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Based on control-value theory, we expected reciprocal associations between school grades and students’
achievement emotions. Existing research has employed between-person designs to examine links between grades
and emotions, but has failed to analyze their within-person relations. Reanalyzing data used by Pekrun et al.
(2017) for between-person analysis, we investigated within-person relations of students’ grades and emotions in
mathematics over 5 school years (N = 3,425 German students from the PALMA longitudinal study; 50.0% fe-

male). The findings from random-intercept cross-lagged modeling show that grades positively predicted positive
emotions within persons over time. These emotions, in turn, positively predicted grades. Grades were negative
predictors of negative emotions, and these emotions, in turn, were negative predictors of grades. The within-
person effects were largely equivalent to between-person relations of grades and emotions. Implications for
theory, future research, and educational practice are discussed.

Feedback about achievement is one of the most important drivers of
emotions in achievement settings (Goetz et al., 2018). When you receive
information that you have been successful, then you may be happy,
proud, and hopeful to again attain success the next time; when you get
feedback that you failed, then you may be frustrated, ashamed, and
fearful that you might fail again. These effects of feedback have been
investigated in studies that used between-person designs. The findings
show that success relative to others entails more positive emotions and
reduced negative emotions, as compared with the emotions of other
students. In addition, the findings also suggest that these emotions, in
turn, lead to increased performance relative to the performance of other
students.

However, evidence from between-person designs does not inform us
about the within-person functional relations that link feedback and
emotions. From a theory perspective, feedback sets within-person pro-
cesses into motion, from perceptions of the feedback to individual in-
terpretations, such as appraisals of control, and emotional responses.
Conversely, emotions trigger various cognitive and motivational within-
person processes that fuel or hinder subsequent performance. Within-

person studies of these reciprocal links are lacking.

The present study aims to fill this crucial gap in the literature.
Within-person evidence is needed to more directly test the proposition
that feedback on achievement influences students’ achievement emo-
tions, and that these emotions reciprocally affect students’ achievement.
We used data from the longitudinal study of the Project for the Analysis
of Learning and Achievement in Mathematics (PALMA) which analyzed
student’s development in mathematics in secondary school (see, e.g.,
Murayama et al., 2016; Pekrun et al., 2017, 2019). The dataset included
the grades students received in mathematics. Grades are a prime method
used to inform students about their achievement in schools around the
world. As such, we considered grades as critical indicators of feedback in
the present research.

We used the PALMA data to estimate both within-person and be-
tween-person relations between grades and emotions, making it possible
to examine their equivalence. Findings on relations between grades and
emotions in the PALMA longitudinal study were previously reported by
Pekrun et al. (2017). However, Pekrun et al.’s analysis used the classic
cross-lagged panel model (CLPM), which does not separate
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within-person from between-person effects. In the present analysis, we
used the random-intercept cross-lagged panel model (RI-CLPM) to
de-confound the two types of relations. This also made it possible to
compare the decomposed relations from the present analysis with the
undecomposed CLPM findings reported by Pekrun et al. (2017).

1. Theoretical framework: feedback and achievement emotions

We used Pekrun’s (2006, 2018, 2021; Pekrun & Perry, 2014) con-
trol-value theory (CVT) to derive a theoretical framework on feedback
and achievement emotions, with a specific focus on the relation between
grades and emotions. We first explain how feedback and achievement
emotions are conceptualized in CVT, and then describe theoretical
propositions for effects of feedback on emotions, and reciprocal effects
of emotions on performance and feedback.

1.1. Feedback

Feedback can be defined as information a system receives about its
state. For example, facial feedback is information the central nervous
system receives about the action of facial muscles. Using this definition,
feedback in education is information students, teachers, or administra-
tors receive about their educationally relevant behaviors and charac-
teristics, such as their learning, teaching, ability, engagement, or social
behavior. In educational research using the term, feedback is often more
narrowly conceptualized as information students receive about their
"performance and understanding" (Hattie & Timperley, 2007, p. 81).

From broader as well more specific definitions, information students
receive about their performance is a critical form of feedback. School
grades represent information about performance, thus constituting
feedback. Grades do not convey much information learners could use to
improve their learning. Nevertheless, across education systems, grades
are among the most powerful types of feedback given their immediate
impact on students’ self-evaluations of ability, their long-term conse-
quences for educational and occupational trajectories, and their influ-
ence on students’ mental health and emotions, as detailed below.

1.2. Achievement emotions

In line with contemporary definitions in the emotion literature (e.g.,
Scherer & Moors, 2019), CVT views emotions as multi-component
changes in an organism’s psychophysical system that occur in response
to important events and actions. These changes can comprise affective,
cognitive, physiological, motivational, and expressive-behavioral com-
ponents. For example, anxiety before an exam can include nervous,
uneasy feelings (affective), worries about possible failure (cognitive),
physiological arousal (physiological), impulses to avoid taking the exam
(motivation), and anxious facial expressions (expressive behavior). CVT
defines achievement emotions as emotions that occur in response to events
and actions judged according to competence-based standards of quality
(Pekrun, 2006). More specifically, achievement emotions are defined as
emotions that relate to achievement activities, such as studying, and to
their success and failure outcomes. Achievement emotions can be
conceptualized as momentary state emotions occurring in a given situ-
ation (state achievement emotions), or as trait emotions representing
enduring individual dispositions to respond emotionally to achievement
situations (trait achievement emotions; see Pekrun, 2006).

The term affect is used in emotion research to denote summary
constructs that comprise different positive or negative feelings, moods,
or emotions. Most often, a binary distinction of positive and negative
affect is made, with positive affect denoting a summary construct
including positive feelings, and negative affect denoting a summary
construct including negative feelings (while disregarding distinctions
between different positive and negative feelings; see, e.g., Russell &
Barrett, 1999). In the present research, we use the terms positive and
negative affect to denote summary constructs including positive and
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negative achievement emotions, respectively.
1.3. Feedback and achievement emotions: A reciprocal effects model

CVT proposes that feedback about achievement is a prime driver of
achievement emotions, due to its impact on appraisals of control and
value related to achievement. These emotions, in turn, are thought to
impact performance and any subsequent feedback contingent on per-
formance. By implication, feedback and emotions are expected to be
linked by reciprocal effects over time.

More specifically, appraisals of control over achievement activities
and outcomes, combined with perceptions of their value, are thought to
be proximal triggers of achievement emotions. CVT proposes that these
emotions are aroused when students feel in control of, or out of control
over achievement activities and outcomes that are perceived as impor-
tant. Positive emotions are typically triggered by a combination of high
control and high value, and negative emotions by a combination of low
control and high value (for exceptions, see Pekrun, 2006). For example,
students will enjoy learning when they feel competent to master the
learning material (high control) and are interested in the material (high
value), and they will be fearful if they feel incompetent (lack of control)
before an exam that is important (high value).

Feedback about achievement is thought to be an especially important
factor influencing students’ appraisals, thus affecting their achievement
emotions (Forsblom et al., 2021; Pekrun, 2018). Positive feedback
signaling success is expected to strengthen perceived control and,
therefore, to increase positive emotions, such as enjoyment of studying
and pride about success. Negative feedback signaling failure undermines
perceptions of control, thus exacerbating negative emotions such as
anger, anxiety, shame, boredom, and hopelessness.

The feedback implied by grades is deemed to be particularly
powerful. In contrast to formative feedback providing information about
learning tasks and processes, grades represent summative feedback
directed toward the self (Hattie & Timperley, 2007). They can be
interpreted as information about ability, thus exerting an enduring in-
fluence on perceptions of control. Furthermore, because of their self--
relevance, they can also increase perceptions of value. Information
about ability and value is especially salient in cumulative grades based
on multiple assessments over time, such as end-of-the-year grades
derived from multiple single exams. When educational and occupational
career opportunities are made contingent on these grades, then the
grades signal that achievement is critically important for future trajec-
tories, thus exacerbating related emotions (Pekrun, 2018).

CVT implies that achievement emotions, in turn, impact students’
learning, performance, and resulting feedback about performance.
Typically, positive emotions strengthen students’ intrinsic motivation to
learn, task-related attention, use of flexible learning strategies, and self-
regulation of learning, thus benefiting achievement. Conversely, nega-
tive emotions typically reduce intrinsic motivation, generate task-irrel-
evant thinking, and undermine flexible strategy use and self-regulation,
thus reducing performance. Although positive emotions can occasion-
ally undermine performance (e.g., excessive pride defocusing attention
from the task at hand), and negative emotions can sometimes support
performance (e.g., anxiety prompting effort to avoid failure), the overall
effects of positive emotions are expected to be typically positive, and the
overall effects of negative emotions are expected to be typically
negative.

In sum, performance feedback and emotions are thought to be linked
by reciprocal effects. Feedback interpreted as success prompts positive
emotions, which, in turn, generate further success. Feedback interpreted
as failure prompts negative emotions, which, in turn, contribute to
further failure. Grades are especially likely to be interpreted as success
and to drive positive emotions when they represent an improvement
over one’s average performance, and as failure driving negative emo-
tions when they represent a decline in performance. Similarly, positive
and negative emotions may exert especially pronounced effects if they
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Fig. 1. Random-Intercept Cross-Lagged Panel Model for Grades and Emotion

Note. Ach = achievement feedback (grades). Emo = latent emotion variables. W-Ach = within-person grades factors; W-Emo = within-person emotion factors. RI-Ach
and RI-Emo = random intercepts for grades and emotions, respectively. Numbers indicate number of waves.

are stronger than one’s average level of positive or negative emotions,
respectively. These deviations from the personal baseline are considered
in the RI-CLPM used in the present study, as we will detail below
(Section 2).

The feedback loops between grades and emotions can extend over
different time frames. They can unfold within single achievement situ-
ations, such as a single exam; over weeks and months within a school
year; or over students’ educational career across the years. Whatever the
time frame, the effects linking grades and emotions are best conceptu-
alized from a within-person perspective. It is reasonable to assume that
the processes linking performance feedback and emotions occur within
persons in the first place — success and failure trigger appraisals and
emotions within each single student, and these emotions impact each
individual student’s learning.

Over time, these within-person processes can translate into between-
person differences. For example, due to the links between enjoyment
and learning, a student who is excited about studying and reaps success
will show higher enjoyment and better grades than other students who
do not enjoy learning and are less successful. These between-person
differences would entail positive correlations between feedback and
positive emotions, and negative correlations between feedback and
negative emotions, that are equivalent to the respective within-person
relations. However, although this proposition seems plausible from a
theory perspective, empirical evidence on within-person relations and
the possible equivalence of within- and between-person relations for
grades and students’ emotions is lacking (see Section 3).

2. Methodological approach: within-person and between-person
analysis

Educational and psychological research, and research in the social
sciences more generally, has typically used between-person empirical
designs to test theories of individual functioning. Research on achieve-
ment feedback and emotions is no exception from this rule. Neverthe-
less, the findings are typically interpreted as evidence for within-person
psychological mechanisms. Such conclusions may not be warranted.
From a statistical perspective, between- and within-person covariances
between variables are independent, except if specific conditions hold
that are rarely met (ergodicity; Voelkle et al., 2014). Consequently, the
findings from between- and within-person analysis can diverge widely
(Hamaker et al., 2015; Orth et al., 2021).

As such, it is a critically important task for empirical research to
analyze within-person relations more directly and scrutinize their
equivalence with between-person findings. Calls for conducting such
research have been published in the literature decades ago (for reviews,
see Molenaar & Campbell, 2009; Murayama et al., 2017; Pekrun et al.,
2002), but have rarely been followed. Fortunately, recent methodolog-
ical developments facilitate within-person research. Specifically,
evolving approaches make it possible to conduct within-person analysis
with multi-wave panel data by decomposing within-person from
between-person variance (see Usami et al., 2019). Among these ap-
proaches, the random-intercept cross-lagged panel model (RI-CLPM)
developed by Hamaker et al. (2015) may be especially well suited as it
shows fewer problems of model identification and convergence than
others (Orth et al., 2021). In the present research, we used this model to
disentangle within- and between-person variance in the PALMA dataset,
making it possible to estimate within-person and between-person re-
lations of grades and emotions.

3. Prior research on feedback and achievement emotions

Educational research designated to investigate feedback has
neglected students’ emotional responses, both in theoretical models (see
Lipnevich & Panadero, 2021; Panadero & Lipnevich, 2022) and in
empirical studies (see Goetz et al., 2018; Lipnevich & Smith, 2009a,
2009b). In Wisniewski et al.’s (2020) meta-analysis of 435 studies on
feedback and learning, emotions were not considered. However, several
hundred studies investigated relations between school grades and stu-
dents’ emotions (for reviews, see Barroso et al., 2021; Camacho-Morles
et al., 2021; Hembree, 1988; von der Embse et al., 2018). Most of these
studies aimed to examine links between students’ emotions and their
performance; as such, grades were considered as an indicator of per-
formance rather than as feedback. Neglect of the feedback function of
grades may be a reason why these studies were typically not included in
reviews of feedback research. Consistent with our earlier theorizing, the
findings document close links between the feedback provided by grades
and students’ emotions.

The vast majority of research on grades and emotions focused on
cross-sectional relations with students’ habitual emotional experiences
at school. The findings from meta-analyses confirm that grades typically
correlated positively with students’ habitual positive achievement
emotions, and negatively with their habitual negative achievement
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Fig. 2. Random-Intercept Cross-Lagged Panel Model for Grades, Positive Affect, and Negative Affect

Note. Ach = achievement feedback (grades). Paf, Naf = latent positive affect and negative affect variables. W-Ach = within-person grades factors; W-Paf, W-Naf =
within-person positive and negative affect factors, respectively. RI-Ach, RI-PAf, RI-Naf = random intercepts for grades, positive affect, and negative affect,
respectively. Numbers indicate number of waves. Manifest indicators for latent affect variables and residual covariances are not depicted.

emotions. For studies of grades and learning-related emotions in
different school subjects, Camacho-Morles et al. (2021) reported a
positive mean true-score correlation for enjoyment (p = .30) and
negative mean true-score correlations for anger and boredom (ps = —.35
and —.26, respectively). In the Barroso et al. (2021) meta-analysis, exam
and course grades in mathematics showed negative mean correlations
with students’ math anxiety (rs = —.27 and —.20, respectively). Loderer
et al. (2020) used meta-analysis to integrate evidence on emotions in
technology-enhanced environments. The analysis did not differentiate
between grades and test scores, but also reported positive mean corre-
lations of achievement with enjoyment, and negative mean correlations
with various negative emotions.

While corroborating that grades and emotions are linked, cross-
sectional evidence does not inform us about the directional nature of
these links. However, there are a few longitudinal studies that examined
the temporal ordering of grades and emotions. All of these studies used
between-person designs. Investigations of test anxiety suggested that K-
12 students’ grades and test anxiety influence each other over time
(Meece et al., 1990; Pekrun, 1992; Steinmayr et al., 2016), including
negative effects in both directions. In a two-wave path-analytic longi-
tudinal study with 7th to 9th graders, Meece et al. (1990) found that
students’ math grades predicted their math anxiety. Using the CLPM,
Pekrun (1992) showed that students’ GPA predicted their test anxiety,
and that test anxiety predicted their GPA, over four annual assessments
in secondary school (Years 5-8). Steinmayr et al. (2016) reported that
11th grade students’ GPA negatively predicted their worry (i.e., the
cognitive component of test anxiety) one year later, and that earlier
worry predicted later GPA. The effect of GPA on worry was not signif-
icant, likely due to the small sample size.

More recent evidence suggests that other emotions can also be
reciprocally linked with students’ grades. Longitudinal investigations
with K-12 students using the CLPM point to reciprocal effects between
various emotions and students’ grades in mathematics. In the analysis by
Pekrun et al. (2017) which used the same PALMA dataset as the present
study, students’ math grades positively predicted their subsequent
positive emotions (enjoyment, pride) and negatively predicted their
negative emotions (anger, anxiety, shame, boredom, and hopelessness)
over five annual assessments from Years 5-9. In turn, the positive
emotions were positive predictors, and the negative emotions were
negative predictors of subsequent math grades. In a three-wave study

with 5th to 7th graders, Forsblom et al. (2021) found that math grades
and students’ math emotions (enjoyment, anger, and boredom) were
reciprocally related over time. In the four-wave study spanning one
school year reported by Putwain et al. (2018), 5th and 6th graders’ math
grades predicted their enjoyment and boredom in mathematics, and
these emotions, in turn, predicted students’ math grades.

Similarly, university students’ course performance and emotions can
be linked by reciprocal effects (Gibbons et al., 2018; Pekrun et al., 2014).
In these studies, better grades positively predicted subsequent positive
edmotions such as enjoyment, and these emotions, in turn, positively
predicted grades. In contrast, poor grades predicted negative emotions
such as anger and boredom, and these emotions negatively predicted
grades.

However, one fundamental problem with all of these longitudinal
studies is the use of analytic models, such as the classic CLPM, that do
not disentangle between-person and within-person variance. As argued
by Hamaker et al. (2015, p. 102), models such as the CLPM "may lead to
erroneous conclusions regarding the presence, predominance, and sign
of causal influences," due to their inability to de-confound between- and
within-person relations. As demonstrated by these authors with simu-
lated and real datasets, the CLPM may show reciprocal effects that do
not exist, fail to detect them when they do exist, and may indicate
positive effects when in reality they are negative (or vice versa; for
further discussion, see, e.g., Liidtke & Robitzsch, in press; Marsh et al., in
press; Mulder & Hamaker, 2020; Usami et al., 2019).

The existing longitudinal evidence on grades and emotions docu-
ments that interindividual distributions of grades are related to inter-
individual distributions of emotions over time. However, they are not
suited to derive conclusions about the within-person causal effects that
generate these relations. Within-person analytic designs are needed to
answer this question. For school grades and emotions, studies using such
designs are lacking. A few studies using experience sampling method-
ology examined within-person relations between students’ appraisals,
goals, and emotions (e.g., Goetz et al., 2016; Tanaka & Murayama,
2014), but these studies did not include feedback on achievement or
other performance variables.

4. Aims and hypotheses

Given the lack of within-person research on achievement feedback
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Table 1
Random-intercept cross-lagged models for grades and emotions: Fit indexes.
1 df CFI TLI RMSEA SRMR Factor loadings

Model Autoregressive and cross-lagged effects freely estimated

Enjoyment 3739.815 1197 .949 1941 .025 .045 .35-.82
Pride 2263.028 763 .958 .950 .024 .038 .56-.78
Anger 2800.137 963 .953 .945 .023 .037 .57-77
Anxiety 8678.367 3066 927 919 .023 .045 .46-.77
Shame 1895.938 963 974 .970 .017 .030 .53-.76
Boredom 1210.234 570 981 976 .018 .029 .61-.76
Hopelessness 1519.892 600 975 .970 .021 .030 .63-.84
Positive and negative affect 7006.485 729 946 933 .050 .073 .41-.96

Autoregressive and cross-lagged effects invariant across waves

Enjoyment 3798.788 1209 .948 .940 .025 .047 .35-.82
Pride 2328.788 775 956 949 .024 .041 .56-.77
Anger 2855.782 975 .952 .945 .023 .039 .56-.76
Anxiety 8728.257 3078 926 918 .023 .046 .46-.77
Shame 1946.671 975 973 1969 .017 .031 .53-.76
Boredom 1279.217 582 979 975 .018 .033 .60-.77
Hopelessness 1580.887 612 973 .969 .021 .035 .63-.84
Positive and negative affect 7067.504 756 946 935 .049 .074 .41-.95

Note. CFI = comparative fit index; TLI = Tucker-Lewis index; RMSEA = root mean square error of approximation; SRMR = standardized root mean residual. All y>

values are significant at p < .001.

and student emotions, the first aim of the present study was to use
within-person analysis to investigate the relations between feedback and
emotions. Feedback was operationalized as students’ end-of-the-year
grades in mathematics. We examined the links of grades with seven
different emotions in math: enjoyment, pride, anger, anxiety, shame,
boredom, and hopelessness. Both grades and emotions were assessed
annually at the end of each school year from grades 5 to 9, and their
relations over time were analyzed using the RI-CLPM. We hypothesized
that grades and emotions are reciprocally linked across school years.

Based on our earlier reasoning, we expected the end-of-the-year
grades to be a powerful predictor of emotions. In the German education
system and similar systems worldwide, end-of-the-year grades represent
feedback about students’ achievement across the entire year. They
represent students’ performance across single exams as well as their in-
class and homework performance. As such, overall individual perfor-
mance throughout the year is more precisely reflected in these grades
than in any single feedback during the year. Furthermore, important
decisions are made contingent on the end-of-the-year grades. Specif-
ically, decisions about repeating grades, skipping grades, and transiting
between tracks within the multi-tier German education system are made
dependent on these grades. As noted by Roth et al. (2015, p. 118),
"school grades are crucial for accessing further scholastic and occupa-
tional qualification, and therefore, have an enormous influence on an
individual’s life."

Due to their salience and importance, the influence of end-of-the-
year grades likely extends over a long period of time. Appraisals shaped
by these grades influence students’ thinking about their abilities and the
value of achievement for the year to come (e.g., Marsh et al., 2019). Any
subsequent feedback on single exams during the next school year is
likely less powerful. Typically, only the summative feedback at the end
of the subsequent year can unfold a similar impact. Given the over-
arching importance of end-of-the-year grades, it is reasonable to assume
that they affect not only students’ self-beliefs but also their emotions
throughout the subsequent school year, until the subsequent year’s final
grades provide a change (or not).

In terms of the reverse causal direction, we expected students’
habitual emotions in mathematics during the school year — as reflected
in their self-report towards the end of the year - to influence their
learning and performance throughout the year. As such, we expected
that these emotions impact the resulting end-of-the-year grades. Based
on these assumptions, we expected end-of-the-year grades and emotions
to be linked by reciprocal effects from school year to school year.

Our second aim was to use the RI-CLPM to analyze the between-
person correlations of grades and emotions, and to examine whether

within-person correlations linking the two constructs are equivalent to
the between-person correlations. If within-person effects linking two
variables translate into equivalent between-person differences over
time, then within- and between-person relations can be equivalent,
provided that no third variables confound the relations (Goetz et al.,
2016). Based on our earlier theoretical reasoning (see Section 1), we
tentatively propose within- and between-person relations of grades and
emotions to be equivalent at least in terms of occurrence and direction
(positive vs. negative). In addition, we also compared the present find-
ings, which decompose within-person and between-person relations,
with the undecomposed relations between grades and emotions derived
from the CLPM by Pekrun et al. (2017).

Based on CVT and the RI-CLPM, we specified the following prereg-
istered hypotheses for within-person effects and between-person re-
lations linking grades and emotions (https://osf.io/jvt6g/?view_only=
4cc3d4a91fal414eaf9c337d9e9195ee).

Hypothesis 1. The within-person factors for positive emotions and
grades are positively correlated, and the within-person factors for
negative emotions and grades are negatively correlated.

Hypothesis 2. Similarly, the time-invariant factors (random in-
tercepts) for positive emotions and grades are positively correlated, and
the time-invariant factors for negative emotions and grades are nega-
tively correlated.

Hypothesis 3. Grades have positive within-person effects on subse-
quent positive emotions (enjoyment, pride) and negative within-person
effects on subsequent negative emotions (anger, anxiety, shame,
boredom, hopelessness).

Hypothesis 4. Positive emotions (enjoyment, pride) have positive
within-person effects on subsequent grades, and negative emotions
(anger, anxiety, shame, boredom, hopelessness) have negative within-
person effects on subsequent grades.

5. Method
5.1. Sample and procedure

The sample consisted of German students who participated in the
PALMA longitudinal study (see, e.g., Marsh et al., 2019; Murayama
et al., 2016; Pekrun et al., 2017, 2019; for an overview of all PALMA
studies, see Pekrun et al., 2007). The PALMA longitudinal study inves-
tigated secondary school students’ development in mathematics,
including their emotions, motivation, self-beliefs, learning strategies,
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Table 2
Emotions and grades: Pearson product-moment correlations.

Enjoyment Pride Anger Anxiety Shame Boredom Hopelessness
Between-person correlations ¢

Pride .796 (.008) -

Anger -.615 (.018) -.482 (.020) -

Anxiety -.499 (.021) -.444 (.022) .811 (.006) -

Shame -.301 (.023) -.257 (.023) .714 (.010) .821 (.006) -

Boredom -.456 (.018) -.280 (.021) .619 (.012) .289 (.016) 311 (.017) -

Hopelessness -.545 (.019) -.509 (.020) .824 (.006) .929 (.003) .791 (.007) .325 (.016) -
Within-person correlations °

Pride .670 (.014) -
.691 (.013) -
.693 (.013) -
.713 (.013) -
.739 (.012) -

Anger -.520 (.024) -.330 (.024) -
-.539 (.026) -.425 (.023) -
-.539 (.020) -.396 (.021) -
-.524 (.021) -.410 (.027) -
-.491 (.026) -.404 (.025) -

Anxiety -.388 (.031) -.298 (.026) 711 (.013) -
-.388 (.028) -.357 (.026) .714 (.011) -
-.364 (.023) -.323 (.024) .719 (.011) -
-.354 (.024) -.305 (.027) .713 (.014) -
-.333 (.027) -.314 (.027) .729 (.011) -

Shame -.241 (.029) -.184 (.028) .593 (.019) 742 (.012) -
-.218 (.025) -.224 (.027) .580 (.019) .741 (.010) -
-.206 (.022) -.182 (.025) .540 (.020) .700 (.013) -
-.171 (.020) -176 (.023) .519 (.020) .694 (.015) -
-.127 (.027) -.117 (.028) .539 (.021) .705 (.014) -

Boredom -.519 (.020) -.277 (.022) .686 (.016) 434 (.022) .339 (.023) -
-.515 (.023) -.335 (.024) .671 (.016) .376 (.018) .291 (.021) -
-.498 (.020) -.302 (.023) .642 (.013) .343 (.018) .224 (.023) -
-.461 (.019) -.322(.022) .564 (.017) .295 (.023) .198 (.027) -
-.412 (.027) -.303 (.026 .605 (.016) .347 (.021) .257 (.023) -

Hopelessness -.365 (.026) -.323 (.022) .700 (.015) .816 (.010) .705 (.017) 417 (.024) -
-.394 (.023) -.384 (.023) .714 (.012) .839 (.009) .702 (.014) .396 (.020) -
-.396 (.023) -.367 (.023) .714 (.012) .847 (.006) .688 (.014) .362 (.018) -
-.399 (.020) -.371 (.025) .727 (.013) .842 (.007) .669 (.015) .353 (.019) -
-.408 (.024) -.385 (.026) .754 (.010) .859 (.006) .666 (.017) .389 (.021) -

Grades .125 (.028) .168 (.028) -.176 (.023) -.281 (.020) -.202 (.020) -.094 (.023) -.241 (.022)
.301 (.016) .311 (.019) -.267 (.020) -.340 (.020) -.274 (.019) -.087 (.019) -.299 (.021)
434 (.017) .395 (.016) -.328 (.020) -.355 (.020) -.215 (.023) -.173 (.020) -.362 (.020)
.514 (.015) .462 (.016) -.381 (.015) -.353 (.021) -.227 (.017) -.172 (.018) -.352 (.021)
.553 (.015) 490 (.014) -.446 (.020) -.373 (.020) -.214 (.023) -.260 (.018) -.410 (.020)

Note. ® Between-person correlations are correlations of random intercepts. ® Within-person correlations are correlations between the within-person centered scores
(Hamaker, 2018). 1st, 2nd, 3rd, 4th, and 5th coefficient in each column: Year 5, 6, 7, 8, and 9, respectively. Standard errors (SE) in parentheses. p < .001 for r > 2.58 SE

(i.e., for all correlations).

and performance in this domain, as well as teacher variables, classroom
instruction, and parental support in mathematics. The study included
annual assessments from grades 5 to 9. The assessments were adminis-
tered by the Data Processing Center of the International Association for
the Evaluation of Educational Achievement (DPC-IEA) toward the end of
each school year. They comprised student, teacher, and parent self--
report questionnaires, a mathematics achievement test, and retrieval of
grades and demographic information from school documents. Admin-
istration of the student instruments was performed in students’ class-
rooms and took three school hours.

Samples were drawn from schools within the state of Bavaria and
were representative of the student population of this state in terms of
gender, age, types of schools, urban versus rural location, and family
background (SES). At the first assessment (grade 5), the sample included
2,070 students from 42 schools (49.6% female, mean age = 11.7 years).
In each subsequent year, the study tracked the students who had
participated in the previous assessment(s) and recruited additional

participants to compensate for attrition (see Pekrun et al., 2007). Sample
sizes were 2,059 students in grade 6 (50.0% female, mean age = 12.7
years); 2,397 students at grade 7 (50.1% female, mean age = 13.7
years); 2,410 students at grade 8 (50.5% female, mean age = 14.8
years); and 2,528 students at grade 9 (51.1% female, mean age = 15.6
years). Across all five assessments (i.e., grades 5 to 9), a total of 3,425
students (50.0% female) took part in the study. 38.7% of the total
sample participated in all five assessments, and 9.0%, 18.9%, 15.1%,
and 18.3% completed four, three, two, or one assessment(s),
respectively.

5.2. Variables and measures

Grades. Feedback on achievement was measured in terms of the end-
of-the-year grades available to students as feedback about their overall
math performance during the school year. They represent feedback on
achievement relative to the curriculum taught. In Germany, grades



Table 3

Random-intercept cross-lagged panel models: Autoregressive paths, cross-lagged paths, effects of covariates, and correlations of random intercepts.

Enjoyment model Pride model Anger model Anxiety model Shame model

Enjoyment Grades Pride Grades Anger Grades Anxiety Grades Shame Grades
Autoregressive effects
Tl - T2 .398 (.039) .306 (.036) .366 (.043 .299 (.038) .379 (.035) .293 (.039) .438 (.030) .291 (.040) .379 (.031) .308 (.040)
T2 - T3 .402 (.037) .308 (.031) .395 (.050) .301 (.033) .407 (.038) .293 (.033) .444 (.031) .289 (.034) .407 (.036) .307 (.035)
T3 - T4 .428 (.041) .337 (.038) .395 (.050 .330 (.041) .436 (.043) .321 (.041) .489 (.031) .315 (.041) .389 (.030) .335 (.042)
T4 - T5 .415 (.041) .337 (.037) .394 (.054 .330 (.039) .420 (.043) .321 (.039) .475 (.035) .318 (.040) .407 (.034) .336 (.041)
Cross-lagged effects Grades — enjoyment ~ Enjoyment — grades ~ Grades — pride ~ Pride — grades ~ Grades — anger =~ Anger — grades  Grades— anxiety =~ Anxiety Grades — shame ~ Shame — grades

— grades

Tl —» T2 .070 (.023) .097 (.026) .079 (.019) .108 (.028) -.043 (.019) -.112 (.024) -.031 (.020) -.109 (.029)  -.016 (.014) -.048 (.027)
T2 -» T3 .080 (.026) .086 (.023) .091 (.021) .101 (.028) -.047 (.020 -.110 (.024) -.032 (.021) -.105 (.029) -.018 (.016) -.046 (.026)
T3 - T4 .097 (.032) .083 (.024) .105 (.025) .096 (.028) -.055 (.024) -.110 (.025) -.038 (.025) -.108 (.029)  -.019 (.018) -.044 (.025)
T4 > T5 .103 (.034) .075 (.022) .105 (.025) .092 (.028) -.056 (.025) -.103 (.024) -.039 (.026) -.103 (.029)  -.020 (.018) -.044 (.025)
Effects of covariates on random intercepts
Gender .180 (.034) .023 (.027) .218 (.033) .024 (.026) -.067 (.030) .022 (.027) -.212 (.027) .021 (.026) -.045 (.028) .021 (.026)
SES -.059 (.028) .089 (.021) -.064 (.031) .088 (.021) -.051 (.025) .085 (.020) -.040 (.027) .084 (.021) -.072 (.027) -.084 (.021)
Intelligence .007 (.039) .418 (.036) -.012 (.035) .424 (.036) -.186 (.036) .426 (.036) -.268 (.031) .425 (.036) -.301 (.035) .426 (.036)

Enjoyment & grades Pride & grades Anger & grades Anxiety & grades Shame & grades
Correlations of random intercepts .468 (.039) .424 (.039) -.482 (.041) -.494 (.052) -.431 (.038)

Boredom model Hopelessness model Positive and negative affect model *
Boredom Grades Hopelessness Grades Positive Affect Negative Affect Grades

Autoregressive effects
Tl - T2 .439 (.035) .309 (.037) .331 (.026) .292 (.039) .566 (.028) .465 (.025) .275 (.036)
T2 > T3 .498 (.031) .311 (.032) .370 (.031) .290 (.034) .635 (.031) .567 (.024 .285 (.031)
T3 > T4 .595 (.041) .338 (.040) .384 (.032) .318 (.041) .695 (.033) .689 (.023 .306 (.037)
T4 > T5 .542 (.043) .339 (.038) .392 (.035) .321 (.040) .675 (.036) .686 (.024) .314 (.036)
Cross-lagged effects Grades — boredom  Boredom — grades  Grades — hopel Hopel — grades  Grades — positive affect  Positive affect — grades ~ Grades — negative affect ~ Negative affect — grades
Tl - T2 -.029 (.018) -.097 (.023) -.068 (.020) -.104 (.024) .042 (.012) .122 (.024) -.026 (.012) -.050 (.015)
T2 > T3 -.030 (.019) -.105 (.026) -.073 (.020) -.107 (.025) .045 (.012) .132 (.026) -.024 (.011) -.069 (.021)
T3 - T4 -.038 (.023) -.110 (.028 -.082 (.024) -.109 (.026) .051 (.014) .136 (.029) -.026 (.012) -.082 (.026)
T4 - T5 -.039 (.024) -.097 (.026) -.086 (.025) -.107 (.027) .053 (.015) .132 (.029) -.026 (.012) -.083 (.026)
Effects of covariates on random intercepts
Gender .191 (.028) .021 (.027) -.241 (.027) .023 (.026) .193 (.034) -.172 (.024) .020 (.027)
SES -.014 (.033) .086 (.020) -.039 (.024) .085 (.021) -.061 (.026) -.046 (.020) .093 (.021)
Intelligence .041 (.038) .428 (.035) -.201 (.032) 423 (.036) -.014 (.038) -.187 (.024) .415 (.037)

Correlations of random intercepts

Boredom & grades
-.279 (.065)

Hopelessness & grades

-.516 (.043)

Positive affect & grades
.415 (.038)

Negative affect & grades

-.482 (.035)

Note. Standard errors (SE) in parentheses. p < .05, .01, and 0.001 for coefficients higher than 1.96, 2.58, and 3.29 SE, respectively. Bold coefficients: p < .05.
Cross-paths between positive and negative affect were not significant (all ps > .05).
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range from 1 (excellent) to 6 (insufficient). To ease interpretation, we
inverted the grade scores in the analysis.

Emotions. We assessed students’ emotions in math with the
Achievement Emotions Questionnaire-Mathematics (AEQ-M; Pekrun
et al.,, 2011). The instructions ask respondents to indicate how they
typically feel when attending class, doing homework, and taking tests
and exams in mathematics. The instrument measures mathematics
enjoyment (9 items, e.g., "Il enjoy my math class"), pride (8 items; e.g.,
"After a math test, I am proud of myself"), anger (8 items; e.g., "I am
annoyed during my math class"), anxiety (15 items; e.g., "I worry if the
material is much too difficult for me"), shame (8 items; e.g., "I am
ashamed that I cannot answer my math teacher’s questions well"),
boredom (6 items; e.g., "My math homework bores me to death"), and
hopelessness (6 items; e.g., "During the math test, I feel hopeless").
Participants responded on a 1 (strongly disagree) to 5 (strongly agree) scale
(o range = .83-.92; see Table S1 in Supplementary Materials).

Background variables. Students’ gender, family socio-economic
status (SES), and intelligence were controlled in the analysis. Gender
was coded 1 = female, 2 = male. SES was assessed by parent report using
the EGP classification (Erikson et al., 1979), which consists of six or-
dered categories of parental occupational status. Higher values repre-
sent higher SES. Intelligence was measured at Time 1 (Year 5) using the
25-item nonverbal reasoning subtest of the German adaptation of
Thorndike’s Cognitive Abilities Test (Kognitiver Fahigkeitstest [KFT
4-12 + R]; Heller & Perleth, 2000).

5.3. Data analysis

We used Hamaker et al.’s (2015) RI-CLPM to test our hypotheses.
However, we expanded the classic RI-CLPM (Hamaker et al., 2015) in
three important ways (Figs. 1 and 2). First, the original version of the
RI-CLPM uses manifest variables to estimate relations, thus not cor-
recting for measurement error. Given that the AEQ-M provides multiple
items to measure each emotion, we estimated the emotion variables as
latent constructs (see Mulder & Hamaker, 2020, for extending the
RI-CLPM by using multiple indicators per construct). Grades were
evaluated as manifest variables. Second, following Mulder and Hamaker
(2020), we controlled for covariates in the analysis, including the
background variables cited above (gender, SES, and intelligence). Third,
in a tripartite model including positive and negative affect factors based
on multiple emotions, we extended the original two-variable RI-CLPM
by including three target variables (i.e., grades, positive affect, and
negative affect; Fig. 2). We employed Mplus (Version 8.6; Muthén &
Muthén, 1998-2017) to estimate the models.

The RI-CLPM decomposes the target variables into within- and be-
tween-person components (i.e., within-person factors and random in-
tercepts). The within-person factors are defined by within-person
centering of the variables (Hamaker, 2018). From a multilevel
perspective, the within-person components are located at Level 1, and
the random intercepts at Level 2. In the present analysis, we used the
manifest grade variables and the latent emotion and affect variables as
observed variables and decomposed them into within-person factors and
random intercepts (Figs. 1 and 2).

Based on this decomposition, the RI-CLPM estimates within-person
auto-regressive and cross-lagged relations between the variables and the
between-person correlation of the random intercepts. Due to within-
person centering, the within-person factors that are used to estimate
within-person relations represent the time-specific deviation of a score
from the individual’s mean score on the respective variable (represented
by the random intercepts). The resulting autoregressive and cross-lagged
effects represent the relations between these deviations over time. In the
present analysis, they answer the question of whether high or low grades
(defined relative to the person average) in one year are related to high or
low grades and emotion scores (relative to the person average) in a
subsequent year. Similarly, they answer the question of whether
emotion scores in one year are related to scores on the same emotion as
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well as grades in a subsequent year, with scores defined relative to the
person mean. The random intercepts represent time-invariant global
trait factors, thus making it possible to estimate the between-person
correlation of the time-invariant components of grades and emotions.

Given multicollinearity between the single emotion constructs (see
Section 6), we followed recommendations by Pekrun et al. (2017, 2019)
and estimated separate models for the seven different emotions. In
addition, following these authors, we estimated one integrative model
combining all emotions into two higher-order positive and negative
affect factors (tripartite model; Fig. 2). As such, the analysis combines
two strategies to deal with multicollinearity, namely, using single vari-
ables (separate discrete emotion RI-CLPMs) and combining them by
constructing summary variables (integrative affect RI-CLPM).

Measurement models. Prior to estimating the RI-CLPMs, we used
confirmatory factor analysis (CFA) to establish measurement models for
the emotion and affect variables. To consider the internal structure of
the emotion constructs, we used a correlated uniqueness approach by
including correlations between residuals for items representing the same
setting (attending class, doing homework, and taking tests and exams in
mathematics; Pekrun et al., 2011). In addition, correlations between
residuals for identical emotion items across measurement occasions
were included to control for systematic measurement error.

Subsequently, we constructed an integrative affect measurement
model simultaneously representing all emotions. In this model, factor
scores derived from the single-emotion CFAs served as indicators. We
used this procedure to reduce computational load, but also to support
comparison with the Pekrun et al. (2017) findings by directly replicating
the strategy used by these authors. Factor scores for the positive and
negative emotions served as indicators for positive and negative affect,
respectively.

Measurement invariance over time. For each of the emotion and
affect constructs, we evaluated models of configural invariance (same
patterns of factor loadings), metric invariance (equal factor loadings),
scalar invariance (equal loadings and intercepts), and residual invari-
ance (equal loadings, intercepts, and residual variances; Meredith,
1993). For evaluating correlations and path coefficients, metric invari-
ance is the minimum needed (Chen, 2007; Steenkamp & Baumgartner,
1998). To compare model fit, we followed recommendations by Chen
(2007) and inspected the loss of fit resulting from imposing invariance
constraints (see Supplementary Materials). As recommended, we did not
focus on the y? difference test because it is overly sensitive to sample size
(Marsh et al., 1988).

RI-CLPMs for discrete emotions and integrative affect factors.
Each of the seven discrete emotion models included auto-regressive and
cross-lagged effects for within-person factors representing grades and
the respective emotion across the five waves (see Fig. 1). The tripartite
affect model included auto-regressive and cross-lagged effects linking
three variables over time: grades, positive affect, and negative affect
(Fig. 2). The background variables were included as covariates in each of
the models. These variables represent between-person factors. As such,
we included directional paths to the global trait factors (random in-
tercepts) for each of these variables (Mulder & Hamaker, 2020).

Estimator, missing data, and fit indexes. We used robust
maximum likelihood (MLR) estimation to deal with non-normality
of variables. As students were nested in schools, we corrected for the
clustering of the data using the <type = complex> option implemented
in Mplus. To handle missing data, we employed full information
maximum likelihood (FIML) estimation. FIML has been found to result
in trustworthy, unbiased estimates for missing values even in the
case of large numbers of missing values (Enders, 2010) and to be an
adequate method to manage missing data in studies with large samples
(Jelicic et al., 2009).

To evaluate model fit, we applied the comparative fit index (CFI), the
Tucker-Lewis index (TLI), the root mean square error of approximation
(RMSEA), and the square root mean residual (SRMR). Traditionally, CFI
and TLI values higher than .90 and close to .95, RMSEA values lower
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than .06, and SRMR values lower than .08 were interpreted as indicating
good fit (Hu & Bentler, 1999). However, it should be noted that these
recommended cutoff values are often not met with data sets derived
from more complex studies, suggesting that they should be used with
caution (Marsh et al., 2004).

6. Results
6.1. Measurement models and invariance over time

The configural invariance models showed a good fit to the data, with
CFI > .93, TLI > .92, RMSEA < .03, and SRMR < .05 for all seven
emotion constructs, and CFI = .957, TLI = .940, RMSEA = .054, and
SRMR = .077 for the positive and negative affect model (see overview of
findings and Table S2 in Supplementary Materials). Loss of fit for metric,
scalar, and residual invariance was negligible, supporting invariance
over time and documenting that the constructs met the requirements to
be included in the RI-CLPMs.

6.2. Fit of random-intercept cross-lagged panel models

We estimated two sets of models. In the first set, path coefficients
were freely estimated. In the second set, we constrained the coefficients
to be invariant over time (developmental equilibrium; Marsh et al.,
2019). As can be seen from Table 1, constraining the coefficients did not
lead to a substantial loss of fit. Because the differences were negligible,
we proceeded with the constrained models. The RI-CLPMs for the
resulting emotion models fit the data well, with CFI > .92, TLI > .91,
RMSEA < .03, and SRMR < .05 for all seven models (Table 1). Similarly,
the positive and negative affect model fit the data; CFI = .946, TLI =
.935, RMSEA = .049, and SRMR = .074.

6.3. Within-person and between-person correlations

To examine the within- and between-person relations among
different emotions, and between grades and emotions, we extracted the
within-person factors and the random intercepts for grades and emo-
tions from the RI-CLPMs and calculated their correlations. This analysis
involved two steps. We first saved the within-person centered variables
and the random intercepts from the RI-CLPMs for the different emotions,
and then used Mplus to estimate their correlations. The resulting within-
person correlations answer the question of whether within-person de-
viations from the person average on a given emotion relate to within-
person deviations on another emotion (or on grades). The between-
person correlations answer the question of whether the trait-like person
averages are related.

As shown in Table 2, enjoyment and pride correlated positively, and
the correlations between the negative emotions were positive as well.
The correlations between positive and negative emotions were negative.
This pattern appeared both for the within-person and the between-per-
son correlations. However, the between-person correlations were
consistently larger than the within-person correlations.

In addition, enjoyment and pride showed significant positive within-
person correlations with grades (range r = .12 to .55; all ps < .001).
Anger, anxiety, shame, boredom, and hopelessness showed significant
negative within-person correlations with grades (range r = —.17 to
—.44; all ps < .001). The between-person correlations of grades and
emotions (i.e., the correlations of the random intercepts) showed the
same pattern (Table 3). These correlations depict the relations between
the time-invariant emotion factors, on the one hand, and the time-
invariant grades factor, on the other. Enjoyment and pride showed
strong positive correlations with grades (rs = .46 and .42, respectively;
ps < .001), and all negative emotions showed negative correlations with
grades (range r = —.27 to —.51; all ps < .001).
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6.4. Autoregressive and cross-lagged effects

All of the emotion and affect constructs showed substantial autore-
gressive within-person stability over time (Table 3). The range of stan-
dardized autoregressive coefficients for the seven emotion variables was
B = .33 to .59, and for the positive and negative affect constructs .46 to
.69 (all ps < .001). Similarly, there was moderate within-person stability
for the math grades, 8 range = .29 to .33 (ps < .001). These coefficients
indicate that deviations in grades and emotions from the individual
person average were positively related to deviations in the same vari-
ables at the next wave.

In addition, there were significant cross-lagged effects for most of the
emotions. These effects show that the within-person fluctuations of
grades and emotions were associated over time. The effects of grades on
emotions indicate that deviations of grades from the individual average
grade were related to subsequent deviations of emotions from the in-
dividual average emotion scores. The effects of emotions on grades
indicate that deviations in the emotions were associated with subse-
quent deviations in the grades.

More specifically, grades had positive predictive effects on subse-
quent enjoyment and pride, and enjoyment and pride had positive ef-
fects on subsequent grades. Grades had significant negative effects on
subsequent anger and hopelessness; anger, anxiety, boredom, and
hopelessness had significant negative effects on subsequent grades. The
effects of grades on anxiety, shame, and boredom, and the effects of
shame on grades were not significant. However, the direction of these
effects was negative as well. Finally, grades and positive affect were
linked by significant positive reciprocal effects over time, and grades
and negative affect were linked by significant negative reciprocal
effects.

6.5. Effects of covariates

Gender had significant positive effects on enjoyment, pride, and
positive affect, and significant negative effects on anger, anxiety,
boredom, hopelessness, and negative affect (Table 3; effects of cova-
riates on random intercepts). These coefficients indicate that male stu-
dents reported more positive emotions and less negative emotions in
math than female students. Gender did not show any significant effects
on students’ grades in math. Intelligence and family SES related posi-
tively to students’ grades. In addition, intelligence was a negative pre-
dictor of students’ negative emotions.

6.6. Comparison with CLPM findings

The current RI-CLPMs and the CLPMs reported by Pekrun et al.
(2017) rendered equivalent patterns of cross-lagged effects and gra-
de-emotion correlations. In both modeling approaches, grades related
positively to subsequent positive emotions and negatively to subsequent
negative emotions (although not all of these paths were significant in the
RI-CLPMs). Conversely, positive emotions related positively, and nega-
tive emotions related negatively to subsequent grades. Furthermore, the
within-person and between-person correlations of grades and emotions
derived from the RI-CLPM were equivalent to the between-person cor-
relations for the single waves reported by Pekrun et al. (2017). However,
the RI-CLPM between-person correlations were stronger than the sin-
gle-wave between-person correlations. The average (median) of the
RI-CLPM correlations between random intercepts was |r| = 0.46
(Table 3). The average (median) of the single-wave between-person
correlations was |0.34| (Pekrun et al., 2017, Table 1).

7. Discussion
The present study examined within-person relations between teacher

feedback on students’ achievement, as represented by school grades,
and students’ emotions over five school years. Based on control-value
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theory, we aimed to test the hypothesis that grades influence the
development of students’ emotions, and that these emotions, in turn,
impact the grades students receive. To the extent that grades mirror
students’ performance, the analysis also reveals how performance and
emotions are related over time, from a within-person perspective. Such
within-person evidence is needed to understand the effects of feedback,
to adequately plan interventions, and to improve educational practices.

A second aim was to compare the findings with between-person re-
lations linking grades and emotions. The relative equivalence of within-
and between-person relations is of prime relevance from both substan-
tive and methodological perspectives. If these relations are equivalent,
then there is support for the position that variables function in similar
ways at the within- and between-person levels, and common theoretical
principles can be used to explain relations at the two levels. If this is not
the case, then different theories are needed to explain within- and be-
tween-person relations of the variables.

The present analysis makes it possible to inspect the equivalence of
within- and between-person findings from three perspectives. First, we
can directly compare the estimates for within- and between-person re-
lations in the present RI-CLPMs. Second, because we used the same
dataset as Pekrun et al. (2017), we can compare the current results with
the undecomposed CLPM findings reported by these authors. Third, we
can compare them with between-person findings reported for other
datasets in the extant literature. In the following, we first discuss the
findings for relations among the emotions and for their links with
grades, and then consider limitations and future directions.

7.1. Relations among emotions

The pattern of relations among the seven emotions was the same
across the within- and between-person levels. Without exception, as
derived from the present RI-CLPMs, there were positive correlations
within the group of positive emotions, positive correlations within the
group of negative emotions, and negative correlations between the two
groups of emotions. These correlations are also equivalent to the be-
tween-person correlations reported for each single wave by Pekrun et al.
(2017). As such, there seems to be equivalence in the relations between
students’ achievement emotions at the within- and between-person
levels, at least in terms of the occurrence, significance, and direction of
associations.

Between-person relations among emotions can result from stable
factors that vary between persons, such as genetic dispositions (Miu
et al., 2019). However, at least for achievement emotions the present
findings suggest that this is not the whole story. Given that the current
relations among emotions were also observed at the within-person level,
they cannot be explained by between-person factors alone. Rather,
factors that vary within persons are needed to explain the within-person
covariance of emotions. Factors that covary with emotions in similar
ways at the within- and between-person levels could explain equiva-
lence, such as personal beliefs, individual perceptions, or grades as
examined in the present study.

For example, between-person correlations show that students’
enjoyment and pride are positively associated with antecedent compe-
tence beliefs (e.g., Pekrun et al., 2019). These positive associations help
explain why the between-person correlation of enjoyment and pride is
typically positive. Similarly, it is reasonable to expect that any with-
in-person fluctuation of enjoyment and pride relates positively to the
within-person fluctuation of competence perceptions — learning is more
enjoyable, and makes us feel proud, when feeling competent in a given
situation. The positive within-person relations to competence percep-
tions help explain why the within-person correlation of enjoyment and
pride is positive. In conclusion, due to the equivalence of between- and
within-person links to antecedent competence perceptions, the relations
between the two emotions may also be equivalent across the two levels.
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7.2. Grades and emotions

Correlations. Supporting Hypotheses 1 and 2, grades correlated
positively with positive emotions and positive affect, and negatively
with negative emotions and negative affect. Again, these correlations
were equivalent across the two levels in terms of significance and di-
rection, and they were of substantial magnitude. Supporting our hy-
potheses, the between-person correlations with grades were |r| > .42 for
all emotions except boredom (Table 3). At the within-person level, the
correlations ranged from r = .12 to .55 (Table 2).

The between-person correlations can be compared with average
between-person correlations reported in the literature. As described
earlier (Section 4), mean true-score correlations of grades with enjoy-
ment, anger, and boredom were ps = .30, —.35, and —.26, respectively,
in the analysis by Camacho-Morles et al. (2021), and mean correlations
of math grades and math anxiety ranged from r = —.20 to —.27 in the
analysis by Barroso et al. (2021). In addition, the present findings can be
compared with the between-person correlations based on the PAMA
dataset reported by Pekrun et al. (2017, Table 1; average correlation |r]|
=.34).

In conclusion, on average, the present decomposed between-person
correlations were higher than average undecomposed correlations as
reported in the literature or derived from the same dataset. Undecom-
posed correlations typically suggest that emotions explain around 10%
of the variance in grades, and vice versa. The present correlations sug-
gest that a more realistic estimate may be around 20% explained vari-
ance, provided that variances are decomposed into between- and within-
person components. In fact, the magnitude of the present decomposed
between-person correlations is similar to typical correlations between
students’ cognitive abilities and their grades (rs around 0.45 for intel-
ligence and school grades; see the meta-analyses in Kriegbaum et al.,
2018; Roth et al., 2015).

Stability over time. Students’ grades as well as all of the emotion
and affect variables showed significant positive within-person autore-
gressive effects over time. The range of effects across models was 8 = .29
to .33 for grades, .29 to .59 for the emotions, and .46 to .69 for positive
and negative affect. These effects were smaller than the undecomposed
autoregressive effects reported by Pekrun et al. (2017, Table 3), but still
substantial.

The effects indicate that positive deviations from the individual
person average in one school year tend to be followed by a positive
deviation in the next school year, and negative deviations by a negative
deviation. This is not a trivial finding. Alternatively, the within-person
deviations might have been independent across years, or even nega-
tively related in terms of scores bouncing back and forth over time.
Instead, the positive effects suggest that there are positive carry-over
effects (i.e., inertia) from year to year, implying that both grades and
emotions tend to persist over time before returning to the person
average.

Reciprocal effects. The findings for cross-lagged effects linking
grades and emotions largely supported our hypotheses. Over and above
autoregressive and reciprocal effects, good grades positively predicted
students’ subsequent positive emotions and negatively predicted their
subsequent negative emotions, in line with Hypothesis 3. Positive
emotions, in turn, were positive predictors of students’ subsequent
grades, and negative emotions were negative predictors, supporting
Hypothesis 4. Most of these effects were significant, and all of them were
consistent in terms of their direction. As such, the findings corroborate
the importance of grades as a driver of students’ emotions, and of
emotions as drivers of students’ learning and achievement. The two sets
of predictive effects combined support reciprocal effects models of
feedback and achievement, on the one hand, and emotions, on the other
(e.g., Pekrun, 1992; Pekrun et al., 2017).

Importantly, similar to correlations and autoregressive effects, the
within-person path coefficients were largely equivalent to the between-
person effects reported in the literature, and to the undecomposed path
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coefficients reported by Pekrun et al. (2017) for the PALMA dataset.
Similar to the present within-person findings, the coefficients reported
by Pekrun et al. (2017) were positive for effects linking grades with
positive emotions, and negative for effects linking them with negative
emotions. As such, there is convergence of the current within-person
reciprocal effects and Pekrun et al.’s (2017) undecomposed effects
linking grades and emotions, at least in terms of the direction of effects.

The existing longitudinal studies of achievement and emotions cited
earlier, including Pekrun et al.’s (2017) analysis, used cross-lagged
panel modeling (CLPM) not decomposing within- and between-person
variance. As such, the present and previous findings combined suggest
directional equivalence of achievement-emotion associations across
three analytically different types of associations: (1) relations of the
time-varying within-person factors estimated in the RI-CLPM; (2)
between-person relations of the time-invariant random intercepts from
the RI-CLPM; and (3) the undecomposed relations estimated in the
CLPM.

Given that findings based on within-person and between-person
analysis often diverge (Hamaker et al., 2015; Orth et al., 2021), the
degree of equivalence in the present data is remarkable. However, from
a theory perspective, it is plausible that within- and between-person
relations show equivalence more often than might be expected on sta-
tistical grounds alone. Specifically, as argued earlier, it seems sensible
that within-person processes can translate into equivalent between--
person differences over time. For example, if positive teacher feedback
repeatedly triggers positive achievement emotions in a student, then this
cumulative feedback entails that the student develops stronger trait
positive achievement emotions over the years than other students.
Conversely, if positive emotions continuously support a student’s
learning, then the student can develop stronger competencies and
habitually outperform others. As long as the resulting between-person
differences are not disturbed by other factors, they should be equivalent
to the underlying within-person dynamics.

Similarly, between-person differences can trigger equivalent within-
person processes. For example, trait emotions that correlate positively
with achievement can trigger positive state emotions that strengthen a
student’s current performance, thus also leading to equivalence of
within- and between-person relations. In sum, within-person processes
can result in equivalent between-person differences, and these differ-
ences, in turn, can prompt equivalent within-person processes (see also
Wrzus et al., 2021).

7.3. Limitations and directions for future research

The present study used longitudinal data and latent modeling con-
trolling for covariates, and it yielded robust within-person and between-
person evidence. Nevertheless, there are several limitations to the study
that should be kept in mind and can be used to plan directions for future
research.

First, an especially important issue for examining within-person ef-
fects is the length of the time intervals between assessments. In the
current analysis, the assessments were one year apart. As such, the
findings represent the long-term dynamics of grades and emotions over
several years. There may be substantial dynamics within shorter in-
tervals as well — within single lessons, days, weeks, and months. In future
studies, assessing short-term dynamics may further help to elucidate
how within-person processes translate into the associations linking
grades and emotions. The size of the correlations between grades and
emotions (Tables 2 and 3) suggests that there is more variance to be
explained in subsequent studies, over and above the year-to-year cross-
lagged effects that we observed in the present analysis.

Second, a related issue is type of feedback (Lipnevich & Smith,
2018). End-of-the-year grades provide students with summative feed-
back about their overall performance throughout the year. Furthermore,
as they are typically defined, they inform students about their perfor-
mance relative to other students. As such, they are of limited value to
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assess individual improvement, and they do not inform students about
how to strengthen their future learning. It seems likely that other types
of feedback influence students’ emotions as well, and possibly in better
ways. For future studies, it may be especially important to examine ef-
fects of informational feedback about learning, as well as effects of daily
feedback provided in teacher-student interaction (e.g., teacher com-
ments involving praise and blame during lessons).

Third, to interpret the present findings, it is important to consider
how the RI-CLPM defines relations at the within-person level. As noted,
these relations answer the question of how within-person deviations
from the person average on different variables are related. More spe-
cifically, they represent covariation of the between-person distributions
of these within-person deviations. They do not represent idiographic
associations between variables within single persons. Investigating
feedback-emotion relations for single persons, and the variation of these
relations across different persons, is an important task for future
research (e.g., using dynamic structural equation modeling; Asparouhov
et al., 2018). Given the limited number of school years, it would be
difficult to do this with end-of-the-year grades. However, it should be
possible to design such an analysis using multiple grades for single
exams (see Schultzberg & Muthén, 2018, for numbers of waves needed).

Furthermore, we analyzed molar relations between students’ grades
and their emotions but did not examine mediating mechanisms. CVT
suggests that an important mechanism explaining effects of feedback on
achievement emotions is students’ perceptions of control and value.
Mediation of achievement effects on emotions by appraisals has been
explored in between-person research (Forsblom et al., 2021). Future
studies should examine the within-person mechanisms that explain the
links between feedback and emotions, as well as moderators that could
modify these links. An examination of mechanisms and moderators may
also help to uncover possible differences in the effects of grades on
different emotions, and different emotions on grades.

For example, given that grades represent achievement outcomes,
they may have more immediate effects on outcome emotions than on
activity emotions. In the present data, relations with outcome emotions
(pride, anxiety, shame, hopelessness) were of similar magnitude as re-
lations with activity emotions (enjoyment, anger, boredom). An analysis
of mediators and moderators may help explain under what conditions,
and in which students, grades exert differential effects on distinct
emotions. Similarly, CVT suggests that different emotions influence
learning differently (e.g., variable effects of activating negative emo-
tions like anxiety, but uniformly adverse effects of deactivating negative
emotions like hopelessness; Pekrun, 2006). Molar relations as analyzed
in the present research may mask these nuanced influences. More
fine-grained studies that include mediating mechanisms and use designs
with higher temporal granularity are needed to test these possible
differences.

Finally, the present findings relate to grades and emotions in a spe-
cific domain, age group, and country. The principles of relative uni-
versality that are part of CVT (Pekrun, 2009, 2018) suggest that the
current relations between grades and emotions should also be observed
in other academic domains, student groups, and cultural contexts.
However, empirically the generalizability of the present findings re-
mains open to question. It may be especially important to conduct
within-person research on achievement emotions with younger stu-
dents; the early school years may be critical in laying the foundations for
students’ emotions and their links with achievement.

7.4. Implications for educational practice

For educational practice, the present results further confirm and
expand the existing findings from between-person research. Specifically,
two messages follow from our results. First, within- and between-person
findings converge in showing that summative feedback using normative
standards as implied by grades can help boost students’ positive emo-
tions, but can also exacerbate their negative emotions. As such, use of
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grades can undermine many students’ psychological health. Alternative
ways of providing feedback that better support mental health should be
explored and practiced (see also Linnenbrink et al., 2016).

Informational feedback that uses mastery standards may be better
suited to support all students in developing favorable competence be-
liefs, thus promoting adaptive emotions and reducing maladaptive
emotions. Furthermore, in many education systems educational oppor-
tunities are currently made contingent on grades, thus exacerbating
their emotional load, as argued earlier. Reducing these contingencies
may help prevent excessive perceptions of value, thus reducing emotions
that jeopardize mental health, such as hopelessness and excessive test
anxiety. Restructuring education systems in this way may incur costs but
may also generate benefits for both mental health and student perfor-
mance (see, e.g., Parker et al., 2018).

Second, the findings suggest that students’ emotions are not only
important for their wellbeing but also influence their learning and
performance (as reflected in grades). As such, teachers, parents, ad-
ministrators, and policymakers are well advised to consider student
emotions in planning and practicing education. Teachers can support
students’ emotional development by providing high-quality instruction
that is clearly structured, personalized in terms of adapting task de-
mands and expectations to students’ competencies, and suited to pro-
mote students’ sense of autonomy and relatedness (Linnenbrink-Garcia
etal., 2016; Pekrun, 2014). In addition, teachers can support students by
developing and displaying their own positive emotions (Frenzel et al.,
2018), by creating mastery goal structures in the classroom, and by
scaffolding students’ regulation of emotions.

Similarly, parents can create a mastery-oriented instructional
climate at home and convey educational aspirations that do not over-
challenge students (Murayama et al., 2016). Finally, administrators and
policymakers can contribute by integrating emotion-oriented courses in
teacher education programs, and by redesigning school curricula to
include emotional learning that supports students’ development of
emotional competencies.
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