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Although intelligent tutoring systems (ITSs) are increasingly used, it is unclear which psychological processes
precede students’ learning gains. Using a pre- and posttest design, the present study examined a sequence of
psychological processes informed by control value theory. We investigated (a) whether secondary school stu-
dents’ topic-related cognitive appraisals (value and control) affected their task-related affective (enjoyment and
boredom) and cognitive (engagement and performance) outcomes while using the ITS and (b) whether task-
related outcomes affected learning. Path analyses showed that students’ topic-related interest, but not
perceived utility, personal importance or self-efficacy, was associated with task-related enjoyment. In turn,
enjoyment showed reciprocal effects on and of engagement and ongoing task performance, which predicted final
performance and, ultimately, learning gains. The influence of boredom, in contrast, was minimal along this
sequence. More generally, the findings highlight the difficulty of establishing a clear pattern of sequential
causation derived from control value theory for the current ITS context, with evidence demonstrating the sys-
tematic influence of confounders accounting for the predicted relations among components. Despite these lim-
itations, we identified key psychological processes involving the contribution of affective and cognitive processes
to learning in the ITS context.

1. Introduction

Digital learning is being democratized worldwide and represents a
major resource for the future of education. Advantages of digital
learning are the flexibility of the learning settings and the enhancement
of individualized and complex learning (Jacobson et al., 2017; Lazarides
& Chevalere, 2021). However, it is unclear whether psychological pro-
cesses that are known to influence learning progress in teacher-led,
traditional large group settings also apply to digital learning settings
(Loderer et al., 2020). An established theoretical framework that de-
scribes such psychological processes is Pekrun’s control-value theory
(CVT, Pekrun, 2006; Pekrun & Perry, 2014), which assumes a central
role of human emotions specifically evoked during learning activities in
driving the cognitive and motivational resources underpinning learning
and achievement (Pekrun & Linnenbrink-Garcia, 2012; Pekrun & Perry,

2014). These theoretical assumptions have proven robust across a range
of school subjects (Forsblom et al., 2022; Kogler & Gollner, 2018; Li &
Wei, 2022; Mercan, 2020; Simonton et al., 2017) and student pop-
ulations (Lichtenfeld et al., 2022; Mercan, 2020; Putwain et al., 2021). It
is, however, of utmost importance to examine whether these theoretical
tenets also apply to digital learning settings aimed at enabling students
to learn autonomously, some of which are increasingly being developed,
such as intelligent tutoring systems (ITSs) (Alkhatlan & Kalita, 2018).
ITSs are computer programs that typically include an interface that
communicates with the learner, a model of the learner (e.g. current
knowledge level), a model of the domain knowledge (e.g., knowledge
that needs to be conveyed and the difficulty level of specific tasks), and a
model of the tutor (e.g. teaching methods tailored to specific needs), and
tailor learning content and instructional feedback to the learner (Ma
et al., 2014). Meta-analyses by Ma et al. (2014) and Kulik and Fletcher
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(2016) on the effectiveness of ITSs showed that the use of an ITS was
associated with greater achievement in comparison to teacher-led, large
group instruction, non-ITS computer-based instruction, and textbooks.
However, the benefits were generally lower for primary and secondary
school students than for postsecondary school students. To better un-
derstand the suitability of ITSs for secondary education, we tested how
the affective and cognitive processes described by CVT apply to an ITS
context. In the following, we first introduce CVT and then review a set of
studies that test its assumptions in ITSs.

1.1. Control value theory: achievement emotions and performance

Pekrun’s CVT provides ‘an integrative framework for analyzing the
antecedents and effects of emotions experienced in achievement and
academic contexts’ (Pekrun, 2006). Achievement emotions encompass
outcome-related emotions, referring to emotions experienced in relation
to academic success and failure, and activity-related emotions, which
are experienced during achievement activities (i.e., studying, attending
classes, completing assignments, or taking exams) (Camacho-Morles
et al., 2021; Pekrun, 2006). Activity-related emotions differ in terms of
their valence (positive or negative, e.g., enjoyment vs boredom) and
activation (activating vs. deactivating, e.g., anger vs. boredom; see
Pekrun et al., 2007, for more details). CVT assumes that activity-related
emotions directly predict achievement outcomes. Specifically, enjoy-
ment and boredom play a pivotal role in increasing or reducing the
allocation of cognitive resources available for tasks, which is why ac-
tivity emotions relate to engagement and effort while completing tasks
and the deployment of learning strategies ultimately affecting academic
performance (Pekrun et al., 2007). Among the causal antecedents of
activity emotions, the theory emphasizes learners’ cognitive appraisals
of the learning situation in terms of students’ expectations and attribu-
tions of control and value (Pekrun & Perry, 2014). Appraisals of control
refer to the perceived controllability of a given activity or topic (e.g.,
beliefs about one’s ability to master a given topic), while appraisals of
value refer to the subjective value ascribed to it (i.e., whether or not
learners find a topic interesting, important or useful).

Within the sequence of CVT components from antecedents to
achievement, mediational processes are assumed to take effect (Pekrun
et al., 2002), some of which have been proven (Goetz et al., 2020; Tze
etal., 2021). For example, Tze et al. (2021) showed that the relationship
between math appraisals and math performance in Grade 4 students
from 53 educational systems (i.e., the 2015 Trends in International
Mathematics and Science Study International database) was mediated
by enjoyment and boredom. This means that activity-related emotions at
least partly account for the influence students’ appraisals of the topic to
be learned have on their performance while learning that topic.

In addition, it is assumed that CVT components are linked by
reciprocal causation, that is, feedback loops involving mutual re-
inforcements of appraisals, emotions, and learning outcomes over time
(Pekrun, 2006; Pekrun et al., 2014, 2017; Pekrun & Stephens, 2010;
Putwain et al., 2018). For example, in a one-year longitudinal study
among students from 25 primary schools, Putwain et al. (2018) showed
that students’ higher enjoyment and lower boredom with respect to
math lessons predicted higher subsequent grades in math; in turn,
greater achievement predicted subsequent enjoyment and low boredom.

1.2. CVT in digital learning and intelligent tutoring systems

Until now, it is still unclear whether tenets of CVT hold in digital
contexts. Indeed, CVT posits that antecedents of achievement emotions
also include the characteristics of the learning environment, such as task
demands, the structure of goals, and the presence of feedback (Pekrun,
2006). This implies that the nature of the learning environment may
influence the cognitive and motivational processes underpinning per-
formance. In particular, ITSs often maximize learner-centered learning
processes by presenting ill-defined problem-solving tasks embedded in
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open-ended environments. While granting students more flexibility and
autonomy than traditional instruction, the complexity of ITS environ-
ments may result in high demands placed on students (Biswas et al.,
2016; Daniels & Stupnisky, 2012; Land, 2000). Consequently, the
characteristics of ITSs might potentially affect the sequence of CVT
processes through the experience of activity-related emotions (Plass &
Kaplan, 2016), calling for an examination of their relations to anteced-
ents and learning outcomes.

Regarding the links between cognitive appraisals and activity emo-
tions, it is unclear whether students’ topic-related appraisals precede
their emotions for students who learn with an ITS in a similar way as in
traditional learning settings. Because ITSs place high demands on stu-
dents (i.e., the interaction with ITSs is sometimes reported as “tedious”
by students) (D’Mello, 2021) and the self-regulation skills required to
overcome the challenging open-ended nature of ITSs are still in devel-
opment in adolescence (Pintrich & Zusho, 2002), the question arises as
to whether and which appraisals of value and control regarding a given
topic may be predictive of a positive emotional experience while
working with the ITS. In theory, students ascribing high value to and/or
feeling self-efficacious on a particular topic are expected to enjoy
learning activities and show grit while exhibiting low boredom, ac-
cording to CVT and the situated expectancy value theory (SEVT, Eccles
& Wigfield, 2020). The meta-analysis by Loderer et al. (2020) brought
partial evidence confirming the applicability of this assumption in a
variety of technology-rich environments including ITSs, among others,
by showing overall positive relationships between a conjunction of
perceived control measures (including topic-related self-efficacy and
self-concept) and a conjunction of subjective value measures (including
subject-related interest, importance, and utility, i.e., perceived useful-
ness for future goals) and activity-related enjoyment (r = 0.50 and r =
0.56, respectively). To our knowledge, however, no study has yet
documented the independent contributions of topic-related interest,
importance, utility, and self-efficacy to task-related enjoyment in the
specific context of ITSs.

The effects of topic-related appraisals of value and control on activity
boredom in the ITS context are also rarely investigated (Loderer et al.,
2020). Studies that focus on similar educational technologies such as
Moodle may be informative when aiming to develop hypotheses about
the relations between appraisals and boredom in ITS, as these environ-
ments share some characteristics with ITSs including self-paced, flexible
learning and the availability of feedback on student performance. Ber-
weger et al. (2022) showed that individual differences in students’ in-
terest and utility value appraisals with regard to the subject of
educational sciences predicted their activity boredom levels negatively
while using Moodle. Partially confirming these results with a similar
technology, Acosta-Gonzaga and Ramirez-Arellano (2021) found that a
latent factor comprising subject-related appraisals of control and value
predicted a negative-emotion latent factor comprising boredom, frus-
tration, and anxiety for the school context in general.

Taken together, this previous work supports CVT in that higher
subject-related appraisals of control and value are associated with more
positive and less negative experiences while completing digital learning
tasks. However, when disentangling the contribution of each subject-
related appraisal of control and value to activity emotions, findings
reveal more fragmentary support for CVT in digital contexts (Berweger
et al., 2022), which might also apply to ITSs. Therefore, in the present
study we sought to determine whether each of the subject-related ap-
praisals of control and value could independently enhance emotional
experience while learning with an ITS.

1.3. The role of activity emotions in performance in intelligent tutoring
systems

CVT assumes that activity emotions influence achievement. Ac-
cording to Pekrun (2006), achievement encompasses students’ engage-
ment or motivation to learn, task performance, and learning. Studies
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using ITSs generally show that the tenets of CVT hold in these contexts,
in that more enjoyment and less boredom are associated with better
learning outcomes. Using Betty’s Brain, an ITS for climate change,
Munshi et al. (2018) found that high task-performers were significantly
associated with higher task-related delight (a proxy for enjoyment),
lower task-related boredom, and higher learning gains than low per-
formers on a pencil and paper pre-posttest. These findings not only
suggest that task-related activity emotions predict task-related perfor-
mance, but also that higher task performance yields better learning gains
after students study the materials with the ITS. Similarly, a study by
Cloude et al. (2020) focusing on negative emotions in MetaTutor, an ITS
for biology, found that students experiencing increasing levels of
boredom during the task showed lower learning gains on an indepen-
dent pre- and posttest knowledge test.

Task-related engagement in ITSs (i.e., how immersed in, focused on,
and concentrated students are with the system, Baker et al., 2010) has
also been shown to vary depending on activity emotions and to play a
role in task performance and learning. Andres et al. (2019) analyzed the
frequency of students’ affective transitions during Betty’s Brain sessions
every 20 s and found that two of the three most prevalent transitions
involved associations between delight and engaged concentration,
suggesting that both states potentialize one another. Additionally,
Graesser et al. (2022) showed that for students in their optimal zone of
engagement, their performances in a version of AutoTutor for literacy
predicted improvements in reading comprehension skills. Conversely,
boredom has been shown to best predict a state of disengagement in
AutoTutor (D'Mello & Graesser, 2010) and to correlate negatively with
learning gains in Betty’s Brain (Andres et al., 2019). For that reason,
studies have employed techniques aimed at reducing boredom by of-
fering encouragement (Arroyo et al., 2010; D’Mello & Graesser, 2013) or
increasing learning support (Arroyo et al., 2010; Chevalere et al., 2023;
Forbes-Riley & Litman, 2009). For example, a recent study by Chevalere
et al. (2023) varied the hint delivery strategy in Betty’s Brain, where
students could receive increasingly detailed hints either according to
their consecutive failures on the task or as they increasingly
self-reported emotions incompatible with learning. Unfortunately,
however, this manipulation yielded no overall benefit with respect to
students’ boredom.

To summarize, the reviewed research offers substantial evidence
supporting the global predictions of CVT in terms of the presence and
direction of effects among contiguous components of the model.
Therefore, just as in non-digital learning environments, the existence of
an overall pattern of sequential processes from distal antecedents to
learning outcomes (e.g., Tze et al., 2021) can be expected in the ITS
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context (i.e., topic-related cognitive appraisals — task-related activity
emotions — task engagement — task performance — learning gains), which
we investigated in the present study.

1.4. The present study

The main contributions of this study to existing research are related
to the fact that, on a theoretical level, we examine whether the pre-
dictions of CVT can be transferred to the context of learning with digital
technologies in science classrooms. On an empirical level, studies using
digital technologies have already shown the importance of topic-related
cognitive appraisals for task-related activity emotions (Acosta-Gonzaga
& Ramirez-Arellano, 2021; Berweger et al., 2022), of emotions for task
engagement (Andres et al., 2019; D’Mello & Graesser, 2010; Munshi
etal., 2018), of engagement for task performance (Graesser et al., 2022),
and of task performance for overall learning gains (Graesser et al., 2022;
Munshi et al., 2018). However, previous studies still show fragmentary
findings that have never been considered together in an ITS context. We
thus provide a unique examination of the transition from students’
topic-related appraisals to digital task-related emotional experience and
learning, and test the sequence of constructs described in CVT in a pre-
and posttest design before and after students learn with an ITS. We
operationalize activity emotions by assessing task-related enjoyment
and boredom, as they represent two extremely valenced states yielding
opposite effects on learning outcomes (Pekrun, 2006) and are among the
emotions most frequently experienced by students in the classroom
(Butz et al., 2015).

Here, we used Betty’s Brain, an ITS that uses a learning-by-teaching
paradigm. This effective method consisting of having students learn on
behalf of (and teach) other students as opposed to learning for them-
selves (Bargh & Schul, 1980; Fiorella & Mayer, 2013, see also Koh et al.,
2018), has been adapted and proven effective in Betty’s Brain (Chase
et al., 2009). More precisely, students teach a virtual peer-agent, Betty,
as much as possible about the topic of climate change by reading a
science book, building a concept map, and receiving hints from a virtual
teacher agent (more details below) (Biswas et al., 2016). In regard to the
literature, the present study asked the following research questions:

RQ1: What are the relations between topic-related cognitive ap-
praisals and task-related outcomes in the ITS context?

RQ2: What are the relations between task-related outcomes and
learning outcomes in the ITS context?

Our assumptions are depicted in Fig. 1.

Against the theoretical background of CVT, we formulated the
following hypotheses to answer the research questions:

Topic-
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Fig. 1. Theoretical model of the relationships between topic-related appraisal, achievement emotions, and learning outcomes in ‘Betty’s brain’.
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Hypothesis 1. Higher topic-related interest, importance, utility, and
self-efficacy toward the topic of climate change (pretest phase) will be
associated with higher levels of enjoyment and less boredom with
Betty’s Brain (test phase).

Hypothesis 2. Higher levels of enjoyment and lower levels of boredom
(test phase) will be associated with higher levels of task engagement in
Betty’s Brain (test phase).

Hypothesis 3. Task engagement (test phase) will be positively asso-
ciated with concept map performance in Betty’s Brain (test phase).

Hypothesis 4. A higher performance on the concept map in Betty’s
Brain (test phase) will be associated with a higher increase in overall
knowledge (learning gain from pretest to posttest) of climate change.

Hypothesis 5. There will be reciprocal relations between emotions
(enjoyment and boredom) and learning-related outcomes (engagement
and/or ongoing performance) during the Betty’s Brain activity (test
phase).

2. Methods
2.1. Sample

The study was conducted in five German secondary schools partially
representative of the diversity of school types in Germany, including two
‘Gymnasien’ (academic secondary schools, 40%), one ‘Gesamtschule’
(comprehensive school, 20%), one ‘Oberschule’ (secondary school,
20%), and one ‘Berufsschule’ (vocational school, 20%). The ratio of
school types in our study also roughly corresponds to the actual pro-
portion of these school types at the country level when these school
types in particular are compared to one another (42%, 29%, and 25% for
Gymnasien, Gesamtschule, and Oberschule, respectively, with the
exception of the Berufsschule, which currently only accounts for 4% of
the ratio and is therefore slightly overrepresented here) (Statista, 2022).
The sample used was composed of 140 participating students in the 7th
to 10th grades (grades 7 and 8: 15.71%; grade 9: 37.14%; grade 10:
47.13%; Mage = 15.15, SDage = 1.95, 48.29% girls, 78.57% native
German speakers). Only students whose parents provided a signed
informed consent form and who themselves consented to participate
were included in the study.

2.2. Procedure

Data were collected over a maximum of four 1-h sessions embedded
within a three-day protocol, which took place during each school’s
science week. Fig. 2 provides an illustration of the study design.

On pretest session 1 (day 1), students used an online platform to
enter their demographic data and respond to an online questionnaire
assessing CVT components with respect to the broader topic of climate
change regardless of the Betty’s Brain activity, as well as their prior
knowledge by completing a knowledge test described below. On pretest
session 2 (day 1), students received a general introduction to Betty’s
Brain and a training on concept maps by a student teacher of geography
involved in the project, after which they were presented with an indi-
vidual tutorial directly implemented in the software. During experi-
mental test sessions 1 to 4 (i.e., the intervention spanned from day 2 to
day 3), students worked independently on Betty’s Brain for approxi-
mately 60 min each session with minimal assistance from the teacher,
who would intervene in case the students had questions. During these
sessions, the data of interest with regard to the digital learning task were
collected through automatic 10-min state-like measures of activity
emotions and engagement and assessments of performance imple-
mented with the software. In-between the sessions and when students
finished the task, they worked in collaborative groups on activities not
related to climate change. Finally, at the end of the protocol (post-ses-
sion on day 3), all participating students completed the knowledge test
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Fig. 2. The current study design.

again and were presented with a general debriefing on the experiment.

2.3. Betty’s Brain

Fig. 3 provides an illustration of the environment in Betty’s Brain
translated into the German language. When working with Betty’s Brain,
students learn the content of a “science book” that explains the phe-
nomenon involved in climate change through text and illustrations and
build a concept map, that is, a visual representation linking together via
causal relations the scientific concepts just learned. The science book is
divided into four chapters discussing different aspects of climate change
and students are free to read the science book and build the concept map
at their own pace (Biswas et al., 2016).

Upon request by the student and automatically every 10 min, the
virtual teacher agent provides feedback on the accuracy of the concept
map (an example of a concept map is depicted in Fig. 3) and delivers a
hint with different levels of detail to either help the learner fix incorrect
conceptual links or suggest missing links in the concept map (see Seg-
edy, 2014, for more details on hint generation).
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Fig. 3. An illustration of the Betty’s brain environment.

Note. Mr. Davis, the mentor agent, gives a hint and performance feedback automatically every 10 min in the present study.

For research purposes pertaining to a larger research project
(including Chevalere et al., 2023 publication), students were assigned
randomly to two versions of the software that differed subtly in the way
hints from the virtual teacher were delivered. In one version - the
emotion-based strategy - students received hints according to their
self-reports from a list of emotional categories derived from the cogni-
tive disequilibrium framework (D’Mello & Graesser, 2012). This theo-
retical framework describes the dynamics of the cognitive-affective
states that emerge during complex learning, with a focus on the transi-
tions between states of engagement, confusion, frustration, and
boredom. In the second version - the progressive hint strategy - students
received hints according to their consecutive failures on the task (Seg-
edy, 2014). The experimental condition was aimed at reducing students’
boredom while interacting with the ITS, but showed no overall benefit
(Chevalere et al., 2023). To further ensure that the present hypotheses
related to CVT could be tested independently of the different Betty’s
Brain versions, we conducted a series of independent sample t-tests with
Bonferroni corrections prior to all analyses (« level cutoff at p < 0.05/2
conditions = 0.025) on measures at pretest, test, and posttest (described
below). Results of the t-tests revealed non-significant differences across
the two conditions, ts(138) < |1.33|, ps > 0.18, ds < 0.22, in the vari-
ables included in this study, ruling out any significant influence of the
software’s versions on the findings. In all analyses of the present study,
the group membership (G1 vs. G2) was used as a covariate. More in-
formation about the two versions is available in Chevalere et al. (2023).

2.4. Measures

2.4.1. Perceived topic-related appraisals

Topic-related values were assessed using the Scale Assessing Sub-
jective Educational Task Values [Skala zur Erfassung subjektiver
schulbezogener Werte, SESSW] by Steinmayr and Spinath (2010). The
validated 9-item Likert-type scale includes three dimensions of
perceived value (interest, importance, and utility) derived from SEVT
(Eccles & Wigfield, 2020). We have adapted the questionnaire to the
topic of climate change with 3 items for each dimension, such as ‘It is
important for me to be familiar with the topic of climate change’ (importance
dimension) [in German], and responses ranged from 1 ‘does not apply at
all’ to 5 ‘applies completely’ [in German]. The reliability of the three-item

scale was good (o« = 0.86) (Taber, 2017). More details about the reli-
ability analyses are available in Appendix A.

Topic-related control was assessed using the German version of the
self-efficacy questionnaire by Kunter et al. (2002) used in the 2000 PISA
survey in Germany. The validated 4-item Likert-type scale was originally
developed to assess self-efficacy in mathematics. In the present study,
we have adapted the wording of the items to assess students’ compe-
tence beliefs about the topic of climate change through items such as ‘I
am convinced that I can master the skills that are being taught on the topic of
climate change’ [in German]. Reponses range from 1 ‘does not apply’ to 4
‘applies’) [in German]. The reliability of the four-item scale was
acceptable (a« = 0.75).

2.4.2. Task-related activity emotions and engagement

Task-related activity emotions and engagement were directly
assessed in the Betty’s Brain environment through single-item adjectives
presented automatically every 10 min. We focused on the two highly
valenced activity emotions of enjoyment and boredom (Pekrun, 2006).
Engagement was assessed in accordance with the taxonomy defined in
previous studies using ITSs (Andres et al., 2019; D’Mello et al., 2007)
based on the cognitive disequilibrium framework (D’Mello & Graesser,
2012). Items consisted of 5-point Likert-type items related to each of the
three words ‘Engaged/Concentrated,” ‘Enjoyed,” and ‘Bored’ (presented in
that order) with response categories ranging from 1 ‘not at all’ to 5 ‘very
strong’ [in German]. The item wording was ‘How strong are you experi-
encing the following states right now? Please click on the button that best
describes the intensity of each state’ [in German]. The use of single-item
adjectives minimizes disruptions to the learning process and is in line
with previous research that has measured emotional states over time
(Duffy et al., 2020; Gogol et al., 2014). The reliability of the repeated
single items computed using the maximum number of measurement
occasions (n = 6) common to all participants (N = 140) was good
(ICCnjoyment = 0.85, ICCporedom = 0.89, ICCingagement = 0.89, see
Appendices A and B for more details).

2.4.3. Task performance

Task performance in Betty’s Brain was assessed every 10 min
following the emotion prompt. The scoring procedure builds upon the
original scoring system in Betty’s Brain (Segedy, 2014), which provides
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an accuracy score for the current concept map by calculating the pro-
portion of correct links out of the total number of correct links derived
from the fully correct concept map for a single chapter. As described in
Appendix C, Text C.1, the original scoring system was expanded to ac-
count for the entire Betty’s Brain task comprising the four chapters
(/100%), referred to as ‘raw performance.” The reliability of the
repeated raw performance single item over 6 consecutive assessments
was good (ICC = 0.87). Ultimately, the maximum score that a student j
reached at the end of the task was adjusted by that student’s frequency
of progress along the task (i.e., the number of improvements (successes)
i made on the causal map for a single student j), referred to as the ‘final
performance score.’

2.4.4. Overall knowledge test on climate change

The pretest knowledge test was administered as a self-developed
online knowledge test. The knowledge test assesses general aspects of
climate change addressed in Betty’s Brain and consists of seven close-
ended (/16.5) and one open-ended question (/13.5) for a maximum
score of 30 points. More details about the knowledge test and the scoring
system can be found in Appendix, Text C.2. The reliability of the 24-item
test at pretest was good (o« = 0.87). The posttest knowledge test on
climate change was identical to the one presented at pretest. The reli-
ability of the 24-item test at posttest was good (« = 0.87).

2.5. Statistical analyses

To answer the research questions, we used path analyses performed
in R version 4.2.1 (R Core Team, 2022) using the ‘lavaan’ package
version 0.6-12 (Rosseel, 2012). To test our hypotheses, a series of path
analyses were conducted on the data from 140 participants (no missing
or extreme values) to model the relations between perceived
topic-related values, self-efficacy, task-related activity emotions,
engagement, performance, and pretest and posttest knowledge. All
model parameters were estimated using maximum likelihood estima-
tion, and 95% confidence intervals were generated using bootstrapping
(5,000 resamples) and percentile methods (Efron & Tibshirani, 1993).
Following Kline (2016), we reported y2, CFI, RMSEA, and SRMR as fit
indices. Values of CFI > 0.95, RMSEA < 0.07, and SRMR < 0.08 indi-
cated good model fit (Hooper et al., 2008). The required sample size (N
> 127) was determined a priori with a power analysis (B = 0.80, a =
0.05) conducted with G*power software version 3.1 (Faul et al., 2009) in
the context of multiple regression. In the absence of an available prior
effect size for the present model, we expected a medium overall effect (/2
= 0.15, Cohen, 1988) for a total of 12 predictors. Multilevel analyses
were not performed due to the small number of participating schools (N
= 5) and total classrooms (N = 11). However, to control for the vari-
ability in age and gender across schools, these two variables were used
as covariates in all analyses.

We employed a three-step procedure to test the predictions of CVT,
inspired by Rohrer et al.’s (2022) recommendations to investigate the
causal validity of the theoretical model in Fig. 1. As the first step, an
‘Average’ model included the pretest, posttest, and final performance
measures and the averages of all collected task-related measures of
emotions and engagement (n measurement occasions over 4 1-h ses-
sions). Endogenous and exogenous variables were mean-centered and
entered as manifest variables to reflect the ordering of constructs in the
CVT and the temporal ordering of events in the experiment (pretest, test,
and posttest), as depicted in Fig. 1. The pretest knowledge test was
entered as a covariate in the model. Consequently, learning gains corre-
sponded to the residual score of the posttest knowledge test net of the
influence of the pretest knowledge test (Xiao et al., 2019). To control for
intervention effects, the two versions of Betty’s Brain (the progressive
hint strategy and the emotion-based strategy) were dummy-coded and
used as a covariate in the model. An exhaustive representation of the
Average model is available in Appendix D.

In the second step, a reverse causality analysis was conducted
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including a ‘Forward’ model and a ‘Reverse’ model. These models
allowed us to manipulate the temporal precedence of task-related
measures. To this end, we restricted the perimeter of analyses to the
data common to all participants, that is, the first 1-h session working
with the ITS (cf. Appendix B), and focused on task-related measures (i.e.,
enjoyment, boredom, engagement, and raw performance) assessed at T1
and T6, corresponding to the beginning (¢t + 10 min) and end (¢t + 60
min) of the first session. The Forward model reflected a similar temporal
ordering of constructs as in the Average model, where activity emotions
at T1 (enjoyment and boredom) were entered as predictors of learning-
related measures at T6 (engagement and raw performance). The
learning-related measures at T6 were entered as predictors of the final
performance score assessed at the end of the task (t + n minutes). The
Reverse model inverted the temporal ordering of task-related measures,
where learning-related measures at T1 (task-related engagement and
raw performance) were entered as predictors of activity-related emo-
tions at T6 (enjoyment and boredom). The activity emotions at T6 were
then entered as predictors of the final performance score assessed at the
end of the task. The Forward and Reverse models were compared to each
other in light of the Average model to examine the causal reversibility of
the theoretical assumptions. The two models included the same cova-
riates as in the Average model.

Ultimately, in the third step, sensitivity analyses were conducted on
the significant temporally-ordered paths identified in the Forward and
Reverse models by considering the influence of observed confounders (e.
g., the influence of engagement at T1 producing a spurious association
between enjoyment at T1 and engagement at T6) (Elwert, 2013; Rohrer
et al., 2022). The sensitivity to unobserved confounders was also
examined, following MacKinnon and Pirlott’s (2015) recommendations
using the Average Causal Mediation Effect (ACME) technique (Imai
et al.,, 2010) with 5,000 samples, bootstrapped 95% confidence in-
tervals, and a percentile method, performed with the R package ‘medi-
ation’ version 4.5.0 (Tingley et al., 2014). This method consists of
assessing the extent to which an indirect effect, that is, the influence of a
variable X (e.g., enjoyment T1) on an outcome Y (i.e., engagement T6)
through a mediator M (here, engagement T1 as the confounder), is
robust to the influence of an unobserved variable U. This is done by
simulating a range of values for the magnitude of the correlation p(U)
between the residuals of the mediator M and outcome Y, to determine
how influential the ‘virtual’ presence of the confounder U must be to
invalidate conclusions about mediation (i.e., the cut-off p(U) value at
which the indirect effect equals zero, Imai et al., 2010). Using Hemp-
hill’s (2003) guidelines for the magnitude of correlation coefficients, an
indirect effect was assumed to be either sensitive, p(U) < 0.20, robust,
0.20 < p(U) < 0.30, or highly robust, p(U) > 0.30, to the unobserved
confounder U.

3. Results

All coefficients of the models have been standardized, so they can be
interpreted as effect sizes. Descriptive statistics and Pearson correlations
among study variables can be found in Appendix E.

3.1. Average model

Based on current standards, the ‘Average’ model depicted in Fig. 4
showed a good fit, ¥2 (17) = 27.07, CFI = 0.981, RMSEA = 0.067, SRMR
= 0.026. An examination of the coefficients linking topic-related value
and control appraisals to task-related activity emotions indicates that
increases in students’ interest in the broader topic of climate change
resulted in more enjoyment when working with Betty’s Brain, p = 0.29,
SE = 0.11, t = 2.64, p = 0.008 [0.06; 0.51]. Conversely, predictions of
the CVT were not supported in the data concerning the expected relation
between topic-related interest and task-related boredom, and concern-
ing relations between other value components (importance and utility)
and control (self-efficacy) appraisals and activity emotions (ps > 0.35).
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Fig. 4. Path diagram output with standardized estimates for the relations between cognitive appraisals, activity emotions, and learning outcomes in Betty’s brain.
Note. * p < 0.05. ** p < 0.01. *** p < 0.001. Thick solid and dotted lines represent positive and negative significant relations.

The model remained unchanged when including only individual di-
mensions of topic-related value and control, ruling out explanations
invoking collinearity among these variables. Regarding the relations
between activity emotions and the learning components, task-related
enjoyment during Betty’s Brain was significantly and positively
related to task-related engagement, § = 0.41, SE = 0.09, t = 4.40, p <
0.001 [0.20; 0.57], and negatively related to task-related boredom, =
-0.20, SE = 0.10, t = —2.08, p = 0.038 [-0.40; -0.02]. Among learning
outcomes, more engagement in Betty’s Brain was associated with a
significantly better final performance score on the concept map, f§ =
0.26, SE = 0.08, t = 3.43, p = 0.001 [0.11; 0.40], which in turn yielded
higher learning gains, § = 0.18, SE = 0.06, t = 3.17, p = 0.002 [0.070;
0.29] (a paired sample t-test revealed that learning gains were signifi-
cant, t(139) = 6.29, p < 0.001). Between age and gender, only age had a
significant effect on task-related final performance, § = 0.20, SE = 0.07,
t=2.92,p =0.004 [0.06; 0.33], all other effects of age and gender being
non-significant, all ps > 0.057. All reported effects in the path diagram
were net of the significant effects of prior knowledge, all fs > |0.22|, ps
< 0.01. Surprisingly, prior levels of knowledge had no significant rela-
tion to enjoyment during Betty’s Brain, p = 0.96. The version of Betty’s
Brain (progressive hint delivery or emotionally adaptive) was unrelated
to any other measure of the model, all ps > 0.10.

3.2. Reverse causality analysis

3.2.1. Forward model

The ‘Forward’ model depicted in Fig. 5, which assumes the temporal
precedence of emotions, showed a good fit, 2 (22) = 26.81, CFI =
0.992, RMSEA = 0.039, SRMR = 0.028. In line with the Average model

in Fig. 4, a similar association was found linking students’ topic-related
interest (assessed at pretest) to their task-related enjoyment after 10 min
(T1) working with Betty’s Brain, § = 0.30, SE =0.11, t = 2.78, p = 0.005
[0.08; 0.51]. Students’ initial enjoyment (T1) predicted their later
engagement after 60 min (T6), p = 0.26, SE = 0.09, t = 2.92, p = 0.003
[0.08; 0.42], but the initial boredom (T1) did not predict later engage-
ment (T6), p = 0.45, despite being significantly and negatively corre-
lated with enjoyment (T1), r = -0.26, SE = 0.09, t = —3.145, p = 0.002
[-0.47; -0.09]. Interestingly, students’ emotions (T1) were unrelated to
their later raw performance (T6), ps > 0.22. The final performance
score, assessed at the end of the task (Tn), was predicted by students’
engagement at T6, § = 0.13, SE = 0.06, t = 2.42, p = 0.015 [0.21; 0.24].
However, this relation was four times smaller than that involving the
raw performance at T6, p = 0.54, SE = 0.06, t = 9.09, p < 0.001 [0.43;
0.66]. In sum, in line with the Average model, the Forward model
revealed the following temporal sequence: topic-related interest — task-
related enjoyment T1 — task-related engagement T6 — task-related final
performance — learning gains.

3.2.2. Reverse model

The ‘Reverse’ model depicted in Fig. 6, which assumes the temporal
precedence of learning-related task measures, showed a good fit, ¥2 (22)
= 27.27, CFI = 0.990, RMSEA = 0.041, SRMR = 0.029. In contrast to the
Average and Forward models in Figs. 4 and 5, no association was found
between topic-related interest and learning-related measures at T1 (i.e.,
engagement and raw performance, ps > 0.18). Students’ initial task
engagement (T1) significantly predicted their later enjoyment after 60
min (T6), p = 0.29, SE = 0.09, t = 3.28, p = 0.001 [0.12; 0.46]. In
parallel, students’ raw performance at T1 significantly and negatively
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Fig. 5. Forward path diagram output with standardized estimates for activity emotions at T1 causing learning-related outcomes at T6 during the first Betty’s brain

session.
Note. Please refer to Fig. 4 for legend.

predicted their later enjoyment at T6, p =-0.18, SE = 0.08,t=2.21,p =
0.027 [-0.29; -0.08]. However, only 4 participants out of 140 showed a
T1 raw performance score >0 (M = 0.48, SD = 2.96), meaning that
almost none of the students had shown any progress during the first 10
min on the task, which undermines the reliability of the coefficients
involving performance at T1. Students’ task-related enjoyment at T6
significantly predicted their final performance score at the end of the
task (Tn), p = 0.26, SE = 0.07, t = 3.82, p < 0.001 [0.13; 0.40]. Boredom
at T6, in contrast, did not predict the final performance score, p = 0.53,
despite being negatively correlated with enjoyment (T6), r = -0.38, SE =
0.08, t = —4.505, p < 0.001 [-0.54; -0.19]. In sum, the Reverse model
showed that engagement, and possibly performance at an early stage of
session 1 (T1), were associated with enjoyment at a later stage (T6), as
shown by the following paths: task-related engagement T1 — task-related
enjoyment T6 — task-related final performance — learning gains and task-
related performance T1 — task-related enjoyment T6 — task-related final
performance — learning gains.

3.3. Sensitivity analyses with respect to observed and unobserved
confounders

The previous reverse causality analysis revealed three important
points. First, after manipulating the temporal precedence (either T1 or
T6) of activity emotions and learning-related measures, the paths
involving boredom found in the Average model were no longer signifi-
cant. Second, topic-related interest showed a unique association with
task-related enjoyment at T1, which was not found for other task-related
measures, consistent with the Average model. Third, reciprocal effects

were found between task enjoyment and engagement.

As noted by Rohrer et al. (2022), ‘temporal order cannot rule out
confounding’ (p. 3). Therefore, to further investigate the causality
behind the previously identified sequences, we conducted sensitivity
analyses with respect to observed and unobserved confounders where
each sequence was broken down into simple mediation models. The
mediation framework (Imai et al., 2010) allowed us to condition each
predictor-outcome pair on their observed coevals (any other assessment
made prior or concomitant to the predictor and outcome, used as me-
diators), in addition to systematically controlling for other covariates.
Furthermore, the mediation framework allowed us to generate a value
p(U) informing us about the sensitivity of each predictor (X) — coeval (M)
— outcome (Y) triads to unobserved confounders. The detailed analyses
presenting standardized regression coefficients and covariates are
available in Appendix, Table F.1, and an intermediate summary of the
resulting sequences is available in Table F.2.

Table 1 below summarizes the findings by contrasting the expected
causal sequences found in the reverse causality analyses with the actual
sequence found after the sensitivity analyses were performed. It
revealed that nearly all paths identified in the reverse causality models
(in bold) contained spurious associations due to the presence of
observed confounders (in parentheses).

For the expected causal sequence of the Forward model involving the
triads topic-related interest — task-related enjoyment T1 — task-related
engagement T6, task-related enjoyment T1 — task-related engagement T6
— task-related final performance, and task-related engagement T6 — task-
related final performance — learning gains (i.e., paths 1h, 3p, and 5b in
Appendix, Table F.1), the analyses revealed that these paths were no
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Table 1

Comparison between expected causal sequences (in bold) and actual sequences after sensitivity analyses.
Reversed Causality Models Time

Pretest T1 T6 Tn Posttest

Sequence 1 from Forward model Interest —  Enjoyed T1 —  Engaged T6 —  Final Perf — L. Gains
Actual sequence 1 (observed confounders) Interest —  Enjoyed T1 (Engaged TI) —  Engaged T6 (Enjoyed T6, Performance T6) —  Final Perf — L. Gains
Sensitivity to unobserved confounders Robust-to-highly robust Highly robust Sensitive
Sequence 2 from Forward model X | Performance T6 —  Final Perf — L. Gains
Actual sequence 2 (observed confounders) X Performance T6 —  Final Perf — L. Gains
Sensitivity to unobserved confounders Sensitive
Sequence 3 from Reverse model X | Engaged T1 —  Enjoyed T6 —  Final Perf — L. Gains
Actual sequence 3 (observed confounders) X | Engaged Tl —  Enjoyed T6 (Engaged T6, Performance T6) —  Final Perf — L. Gains
Sensitivity to unobserved confounders Highly robust Sensitive
Sequence 4 from Reverse model X  Performance T1 —  Enjoyed 6 —  Final Perf — L. Gains
Actual sequence 4 (observed confounders) X  Performance T1 —  Enjoyed 6 (Performance T6) —  Final Perf — L. Gains
Sensitivity to unobserved confounders Highly robust Sensitive

Note. The bottom medium grey area represents paths involving the Performance T1 measure, for which only 4 participants out of 140 show a score > 0/100 (M =

0.48, SD = 2.96) and should thus be considered with caution.

longer significant when coevals and other covariates were controlled
for, ps > 0.11. Despite that, the unique connection between topic-related
interest and enjoyment was not explained by any observed confounder
(i.e., paths 1c and le, ps > 0.12) and was highly robust to unobserved
confounders, p(U) = 0.31. As Table 1 summarizes, from task enjoyment
T1 onwards, the relations found in the Forward model existed due to the
influence of confounders engaged T1, enjoyed T6, and performance T6 (see
also Summaries 1 and 2, Table F.2, and paths 1a, 1g, 2b, 3a, 3b, 4b, and

5c in Table F.1).

Similarly, as shown in Table 1, for the expected causal sequence of
the Reverse model involving the triads task-related engagement T1 — task-
related enjoyment T6 — task-related final performance and task-related
enjoyment T6 — task-related final performance — learning gains (i.e., paths
3q and 5a in Appendix, Table F.1), the analyses revealed that these paths
were no longer significant when coevals and other covariates were
controlled for, ps > 0.60. Table 1 shows that these relations existed in
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the Reverse model due to the influence of confounders engaged T6 and
performance T6 (see also Summary 1 and 2, Table F.2, and paths 2b, 3a,
3b, 4b, and 5c in Table F.1).

For the expected causal sequence of the Reverse model involving
task-related raw performance T1 — task-related enjoyment T6 — task-
related final performance and task-related enjoyment T6 — task-related
final performance — learning gains (i.e., paths 3r and 5a in Appendix,
Table F.1), the analyses revealed that these paths were no longer sig-
nificant when coevals and other covariates were controlled for, ps =
0.55. Table 1 shows that these relations existed in the Reverse model due
to the influence of confounder performance T6 (see also Summary 3,
Table F.2, and paths 31, 4b, and 5c in Table F.1). Note that the results of
this particular sequence may not be reliable due to the very small
number of participants showing a raw performance score above 0.

Finally, for the only path of the Forward model unbiased by observed
confounders, task-related raw performance 6 — task-related final perfor-
mance — learning gains, meaning that the unique variance of performance
6 predicted learning gains through the final performance score, p = 0.08,
SE = 0.04, t = 2.03, p = 0.030 [0.001; 0.18] (path 5c in Appendix,
Table F.1), the mediation model proved sensitive to the presence of an
unobserved confounder U. In this case, the indirect effect of the final
performance score was abolished at p(U) = 0.18.

4. Discussion

The present study was the first to test the direct assumptions
regarding the sequence of processes described in the CVT in an ITS
embedded in an open-ended learning environment. Using a pre- and
posttest design, we assessed students’ topic-related appraisals of value
and control, task-related activity emotions (enjoyment and boredom),
and learning outcomes (task-engagement, task-performance, and
learning gains). We analyzed the data using a three-step procedure
incrementally examining the causality of the CVT assumptions (i.e., a
path analysis of the averaged task measures, a temporally-ordered
reverse causality analysis, and a sensitivity analysis with respect to
confounders). We expected a sequence of psychological processes
starting with topic-related appraisals influencing task-related emotions
(H1), and then emotions influencing task engagement (H2), engagement
influencing task performance (H3), and, ultimately, task performance
influencing learning gains (H4). Reciprocal relations among task-related
measures were also expected (H5). Although the models brought partial
support for the application of CVT to the ITS context on a correlational
basis, causation was more difficult to establish due to the influence of
multiple confounders challenging the expected unidirectional and
reciprocal relations. In the following, we answer our two research
questions in greater detail.

4.1. RQI: what are the relations between topic-related cognitive
appraisals and task-related outcomes in the ITS context?

Examining the applicability of CVT in ITSs is useful to determine the
suitability of that technology to effectively support the learning of a
given topic or subject. One important feature of CVT is the assumed
sequential causation between the various components, from appraisals
to learning via emotional experience. More precisely, CVT emphasizes
that learners’ value attribution and mastery expectations regarding a
subject to be learned foster positive emotional experiences during the
learning process (Pekrun et al., 2007; Pekrun & Perry, 2014). Regarding
that specific relation, for which we hypothesized positive associations
between topic-related interest, importance, utility, self-efficacy, and
task-related enjoyment, as well as negative associations with task
boredom (H1), we found puzzling results. Partially validating H1, the
interest value component was the only bridge linking topic-related ap-
praisals to task-related enjoyment, a finding quite robust to reverse
causality and confounders, and no association was found between
emotional experience and other appraisals of value (importance, utility)
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and control (self-efficacy). The lack of any relation between
topic-related control and task-related enjoyment and boredom is at odds
with CVT in general, but partially in line with other empirical findings
based on Moodle (Berweger et al., 2022). Berweger et al. similarly found
non-significant relations between expectancies of success and enjoy-
ment and boredom on a between-person level. According to the authors,
emotions evoked during digital learning activities may be more closely
determined by the momentary sense of control students perceive over
the task itself than by general expectations of competence on the topic to
be learned. Our data suggest that similar conclusions may apply in the
ITS context. This calls for more fine-grained considerations of students’
perceived control over the various facets of the task (Butz et al., 2015),
which may include technology-related features (i.e., navigational
properties, amount of accessible resources), pedagogy-related features
(degree of structuration of the learning support, clarity of learning
goals), and content-related features (i.e., causal maps, clarity of the
knowledge content). In addition, ill-defined goals in ITSs are known to
place high demands on cognition and self-regulation (Biswas et al.,
2016; Land, 2000; Munshi et al., 2018). Therefore, in the ITS context,
topic-related perceived control and activity emotions may show weaker
relations than those involving task demands and students’ ability to
cognitively and behaviorally cope with these demands (Butz et al., 2015;
Ruthig et al., 2008; Zhao et al., 2021).

Regarding attributions of value, the predominant contribution of
topic-related interest to task enjoyment at the detriment of utility and
importance can be reconciled with the SEVT, highlighting the necessity
of distinguishing between the three value components (Putwain et al.,
2018). The interest component reflects intrinsic motivation, that is, the
inherent satisfaction of pursuing an activity, while the utility and
importance components entail extrinsic motivation, that is, when
learning is instrumental to attaining outcome rewards (Eccles, 2005).
Our findings align with Frenzel et al. (2007), who showed that only the
intrinsic component was related to enjoyment, an activity emotion,
whereas extrinsic value components were related to outcome-related
emotions such as shame or pride. Simonton and Garn (2020) also
confirmed these findings and concluded that enjoyment relates to
intrinsic value because it directs attention to the content of the learning
activity rather than to achievement outcomes such as grades. To better
understand how similarly this applies to the ITS context, the intrinsic
component has been shown to positively relate to academic buoyancy,
while extrinsic components do not. This suggests that only interest may
provide the grit necessary to deal with multiple academic challenges
efficiently (Simonton & Garn, 2020).

Our finding that interest was unrelated to boredom was quite sur-
prising (H1), given previous evidence in digital contexts (Acosta--
Gonzaga & Ramirez-Arellano, 2021; Berweger et al., 2022), but it can be
understood in light of different motivational processes. According to
Pekrun et al. (2010), lack of interest entails a lack of approach moti-
vation, while boredom triggers avoidance of the situation. In the present
study, bored students might have been predominantly motivated to
escape the situation, possibly due to task-related characteristics, rather
than being uninterested in the topic in the first place. On the contrary,
even for students initially uninterested in climate change, simply
working with a new learning technology may have sufficed to elicit
engagement and circumvent boredom, which may additionally explain
the non-significant relations in the left portion of the reverse causality
models. In fact, the disconnect between topic-related interest and
task-related boredom and engagement echoes a conceptual distinction
made between stable/dispositional components of interest and fluc-
tuant/situational components of interest (Ainley, 2017; Hidi & Ren-
ninger, 2006; Krapp, 2007; Wild, 2022). For example, Wild (2022)
discusses the relative independence between the content of interest (e.
g., the topic of climate change) and the actions of interest (e.g., reading a
book or working with a digital technology) that are carried out to engage
with the object of interest. Likewise, Hidi and Renninger (2006)
emphasize that interest development may be triggered by specific
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situations and be facilitated by the structure of the environment. When
students encounter a new activity, they come into contact with stimuli
that attract their attention (Krapp, 2007). The novelty triggering situa-
tional interest may also explain why students (n = 136 out of 140)
showed no improvement during the first 10 min on task, as they might
have initially been engaged in appreciating the stimuli of the environ-
ment before engaging in the learning task (136 students showing a score
of 0 at T1 also rules out the involvement of performance as a meaningful
factor at this early stage, disproving its negative associations with
topic-related interest and task enjoyment at T6). The independent role of
situational interest is not incompatible with the positive link between
topic-related interest and task enjoyment, though. According to Hidi and
Renninger (2006) and Wild (2022), the situational component of in-
terest and the stable personal dispositions may also influence each other.
Students assigning a personal value to the object of interest (i.e., the
topic), who thus show eagerness to acquire new domain-specific
knowledge (Ainley, 2017), might be more likely to develop positive
emotions toward object-related actions when dealing with the object
(Krapp, 2007).

4.2. RQ2: what are the relations between task-related outcomes and
learning outcomes in the ITS context?

The CVT assumes that activity enjoyment and boredom respectively
increase and decrease task engagement (H2), which then influences task
performance (H3). At the end of the sequence, higher task performance
increases learning gains (H4). The proposed Average model, which
considered all measurement occasions of engagement, enjoyment, and
boredom regardless of their temporal ordering, confirmed these pre-
dictions. Hence, from a correlational point of view, the data accredit this
portion of the theory in the ITS context (task-related activity emotions —
task engagement — task performance — learning gains).

However, the subsequent analyses qualify this interpretation. First,
the Forward and Reverse models gave only partial credit to H2. In
contrast to enjoyment, initial boredom was unrelated to later engage-
ment, and vice versa. The boredom-engagement relation losing its sig-
nificance after manipulating the temporal precedence suggests that
these links might be more situation-sensitive than expected. Goetz et al.
(2013) and Goetz and Frenzel (2006) proposed that boredom may vary
qualitatively, from indifferent to reactant boredom, according to situa-
tional factors and possibly with time. Indifferent boredom pictures a less
aversive, enjoyment-compatible profile relative to reactant boredom
(Goetz et al.,, 2013). We found that the magnitude of the negative
boredom-enjoyment relation was large at T6 while moderate at T1,
which may impact how much boredom at T1 predicted engagement at
T6 and vice versa. In other words, the boredom-engagement predictive
relations might be sensitive to the extent of the momentary
boredom-enjoyment compatibility.

Second, in line with Andres et al. (2019), enjoyment and engagement
were found to reciprocally influence each other, providing partial sup-
port for the applicability of the expected reciprocal causation assump-
tions between emotions and learning-related outcomes in the ITS
context (H5) (Pekrun et al., 2006). However, the reciprocal influence of
enjoyment and engagement and their contributions to final task per-
formance were largely explained by the concomitance of their respective
coevals. For example, the association between engagement (T6) and
final performance (Tn) was explained by enjoyment (T6), possibly
reflecting the multidimensional state of flow (Csikszentmihalyi, 1990).
This also supports Sinatra et al.’s (2015) claim that focusing on a single
dimension of engagement (e.g., affective) disregards the fact that other
dimensions (e.g., behavioral, cognitive) actually occur simultaneously.
Moreover, while task performance did not play a major role in the
enjoyment-engagement reciprocal relations at an early stage (from T1 to
T6), its contribution at T6 became determinant in explaining the influ-
ence of enjoyment (T6) on final performance (Tn) and learning gains
(posttest) (cf. sensitivity analyses in Table 1). To say the least, this
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unexpectedly deep and changing intertwinement of the CVT compo-
nents is not easily reconcilable with the theory positing separate classes
of components causing each other rather monolithically. This pattern of
results seems more consistent with an understanding of learning as a
dynamic and flexible schema of multidimensional components. Ainley
(2017) and Hidi and Renninger (2006) emphasize the changing balance
in the mental unit or schema among affective and cognitive components
of learning to the extent of past interactions with the task, where the
expansion of knowledge (e.g., the increasing task performance) pro-
gressively co-occurs with affective processes to define the interest
experience. Future ITS studies might clarify this point by employing
latent variable approaches that consider the trajectories of multiple di-
mensions activated simultaneously, as a way to reflect Ainley’s (2017)
time-varying schemas of interest/engagement.

4.3. Limitations

The present study has a number of limitations. One of them has to do
with the lack of assessment of student appraisals of value and control
with respect to the use of the ITS itself, and inversely, the lack of as-
sessments with respect to activity emotions targeting the broader topic
of climate change. This information might have shed important light on
the disconnect between topic-related cognitive appraisals and task-
related activity emotions found here. Furthermore, considering this
distinction might be useful to examine potential reciprocal processes
among and across components pertaining to these two domains (topic
and technology). Second, we focused on a restricted set of emotions,
enjoyment and boredom. Although these are important due to their
ambivalent effects and are well documented (Camacho-Morles et al.,
2021), allowing for study comparisons, other achievement emotions
might by more informative or relevant with regard to ITSs, especially
confusion, which is thought to be central for complex learning material
(D’Mello & Graesser, 2012). Another limitation concerns the great dif-
ficulty of maintaining a large sample size beyond the first 1-h session
due to the large variability in students’ completion time (see
Appendix B). Placing the focus on the first session has limited our ana-
lyses with respect to investigations of the temporal precedence of the
CVT components that may benefit from more powerful methods at short
time scales, such as automatic interaction-based affect detection tech-
niques (Andres et al., 2019; Baker & Ocumpaugh, 2014).

4.4. Conclusions for theory and educational practice

Although CVT studies suggest an overall applicability of CVT to
digital learning environments by demonstrating the existence of path-
ways connecting achievement to its determinants, the existing studies
provide only partial and fragmentary support for the applicability of the
theory in different contexts, when constructs are examined separately.
For example, considering relations between cognitive appraisals and
activity emotions, there is to date no systematic replicability for the
equation that appraisal A predicts achievement emotion B, in context C,
using digital learning technology D, in subject E, etc. (Bewerger et al.,
2022). Our study contributes to theory development in the context of
CVT with evidence that partially supports the application of CVT to ITSs.
Our results indicate that the psychological functionality of a ‘positive
path’ — in which students’ intrinsic value predicts enjoyment, which in
turn results in higher engagement and thus higher performance and
learning gains — might be valid across contexts, but the findings also
question the monolithic relations among classes of CVT components by
revealing their deep intertwinement during ITS activity. Our results
nevertheless suggest the relative importance of specific task value facets
for learning in ITS environments. In particular, the findings make it clear
that intrinsic value facets were most relevant for learning processes.

More speculatively, one possible explanation that needs further
investigation might be that the situational interest elicited by the
structure of the digital learning environment prevails over the
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instrumental (i.e., extrinsic) interest that students ascribe to the topic-
related content of learning. Our results on the relative importance of
single task-value facets emphasize that the complex psychological pro-
cesses described in CVT warrant further research, especially favoring
experimental and comparative approaches that disentangle the contri-
bution of the above variety of factors, including the causal influence of
the type of digital technology.

The present study has practical implications regarding the imple-
mentation of ITSs embedded in open-ended learning environments in
classrooms. First, the findings clearly suggest that Betty’s Brain is a
suitable tool for learning about climate change (Biswas et al., 2016)
when students perform reasonably well on the task. From pretest to
posttest, the average learning gain was about 14.4%. Second, the task is
appropriate for eliciting enjoyment and engagement sufficiently to
potentialize performance and, consequently, learning. It is good news
that students reported boredom levels below midrange on average —
relative to enjoyment and engagement, which measured around and
above midrange, respectively — indicating that the use of the ITS to learn
about climate change did not lead to any major reluctance.

More speculatively, however, the disconnect between topic-related
interest and boredom suggests ambivalent implications requiring
teachers’ attention. On the positive side, for students initially uninter-
ested in the topic, the discovery of the new technology might suffice to
trigger situational interest eventually leading to positive learning out-
comes. This does not rule out a possible negative side, though: For some
students initially interested in the topic, the ITS experience on its own
right might deceive and thus interfere with learning. For this reason, we
encourage teachers using ITS technologies to be vigilant regarding stu-
dents’ levels of boredom with regard to the technology as a means to
achieve learning objectives. Short screening sessions while working with
the ITS might be informative when identifying students who might or
might not benefit from it.
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