent aims investigate how such typology 
impacts antecedent relationships of emotions, such as the 
over-and under-challenge hypothesis (Pekrun et al., 2010). 
Finally, we aim to inspect how such typology relates to trait 
versus state characteristics of emotions.

In this study, we follow the Goetz et al. studies by taking 
the person-oriented approach of latent class modelling but 
base this on emotion intensity data, gathered by using the 
AEQ instrument (Pekrun et al., 2011). This choice allows the 
reformulating of the main goals of the current paper. Goetz 
et al., (2014, 2016) derive the existence of boredom types 

from emotion frequency data. Our first research question is: 
(RQ1) To what extent do more conventional intensity data 
also support the existence of multiple types? Is this a generic 
feature, irrespective of the operationalization of boredom, or 
a characteristic of the experience-sampling method directed 
at the frequency of emotional sentiments? Our second 
research question (RQ2) addresses the invariance of rela-
tionships between activity emotions or lack thereof: how dif-
ferent are intra-class and inter-class relations? Third (RQ3), 
we investigate invariance over contexts: what emotions are 
best characterized as dispositions or context-dependent? The 
fourth research question (RQ4) addresses boredom associ-
ated with a lack of challenge and meaning. The last and 
fifth research question asks: (RQ5) what is the role of distal 
antecedents concerning the activity emotions?

In terms of operationalization, we applied latent class 
modelling to all facets of learning activity emotions: bore-
dom, anxiety, hopelessness, and enjoyment, rather than bore-
dom in isolation. Moreover, we did so in a learning context, 
having the full range of strong under-challenge to strong 
over-challenge conditions. Since all achievement emotions 
in this study are of learning activity type, we will address 
them as activity emotions.

Method

In educational research, tests of hypothesized relation-
ships are typically based on variable-centred modelling 
approaches, such as regression, factor analysis, or structural 
equation modelling applied to inter-individual variation in 
the full sample (Marsh et al., 2009; Masyn, 2013; Morin 
et al., 2018; Howard & Hoffman, 2018). This approach is 
based on the strict assumption "that all individuals from a 
sample are drawn from a single population for which a sin-
gle set of "averaged" parameters can be estimated" (Morin 
et al., 2018, p. 804). When homogeneity lacks, person-
centred modelling approaches (Masyn, 2013; Morin et al., 
2018; Howard & Hoffman, 2018) have the goal to group 
individuals, such that people within each category are simi-
lar to each other and different from individuals in other cat-
egories. These approaches "consider the possibility that the 
sample might include multiple subpopulations characterized 
by different sets of parameters" (Morin et al., 2018, p. 804). 
Since research questions are often formulated at the variable 
level, heterogeneity implies adopting a two-step approach: 
start with a person-centred approach to decompose a het-
erogeneous sample into homogeneous clusters or classes, 
and continue with a variable-centred approach based on the 
homogeneous sub-samples (Marsh et al., 2009; Morin et al., 
2018). Our study decomposes the heterogeneous sample into 
(more) homogeneous subsamples based on Latent Class 
Analysis (LCA), applying MPlus, vs. 8.4.
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Participants and educational context

Participants were first-year students of a business and eco-
nomics school in the south of the Netherlands entering the 
program in the ten most recent cohorts: 2010/2011 up to 
2019/2020. These programs deviate from mainstream, 
European university education in two ways: student-cen-
tred instruction known as problem-based learning (PBL), 
and a strong international orientation: the programs mainly 
attract international students. Among the 9863 freshmen in 
this study, 40% are female, 60% male. Most students enter 
the program directly after finishing high school where the 
typical age range is 18–20 years. Data were collected in an 
introductory module on mathematics and statistics, the first 
module of the program.

Prior education differs by nationality and mathematical 
track. Most national educational systems differentiate three 
tracks: preparing for arts and humanities, social sciences, 
and sciences. The second level is required for students in our 
programs, but 34% was educated at the highest level (indi-
cated MathMajor). The diversity of students' prior educa-
tion and prior knowledge creates diversity in the challenges 
students face following the module and is expected to result 
in diverse learning activity emotions.

Problem-based learning takes place in small tutorial 
groups of 14 students. Online learning opportunities were 
added primarily to support less-prepared students with a 
broad range of learning tools, creating a blended environ-
ment. The face-to-face component focuses on collabora-
tive problem solving of open-ended problems. The 'flipped 
classroom' type of instruction resulting from this setup is 
documented in Williams et al. (2016).

The application of dispositional learning analytics fur-
ther scaffolds student learning. Learning analytics (Shum 
& Crick, 2012) aims to provide the student with learning 
feedback based on trace data derived from students' use of 
digital learning environments. Dispositional learning analyt-
ics (Tempelaar et al., 2015, 2018) adds learning dispositions 
measured through self-report surveys as another data source. 
Beyond achievement emotions, learning dispositions col-
lected include learning attitudes related to mathematics and 
statistics, epistemic learning emotions (in the most recent six 
cohorts), and other learner data collected for dispositional 
learning analytics but not used in this study.

Materials

Achievement and epistemic emotions

The Control-Value Theory of Achievement Emotions 
(CVTAE, Pekrun, 2006) postulates that achievement emo-
tions differ in valence, focus, and activation. From the 
Achievement Emotions Questionnaire (AEQ, Pekrun et al., 

2011), an instrument based on CVTAE, we selected from the 
eight scales included in the AEQ the four emotion scales that 
are most strongly related to academic performance: positive 
activating Enjoyment, negative activating Anxiety, and nega-
tive deactivating Boredom and Hopelessness. Given the pri-
macy of independent, self-regulated learning in the PBL sys-
tem, the learning-related versions of the scales were applied, 
rather than the class- or test-related versions. Where these 
achievement aspects of emotions focus on doing a learning 
activity, epistemic emotions relate to the cognitive aspects 
of the task itself (Pekrun, 2012). Epistemic emotions were 
measured with the Epistemic Emotion Scales (EES, Pekrun 
et al., 2017) and included Surprise, Curiosity, Confusion, 
Anxiety, Frustration, Enjoyment, and Boredom. Academic-
Control, measured with the perceived Academic control 
scale of Perry et al. (2001), is included as one of the proxi-
mal antecedents of activity emotions. In this study, epistemic 
emotions are regarded as distal antecedents of achievement 
emotions.

Attitudes towards learning

To supplement the proximal control antecedent with the 
value facet, we applied an extended version of the Survey of 
Attitudes Toward Statistics (SATS, Tempelaar, et al., 2007). 
Based on the expectancy-value theory (Wigfield & Eccles, 
2000), the instrument counts six quantitative methods-
related attitudes toward learning. Two of these scales were 
applied to represent extrinsic and intrinsic facets of valuing 
learning mathematics and statistics: Utility-value, students' 
attitudes about the usefulness, relevance and worth in their 
life, and Intrinsic-value, students' level of individual interest.

Student background data

Gender (Female) and prior mathematics education (Math-
Major) are two indicator variables that account for demo-
graphic factors.

Procedure

Students followed two modules in the first eight weeks of 
their program, one being an integrated course on mathemat-
ics and statistics. Students complete self-report question-
naires on learning dispositions in the first and middle week 
as part of a student project for statistics. Since these were the 
first weeks in university, responses to learning disposition 
instruments administered at the start of the module, such as 
epistemic emotions, typically reflect learning dispositions in 
high school. Halfway through the term, students completed 
the questionnaires on activity emotions and learning atti-
tudes. This timing ascertains that students were sufficiently 
familiarized with the new learning environment.
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The naturalistic setting impacts the nature of the learn-
ing emotions measurements. Our authentic context of inde-
pendent student learning prevented the explicit connection 
of activity emotions from doing a particular learning activ-
ity. Instead, students were asked to respond to the emotion 
survey on a retrospective account in the context of individual 
problem-solving activities they did that week.

Ethics approval was obtained by the Ethical Review 
Committee of Maastricht University (ERCIC_044_14_07). 
Participants in the study provided informed consent to use 
personal data for the generation of learning feedback for the 
improvement of instruction and educational research.

Statistical analyses

Nonlinear relationships between activity emotions and prox-
imal antecedents were investigated with hierarchical regres-
sion models, allowing for linear, quadratic, and cubic terms. 
To minimize collinearity, the AcademicControl variable was 
de-meaned.

Person-oriented modelling of activity emotions was per-
formed with latent-class analysis based on all four activ-
ity emotions scores. In deciding upon the number of latent 
classes, both substantial criteria and fit and information cri-
teria were applied (Howard & Hoffman, 2018).

Results

This results section starts with an analysis of descriptive 
statistics of activity emotions, followed by the principal 
inferential analysis: the estimation of the latent class model 
to answer the first research question. In the following sec-
tions, we apply different descriptive methods to answer the 
remaining research questions.

Descriptive statistics of learning activity emotions

Table 1 contains descriptive statistics of learning activ-
ity emotions and proximal antecedents: means, standard 

deviations, skewness, kurtosis, sample reliability (Cronbach 
alpha) and correlations (full correlation matrix in Statisti-
cal Appendix, Table SA1). No measure signals any devia-
tion from standard criteria for univariate analysis (Kline, 
2016). Measures collected in ten cohorts, Fig. 1 describes 
the evolvement of means of activity emotions in consecutive 
academic years. Enjoyment means fluctuate just above the 
neutral anchor of four; Anxiety means fluctuate just below 
the neutral score. Boredom and Hopelessness scores are 
below the neutral score, fluctuating around three. However, 
fluctuations are limited in size, and in all learning activity 
emotions, time explains less than five per cent of the vari-
ation in means over academic years, suggesting stability in 
the experience of learning activity emotions.

Latent class analysis and the description 
of the 7‑class solution

To investigate the first research question, latent class analy-
ses based on Anxiety, Boredom, Hopelessness, and Enjoy-
ment scores are run for one to twelve classes. The decision 
for the number of latent classes is based on statistical crite-
ria: fit and information indices, and substantive considera-
tions, the interpretation of latent classes.

Table 1   Descriptive statistics of activity emotions and proximal antecedents

Scales based on Likert 1–7 type items; p value < 0.001 for all correlations

Emotion Mean SD Kurto-sis Skewness Reliability 1 2 3 4 5 6 7

1. Anxiety 3.909 1.172 − 0.432 − 0.104 0.918 1.00
2. Boredom 2.964 1.124 − 0.092 0.529 0.934 0.375 1.00
3. Hopelessn 3.058 1.220 − 0.310 0.453 0.945 0.827 0.528 1.00
4. Enjoyment 4.176 0.904 0.064 − 0.164 0.849 − 0.302 − 0.499 − 0.442 1.00
5. AcadControl 5.164 0.854 0.010 − 0.428 0.789 − 0.552 − 0.342 − 0.685 0.341 1.00
6. Intr-value 5.218 1.050 0.634 − 0.755 0.840 − 0.221 − 0.284 − 0.331 0.276 0.302 1.00
7. Util-value 5.243 0.834 0.093 − 0.401 0.787 − 0.162 − 0.371 − 0.264 0.449 0.227 0.549 1.00

Fig. 1   Mean levels of activity emotions anxiety, boredom, hopeless-
ness, and enjoyment over time
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Statistical criteria to compare LCA solutions with a 
different number of classes are in Table SA2 (Statistical 
Appendix). The fit criteria of Log-likelihood, BIC, adjusted 
BIC, and AIC all demonstrate a continuous decrease when 
adding classes with increments getting smaller. What is a 
common LCA outcome: "most of the statistical fit criteria 
indicate better fit as more profiles are added to the model" 
(Howard & Hoffman, 2018, p. 858). Entropy measures as 
information criterion fluctuate around 0.8. BLRT and LMR 
tests p-values provide the most apparent signals: up to seven 
classes, each additional class improves fit significantly, with 
p values below 0.020, but the 8-class does not: the p-val-
ues for BLRT and LMR are both larger than 0.200. The 
9-class and 10-class solutions provide a better fit than the 
8-class solution again, but from 11 classes on, fit does not 
improve anymore. BLRT and LMR log-likehoods coincide 
with model log-likelihoods in all LCS solutions, indicating 
the stability of these solutions. See Table SA2 (Statistical 
Appendix).

The main objective of the latent class analysis is to inves-
tigate the existence of exceptional classes standing out from 
the linear ordering induced by the control-value framework, 
as the apathetic boredom class in the Goetz et al. (2014) 
study. That objective feeds our substantive argumentation: 
we wish to include any stable class that escapes the CVTAE 
based ordering. This substantive argument is best illustrated 
graphically: Fig. 2. Latent class solutions with two to five 
latent classes generate profiles that differ quantitatively but 
not qualitatively: they adhere to the linear ordering. Increas-
ing levels of Boredom go with increasing levels of Anxiety 
and Hopelessness, decreasing levels of Enjoyment, and, in 
line with CVTAE, decreasing levels of AcademicControl. 
The first panel of Fig. 2 demonstrates Boredom class means 
having a nearly perfect, negative linear relationship with 
AcademicControl class means. Inter-class correlations of 
Boredom and AcademicControl exceed 0.99. The 6-class 
LCA solution is the first with a qualitatively different profile: 

a class with relatively high Boredom levels (Fig. 2, second 
panel). This class shares properties of the apathetic boredom 
type (Goetz et al., 2014, 2016). The 7-class LCA solution 
adds an opposite qualitatively different class, with relatively 
low Boredom levels (Fig. 2, third panel). Other classes in 
the 6-class and 7-class solutions still obey the nearly perfect 
linear relationship. Adding more classes does not further 
enrich the type of profiles: it brings additional classes in line 
with above mentioned three patterns. The 10-class solution 
(Fig. 2, right panel) serves as an example to illustrate the 
existence of three class types: linearly ordered, high bore-
dom type, and low boredom type. Based on the substantive 
argument of including the full typology of classes, class 
solutions with at least seven classes are preferred.

An additional requirement to the substantive argument 
is, according to Morin (2016), demonstrating the meaning-
fulness of each class. We interpreted this requirement that, 
amongst others, meaningful explanations can be provided on 
how multiple high boredom classes differ and how multiple 
low boredom classes, as visible in the 10-class solution, dif-
fer. However, a meaningful explanation of class differences 
is missing: additional exceptional classes are generated by 
splitting the single exceptional classes visible in the 7-class 
solution without a clear and interpretable demarcation 
between the split classes.

Statistical and substantial arguments taken together, the 
7-class LCA solution was preferred. Increasing the number 
of latent classes beyond seven has mixed but small impacts 
of statistical criteria of fit. From a substantive point of view, 
the 7-class solution includes the full typology of linearly 
ordered, high-boredom, and low-boredom class types that 
characterizes all LCA solutions beyond seven classes. The 
stability of the finding of this typology answers our first 
research question: we indeed find a typology that shares the 
characteristics of the typology found in Goetz et al., (2014, 
2016) and, on top of that, includes the mirror case of apa-
thetic boredom. Amongst all higher-order LCA solutions, we 

Fig. 2   Latent class means of boredom, vertical axis, against academiccontrol, horizontal axis, for latent class solutions with five, six, seven, and 
ten latent classes
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prefer the 7-class solution as the most parsimonious one for 
reasons of a meaningful interpretation of class differences.

Tables SA3 to SA9 (Statistical Appendix) provide cor-
relation matrices for the seven latent classes.

The 7-class solution of the LCA of emotions Anxiety, 
Boredom, Hopelessness, and Enjoyment is best character-
ized by latent means of activity emotions and proximal ante-
cedents: Table 2. Levels of Academic control order latent 
classes. The class with relatively high levels of Boredom is 
labelled ClassHigh, the class with relatively low levels of 
Boredom as ClassLow, the other classes as Class1 to Class5.

Three large classes are the non-extreme classes within 
the negative linear relationship between AcademicControl 
and Boredom: Class2, Class3, and Class4. The two classes 
at the poles of this linear relationship are smaller, espe-
cially Class1, having the lowest AcademicControl levels. 
All classes have mean AcademicControl levels above the 
neutral anchor: in general, students perceive being in control. 
The two deviant classes are relatively small.

The deviant characteristics of ClassHigh and ClassLow 
extend to the Enjoyment emotion. See Fig. 3, where the four 
panels depict the relationship between AcademicControl and 
activity emotions on class level, including error bounds. 
High Boredom-scores in ClassHigh go together with low 
Enjoyment-scores. Anxiety and Hopelessness scores are in 

line with the corresponding AcademicControl levels. Class-
Low does not share that characteristic: Enjoyment levels are 
only fractionally higher.

Valuing of learning, the second proximal antecedent 
has Intrinsic and Utility-values as facets. Figure 4 depicts 
the relationship between Utility-value and emotions on the 
class level. The two deviant classes demonstrate nearly equal 
mean Utility-value scores. Relationships are linear: increas-
ing for Enjoyment, decreasing for Boredom, Anxiety, and 
Hopelessness. Deviations from this linear pattern are less 
strong for Boredom and Enjoyment, stronger for Anxiety 
and Hopelessness. ClassHigh students distinguish by low 
Anxiety and low Hopelessness, relative to Utility-value lev-
els. ClassLow students face relatively high levels of Anxiety 
and Hopelessness.

Intrinsic-value scores in ClassHigh and ClassLow are 
more differentiated than Utility-value scores; other observa-
tions for the Utility-value case are repeated for the Intrinsic-
value case. Concerning Boredom and Enjoyment, ClassHigh 
and ClassLow satisfy the linear relationship amongst all 
classes that Boredom decreases and Enjoyment increases 
with Intrinsic-value. Deviant behaviours are found for Anxi-
ety and Hopelessness: students in ClassHigh have low Anxi-
ety and Hopelessness levels relative to Intrinsic-value, the 
opposite being the case for ClassLow students: see Fig. 5.

Table 2   Class size and latent 
class means of activity emotions 
and proximal antecedents

Total Class1 Class-Low Class2 Class3 Class-High Class4 Class5

Class size 9863 468 839 1748 2706 543 2603 956
Anxiety 3.91 5.84 5.43 4.59 4.27 2.96 3.15 1.95
Boredom 2.96 4.83 2.61 4.15 2.76 4.22 2.33 1.76
Hopelessness 3.06 5.67 4.70 4.08 3.12 2.37 2.10 1.30
Enjoyment 4.18 3.11 3.85 3.67 4.28 3.22 4.61 4.98
AcademicControl 5.16 4.06 4.42 4.62 5.11 5.52 5.62 6.05
Intrinsic-value 5.22 4.48 5.19 4.76 5.29 4.55 5.51 5.77
Utility-value 5.24 4.66 5.13 4.91 5.23 5.11 5.47 5.73

Fig. 3   Latent class means of activity emotions, vertical axis, against academiccontrol, horizontal axis. Class1 to Class5 with black marker, 
ClassHigh with white marker, ClassLow with grey marker. Error bounds added
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Classification probabilities for the most likely latent class 
membership (column) by latent class (row) are in Table 
SA10 (Statistical Appendix). They indicate that Class3 and 
Class4 have more in common with each other than with 
ClassHigh, although AcademicControl in ClassHigh is in 
between those two classes.

Inter‑individual correlations at sample and class 
level

To answer the second research question regarding the invari-
ance of relationships of activity emotions, correlations of 
activity emotions and proximal antecedents at overall and 
class levels are contained in Table SA11 (Statistical Appen-
dix), where each row represents one bivariate relationship. 
Full sample outcomes in the first column are in line with 
empirical research on inter-individual relationships of activ-
ity emotions and proximal antecedents, as predicted by 

CVTAE: the sign of the correlation between two activity 
emotions is determined by the valence of both emotions that 
dominates the arousal dimension, and proximal antecedents 
relate positively to positive emotions, negatively to negative 
emotions. The other columns contain inter-individual corre-
lations within classes. The general pattern is that, in absolute 
size, correlations within classes are smaller than full sample 
correlations. Beyond that pattern, remarkable differences are 
present in full sample and class correlations. For example, 
Anxiety and Boredom, two negative emotions, are positively 
related in the full sample, but negatively related in several 
classes, except ClassHigh and ClassLow. With the impact 
of the valence dimension being partly absorbed by class dif-
ferences, the analysis at the class level gives more space for 
the activation dimension to become visible: the deactivating 
nature of Boredom and the activating nature of Anxiety. The 
correlation between Boredom and Enjoyment is mostly neg-
ative, except again ClassHigh, ClassLow, and also Class1. 

Fig. 4   Latent class means of activity emotions, vertical axis, against utility-value, horizontal axis. Class1 to Class5 with black marker, ClassHigh 
with white marker, ClassLow with grey marker. Error bounds added

Fig. 5   Latent class means of activity emotions, vertical axis, against intrinsic-value, horizontal axis. Class1 to Class5 with black marker, 
ClassHigh with white marker, ClassLow with grey marker. Error bounds added
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The negative full sample correlation between Anxiety and 
Enjoyment does not show up in any class.

AcademicControl is inversely related to Boredom in the 
full sample, but that relationship vanishes or even turns posi-
tive in all classes. It is only the relationship between control 
and Hopelessness that consistently carries over from full 
sample to classes. Intrinsic-value relates to Boredom and 
Enjoyment stronger than to Anxiety and Hopelessness. The 
relationship between Intrinsic-value and Anxiety, negative 
in the full sample, is positive or zero in the classes. That 
last finding repeats itself for Utility -value: its relationship 
with Anxiety, negative in the full sample, has varied values 
in the classes.

Prediction equations of activity emotions 
by proximal antecedents and class probabilities

Large differences exist between overall level and class levels 
in relationships of proximal antecedents AcademicControl, 
Intrinsic and Utility-value, and activity emotions. To answer 
the third research question related to the context-dependency 
of activity emotions, Table SA12 (Statistical Appendix) 
contains standardized regression coefficients (betas) and 
explained variation for all constellations.

The strongest signal derived from this table stems from 
comparing the first two and last two panels. The explanatory 
power of the proximal antecedents of Anxiety and Bore-
dom vanishes in a within-class analysis. With one exception, 
explained variation within classes is below four per cent. 
That is: inter-individual variation of Anxiety and Boredom 
is basically inter-class variation, with the intra-class varia-
tion being negligible. That is especially true for Boredom in 
ClassHigh and ClassLow: none of the proximal antecedents 
explains Boredom levels.

The lower two panels of Table SA12 tell a different story 
for Hopelessness and Enjoyment. Again, explained inter-
class variation still dominates explained intra-class varia-
tion, but intra-class variation explained by proximal ante-
cedents is substantial, mostly between 10 and 20% of the 
total variation.

Another perspective on the relative magnitudes of inter-
class and inter-individual variation in activity emotions is 
based on regressing these emotions on latent class probabili-
ties (taking Class3 as reference), on proximal antecedents, 
and the combination of latent class probabilities and proxi-
mal antecedents. Variation explained by class probabilities 
defines the inter-class variation. We compare that with the 
explained inter-individual variation based on proximal ante-
cedents and variation explained by both class probabilities 
and proximal antecedents together. Table SA13 (Statisti-
cal Appendix) provides the outcomes of these regression 
models.

Class probabilities explain most of the variation in emo-
tions Anxiety, Boredom, and Hopelessness: between 74 and 
93%; explained variation in Enjoyment is no more than 40%. 
The variation explained by proximal antecedents alone is at a 
lower level. Therefore, adding proximal antecedents to class 
probabilities as explanatory factors of emotions has only a 
minor impact on explained variation. However, class prob-
abilities and proximal antecedents share explained variation. 
For Boredom: adding proximal antecedents to class prob-
abilities as predictors raises explained variation from 0.735 
to 0.740, whereas proximal antecedents themselves explain 
21.1% of the variation in Boredom. This implies that 5% of 
the explained variation is unique, and 16.1% of the explained 
variation is shared.

Betas of class probabilities follow a fixed pattern. For 
Class1 and Class2, having fewer positive emotions than 
reference Class3, the beta for positive emotion is negative, 
the betas for negative emotions are positive. For Class4 and 
Class5, with more positive emotions than Class3, the beta for 
positive emotion is positive, the betas for negative emotions 
are negative. ClassLow and ClassHigh are the exceptions to 
this pattern, with different signs for the beta of Boredom.

Nonlinear prediction equations

The fourth research question, the existence of potential 
under- and over-challenge effects in Boredom and other 
emotions, is investigated by applying regression models 
including squared and cubic terms of AcademicControl, 
after demeaning: see Table SA14 (Statistical Appendix). 
Although some of the nonlinear terms are significant, not in 
the Boredom equation. The largest effects are in the Anxiety 
equation, where a negative quadratic term decreases Anxiety 
levels at low and high AcademicControl levels, and a posi-
tive cubic term in the Hopelessness equation, that dampens 
the negative linear relationship at both ends. However, these 
effects are not practically significant: they increase R2 with 
at most 0.4%.

Distal antecedents of emotions: demographic 
factors and epistemic emotions

As the last research question, the role of distal antecedents is 
investigated. Two distal antecedents, gender and mathemat-
ics prior education, demonstrate a strong relationship with 
the composition of the latent classes: see Fig. 6. Regarding 
gender composition, ClassLow (65% female) and ClassHigh 
(18% female) stand out. Percentage educated at an advanced 
track in high school, MathMajor, increases with higher lev-
els of AcademicControl, with one exception: that percentage 
is lowest in ClassLow.

Table SA15 (Statistical Appendix) contains the direct 
effect of distal antecedents on activity emotions. Overall, 
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gender explains Anxiety (4.4% explained variation, female 
students at higher levels), and prior education explains 
Anxiety (5.3% explained variation) and Hopelessness (6.2% 
explained variation) (MathMajor students at lower levels).

Gender and education effects differ by level of analysis. 
Prior education effects disappear in nearly all class-specific 
comparisons. The latent class composition with more Math-
Major students in classes with higher levels of self-perceived 
control (see Fig. 6), equates emotion profiles of students of 
both types of prior education and thereby largely eliminates 
its role in explaining emotions at the class level. The case of 
gender is totally different. There are several constellations 
where the within-class gender difference exceeds the overall 
difference. Class1 with lowest levels of control is an exam-
ple: it shows gender differences in Anxiety, Boredom, and 
Hopelessness that exceed overall gender differences. Here 
latent class decomposition does not 'neutralize' the gender 
effect.

Boredom scores exhibit Simpson's paradox: overall, stu-
dents educated at an advanced level have lower Boredom 
levels than students educated at an intermediate level, but 
within six classes, it is the other way around: MathMajor stu-
dents carry higher Boredom scores. These students are over-
represented in the classes with the lowest Boredom levels. 
There is no similar effect for Boredom gender differences: 
female students have lower levels, overall and in every class.

Epistemic emotions are the second distal antecedent, 
measured at the start of the module in the most recent six 
of ten cohorts. Together with gender and prior education, 
the seven epistemic emotions measures are applied as distal 
antecedents explaining activity emotions at the overall level 
(see Table SA16 (Statistical Appendix). The last row of that 
table signals that a substantial part of the variation in activ-
ity emotions is explained by distal antecedents present when 
the module starts. Three of the epistemic emotions corre-
spond in object to one activity emotion: Anxious, Bored, 
and Excited, and act as prime predictors of activity emotions 

Anxiety, Boredom, and Enjoyment. Hopelessness misses an 
epistemic emotion with the identical facet and finds main 
predictors in Anxious and Frustrated.

The role of gender and prior education is in line with 
earlier findings: Boredom has a strong gender effect but a 
small prior education effect, whereas other activity emotions 
contain both elements.

Comparing Table SA16 with Table SA12, the somewhat 
surprising message is that distal antecedents explain activ-
ity emotions better than proximal antecedents, at least for 
Anxiety, Boredom, and Enjoyment. The exception is Hope-
lessness, where AcademicControl dominates explanatory 
power of distal antecedents. Explanatory power at class 
level (Table SA18, Statistical Appendix) is lower than that 
at full sample level: the contribution of explained inter-class 
variation is lost. However, comparing this table with Table 
SA12 indicates this loss is smaller than when we explain 
activity emotions by proximal antecedents. AcademicCon-
trol and value facets explain, with one exception, no more 
than 4% of the variation of Anxiety and Boredom at the 
class level. Distal antecedents do better: their contribution 
to the explained variation ranges from 9.1% to 25.7%. There 
is only one case where the proximal antecedents do better 
explain class-specific levels of activity emotions than distal 
antecedents: Hopelessness.

Discussion

Types of boredom

Applying experience sampling to investigate the relation-
ships of the frequency of boredom observations with percep-
tions of valence and arousal, Goetz et al. (2014) decomposed 
the boredom construct in five types: four types of boredom 
that are linearly structured along the dimensions of low to 
high valence and arousal (indifferent, calibrating, search-
ing, and reactant boredom), and one type, apathetic bore-
dom, that falls outside this linear relationship. Apathetic 
boredom combines low arousal levels with high negative 
valence levels. Using a different research methodology and 
an intensity operationalization of boredom, we largely repro-
duce this outcome by finding seven latent classes of activity 
emotions: five that demonstrate a linear ordering and two 
classes falling outside the linear pattern, one with relative 
high boredom levels and the opposite case with low bore-
dom relative to other constructs. The similarity in empirical 
outcomes of the Goetz et al. (2014) study and our study is 
especially remarkable, given the different operationalization 
of boredom: frequency measures versus intensity measures, 
and answers the first research question.

Our study finds one extra class in the linear ordered 
sequence. An explanation of this difference may be the size 

Fig. 6   Latent class composition: proportion of female students and 
proportion of MathMajor students
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of our sample. Our Class1 contains 4.7% of the full sample 
and may be missed in smaller samples. A second explanation 
might be our context: an achievement situation in which, 
depending on prior education, the full range from under-
challenge to over-challenge is present, where the Goetz et al. 
(2014) study identifies mostly situations of under-challenge. 
The challenging nature of our module may explain another 
difference: the size of the high boredom class. In the univer-
sity sample of the Goetz et al. (2014) study, 10% of students 
were in the Apathetic boredom class, against 5.5% in our 
ClassHigh, the class with relatively high boredom levels. 
The strong achievement focus in our context may explain 
this: it is not easy to be bored and not anxious and hopeless 
at the same time when stakes are that high. Students may 
find themselves out of control but not out of value (Krannich 
et al., 2019).

Differences exist in the gender composition: in the Goetz 
et al. (2014) study, female students make two-third of the 
sample, against 40% in our study. That difference is impor-
tant given that female students are underrepresented in 
ClassHigh, the class with relatively high levels of Boredom, 
and overrepresented in ClassLow, the class with relatively 
low levels of Boredom. The last difference is in the existence 
of ClassLow, be it that this is primarily a modelling choice: 
to cut off after seven classes rather than six.

Inter‑class and intra‑class relationships

Repeated measurement of learning emotions allows distin-
guishing inter-individual from intra-individual relationships: 
the second research question. These relationships are differ-
ent in nature: due to the homogenization of predictor vari-
ables, intra-individual relationships are typically less articu-
lated than inter-individual relationships. Lacking repeated 
measurements but profiting from a large, heterogeneous 
sample, we decomposed relationships in the full sample into 
inter-class relationships describing class means and intra-
class relationships describing relations between students 
within classes. Figure 2 indicates inter-class relationships of 
emotions and academic control being strong, stronger than 
inter-individual relationships (as expected for relationships 
between group averages). Beyond ClassHigh and ClassLow, 
the classes with relatively high and low levels of Boredom 
respectively, acting as outliers, the other class means shape 
a perfect linear relationship. However, for Boredom, that 
is all that can be modelled: intra-class relations are basi-
cally absent. The overall relationship between academic 
control and boredom at the student level is fully determined 
by the linear ordering of latent class means. Within each 
class, Boredom is unrelated or weakly related to Academic-
Control. The opposite case is Hopelessness. As with Bore-
dom, it demonstrates a negatively sloped, linear pattern with 
AcademicControl for class means: see Fig. 2. To this adds a 

consistent, negative relationship between Hopelessness and 
AcademicControl within classes, correlations ranging from 
− 0.29 to − 0.41: see Table SA10. Added together, these two 
effects produce a strong negative relationship, with correla-
tion -0.69, on student level.

Emotion types as personality‑specific dispositions

Another outcome this study shares with Daniels et al. (2015) 
and Goetz et al. (2014) refers to our third research question's 
characterization of emotions types. Phrased with reserva-
tions in Goetz et al., (2014, p. 413), 'we can speculate that 
experiencing specific boredom types might, to some degree, 
be interpreted as being due to personality-specific disposi-
tions,' our outcomes match up. The strongest signal comes 
from a comparison of proximal and distal antecedents. 
Activity emotions and proximal antecedents were measured 
halfway through the module within a particular problem-
solving context. These are context-based, state-like meas-
ures. Distal antecedents are measured at module start with 
high school learning experiences as context, representing 
trait-like measures. Still, distal antecedents explain activity 
emotions better than proximal antecedents, except Hopeless-
ness. That difference is large for within-class variation. The 
dominance of distal antecedents over proximal antecedents 
for Anxiety, Boredom, and Enjoyments implies that it is less 
the learning activity undertaken but more one's dispositions 
shaping the 'activity' emotions. This is the case for all emo-
tions investigated except Hopelessness, for which it depends 
on the feeling of being in control, what is activity-specific 
and no disposition.

Boredom and the lack of challenge and meaning 
hypothesis

No support is found to characterize boredom as 'lack of 
challenge and meaning' (Pekrun et al., 2010; Van Tilburg 
& Igou, 2012; Daniels et al., 2015; Krannich et al., 2019) at 
the overall level. If under-challenge and over-challenge pro-
duce Boredom, the topic of the fourth research question, the 
relationship between AcademicControl and Boredom were 
to be U-shaped curve-linear. We find curve-linear relation-
ships in other emotions, but not Boredom. And the curve-
linear effects, especially in Anxiety, are very weak. In the 
overall sample, Boredom is negatively related to Academic-
Control, and Boredom levels are lower for students with an 
advanced level prior education, corresponding to an over-
challenge mechanism. However, this effect shows up at the 
overall level only; within all classes, Boredom is unrelated 
to AcademicControl. In addition, we find that students 
educated at the advanced level have higher mean Boredom 
scores in six of seven classes. The Simpson paradox seems 
at work here: due to the overrepresentation of MathMajor 
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students in the classes with low Boredom, no under-chal-
lenge effect is visible in the full sample, but it is present in 
the majority of classes.

Gender and prior education as distal antecedents

Given strong heterogeneity in prior education, it was 
expected that being educated at advanced levels would pro-
tect students against negative emotions and push positive 
ones: the fifth research question. But prior education effects 
are modest: associated with lower Hopelessness levels, but 
not with higher Enjoyment levels. Moreover, these modest 
prior education effects disappear in the latent classes. This 
suggests that the LCA-generated emotion profiles are con-
gruent to patterns induced by education differences, even in 
ClassHigh and ClassLow.

As in Pekrun et al. (2010), male students encounter higher 
Boredom levels than female students. Relative to the valence 
of other emotions, this sets Boredom in a different position: 
male students tend to self-perceive negative emotions on 
lower levels while positive emotions and academic control 
on higher levels than female students. A remarkable differ-
ence with prior education is that the latent class decomposi-
tion does not absorb the gender effects.

Limitation

Although our application of latent class analysis took all four 
activity emotions into account, only Boredom indisputably 
exhibited the existence of a typology. Anxiety and Hopeless-
ness obeyed the linear ordering, and only Enjoyment demon-
strated some tendency toward a different type, be it weakly. 
This outcome is for certain limited to the conceptualization 
of activity emotions as in the AEQ instrument we applied. 
However, it coincides with the findings regarding the unique 
role of Boredom in a typology of learning activity emotions 
as established by Goetz et al., (2014, 2016), based on the 
different measurement framework of experience sampling 
applying different conceptualizations.

Conclusions and implications for practice

Boredom remains a complex emotional experience and a 
difficult to assess construct, mainly due to its salient nature 
requiring surveys or experience sampling approaches to 
provide insight. In this study, we sought to answer the ques-
tion: can boredom and other learning activity emotions be 
adequately explained by variable-oriented models such as 
the CVTAE (Pekrun, 2006) suggest? Do different types of 
boredom exists, as suggested in Goetz et al., (2014, 2016)?

Boredom types exist, concluded the Goetz et al. (2014) 
study, and that is again the conclusion of our study. Although 

our operationalization of boredom is crucially different: fre-
quency of expressions in the Goetz et al. (2014) study, inten-
sity measures in our study. Starting from these different posi-
tions, both studies derive the existence of boredom types, 
monotonously ordered from positive to negative valence, 
from low to high arousal, from high to low academic control. 
Furthermore, both studies find a boredom type that escapes 
these compelling relationships: the apathetic boredom as 
described in the Goetz et al. (2014) study, the class with 
atypically high Boredom, low Enjoyment levels, relative to 
other emotions, AcademicControl, and Intrinsic-value in our 
study. This study adds the class with low Boredom but nor-
mal Enjoyment levels to this constellation, given Academic-
Control and other emotions.The valence facet is dominant 
in the bivariate relationships of activity emotions, as visible 
in the full sample correlations. Valence differences largely 
determine the LCA classes: only the two extraordinary 
classes deviate from the strict linear ordering by valence 
level. Due to this composition of classes, the valence dimen-
sion loses its dominant role in the relationships of emotions 
at the class level, except for the extraordinary classes. At the 
class level, other features of emotions, like the activation 
nature, come to the forefront, as visible in the Boredom-
Anxiety relationships. Homogenization of the sample by 
LCA allowed seeing patterns that otherwise remained hid-
den behind other patterns.

The above conclusions suggest another: the existence 
of emotion types beyond boredom types. With the inter-
pretation that emotions can be characterized in two types: 
more disposition-like, as a trait, or more context-depend-
ent, as a state. We concluded that Boredom and Enjoyment 
are stronger disposition-based. Hopelessness seems to be 
stronger context-dependent, better explained by the learn-
ing context, and Anxiety takes a position in between. That 
difference in nature may help to interpret the outcomes of 
the latent class analysis. In essence, ClassHigh distinguishes 
from the other classes on Boredom and Enjoyment, but not 
on Anxiety and Hopelessness. The measurement of activity 
emotions was embedded in the context of several problem-
solving tasks. This suggests that activity emotions differ how 
strong they depend on the specific learning activity, or are 
stronger disposition-based. From an educational perspec-
tive, this second typology is as important as the first one. If 
boredom is not only a silent, difficult to observe emotion, 
but also a relative invariant, difficult to address emotion, 
perspectives to intervene in boredom and enjoyment are 
minimal. Approaching more context-dependent emotions, 
such as hopelessness, might be more fruitful.

Another parallel to the Goetz et al. (2014) study refers 
to the issue of inter-personal versus intra-personal relation-
ships. We transformed that comparison into one of the inter-
class and intra-class relationships. Although both these rela-
tionships are manifestations of interpersonal relations, there 
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is a crucial difference. In essence, inter-class relationships 
represent relationships between different students with dif-
ferent emotion profiles. Intra-class relationships represent 
relations between different students with the same emotion 
profile. If we define a continuum from inter-personal to 
intra-personal relations, inter-class relations are positioned 
somewhere halfway (Howard & Hoffman, 2018). Our study 
indicates that analyses producing substantial results at the 
inter-class and overall levels break down at the intra-class 
level: see the correlation between AcademicControl and 
Boredom. It is the exception rather than the rule that any 
relationship on inter-class level repeats itself at the intra-
class level in an entirely consistent way. However, if most 
intra-class relations lack substance, significance, and con-
sistency, one cannot expect intra-personal relations to be 
any stronger. This suggests that to the extent that CVTAE is 
meant to address processes at intra-individual level (Goetz 
et al., 2016), our outcomes are not encouraging.

The main implication is that the outcomes of the Goetz 
et al., (2014, 2016) studies appear being robust. Boredom 
types are not specific for experience sampling of the fre-
quency of emotional sentiments but show up in cross-sec-
tional observations of intensity and generalize to emotion 
types. That suggests strong evidence for the existence of 
emotion profiles, in which Boredom plays a special role: 
although the LCA is based on all activity emotions, it is 
primarily Boredom that stands out from the otherwise very 
dominant, valence based linear ordering. A second robust 
outcome of the Goetz et al., (2014, 2016) studies relates to 
CVTAE. Comparing inter-individual and intra-individual 
relationships between emotions and antecedents, these stud-
ies find relationships to differ, with in general intra-individ-
ual relationships being weaker than inter-individual ones. 
We obtain similar findings comparing inter-individual, inter-
class, and intra-class relationships. Inter-class relationships 
are stronger than inter-individual relationships (regression 
outcomes of means being stronger than regression outcomes 
of individual observations) and in line with CVTAE. Intra-
class relationships are, however, weaker or absent. There 
are crucial differences between discrete activity emotions: 
for Hopelessness, most state-like and context-dependent, the 
intra-class relationships 'inherit' the inter-individual rela-
tionships. However, for the more trait-like emotion of Bore-
dom, intra-class relationships based on CVTAE are weak 
or mostly absent. It is the combination of these replicated 
findings that brings the two main messages: we should be 
more attentive to checking the homogeneity condition in the 
first place. In case this condition does not satisfy, thereby 
telling that different profiles or types exist and each complies 
with different educational theories, we need to design more 
fine-grained theories that address inter-class relationships 
rather than intra-class relationships.
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