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“Isn’t it funny how day by day nothing changes 

but when you look back, everything is different?” 

C. S. Lewis 
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Zusammenfassung 

Die Erfassung psychologischer Konstrukte geht oft mit mehreren, konfundierten Va-

rianzquellen einher. Diese Konfundierung kann die strukturelle Konstruktrepräsenta-

tion sowie Zusammenhänge zu anderen Konstrukten verzerren. In drei Forschungsar-

tikeln verfolgte die vorliegende kumulative Dissertation das Ziel, spezifische von ge-

nerellen Varianzkomponenten in Erfahrungen von Schülerinnen und Schülern im 

Klassenzimmer auf drei unterschiedliche Arten aufzuteilen. Alle Forschungsarbeiten 

verwendeten Daten des intensiven longitudinalen Projektes DynASCEL, das Daten zu 

Schülerinnen und Schüler der Sekundarstufe (neunte und 10. Klasse) im deutschen 

Gymnasium erhob. Die spezifischen (versus generellen) Komponenten, die aufgeteilt 

wurden, variierten über die Artikel hinweg, d.h., Domänenspezifität (versus Domä-

nengeneralität) in Artikel 1, Situationsspezifität (versus Habitualität) in Artikel 2, und 

Personenspezifität (versus Konsens) in Artikel 3. Genauer gesagt wird in Artikel 1 ein 

latentes Modell mit genesteten Faktoren verwendet, um domänenspezifische von do-

mänen-übergreifenden Komponenten in zwei Dimensionen selbstberichteter Trait 

Prüfungsängstlichkeit (d.h., Besorgnis und Aufgeregtheit) in den zwei Domänen Ma-

the und Deutsch sowie über mehrere Domänen hinweg zu trennen (N = 348 Schüle-

rinnen und Schüler). In Artikel 2 wurden situative (State) Wahrnehmungen dreier Ba-

sisdimensionen von Lehrqualität (Unterstützung durch die Lehrkraft, kognitive Akti-

vierung, Klassenführung) über drei Wochen in vier Fächern erfasst, und in Zwei-Ebe-

nen konfirmatorischen Faktoranalysen situationsspezifische von habituellen Kompo-

nenten unterschieden (N = 372 Schülerinnen und Schüler, and nMathematik = 2,681, nPhy-

sik = 1,555, nDeutsch = 2,026, nEnglisch = 1,835 Beobachtungen). Schließlich wurden in Ar-

tikel 3 situative Wahrnehmungen von Lehrqualität von Schülerinnen und Schülern 

(N = 372 Schülerinnen und Schüler, and nMathematik = 2,681 Beobachtungen) in perso-

nenspezifische, idiosynkratische Varianzkomponenten und konsensuelle Klassen-

wahrnehmungen in gemischten Modellen unterteilt. Zusammenhänge zu wichtigen 

Konstrukten (z.B. Schulnoten) wurden in jedem Artikel zweifach dargestellt, d.h., (a) 

mit und (b) ohne die respektive Varianzzerlegung, sodass der Effekt dieser unmittel-

bar sichtbar wurde. Die vorliegende Dissertation bereicherte also das Verständnis 

struktureller Repräsentation zentraler Konstrukte der Bildungsforschung sowie derer 

Implikationen.  
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Abstract 

Ratings obtained in psychological assessment often confound multiple sources of var-

iances. This confounding can distort constructs’ structural representation as well as 

their relations to other constructs. In three research articles, the present cumulative 

dissertation thus aimed at disentangling specific from general components in stu-

dents’ academic experiences in the classroom in three different ways. All articles drew 

on parts of the larger intensive longitudinal DynASCEL project data on German sec-

ondary school students attending the ninth and 10th grades of the highest ability track. 

The specific (versus general) components that were disentangled varied across arti-

cles, that is, domain-specificity (versus domain-generality) in Article 1, situation-spec-

ificity (versus habituality) in Article 2, and person-specificity (versus consensus) in 

Article 3. Specifically, in Article 1, a latent nested factor modeling approach was used 

to differentiate domain-specific from domain-general components in two dimensions 

of self-reported trait test anxiety (i.e., worry and emotionality) in the two domains of 

math and German as well as across domains (N = 348 students). In Article 2, state 

perceptions of three basic dimensions of instructional quality (teacher support, cogni-

tive activation, classroom management) were assessed across a three-week period in 

four subjects, where situation-specific variance components were disentangled from 

habitual, trait-like components (N = 372 students, and nmathematics = 2,681, nphys-

ics = 1,555, nGerman = 2,026, nEnglish = 1,835 observations) in two-level confirmatory fac-

tor analyses. Finally, Article 3 disentangled person-specific, idiosyncratic from class-

room, consensual variance components in students’ state perceptions of instructional 

quality in math (N = 372 students, and nmathematics = 2,681 observations) in linear 

mixed effects models. Relations to crucial constructs (e.g., school grades) were dis-

played in each article in two ways, that is (a) with and (b) without disentangling the 

different variance components such that the effect of differentiating the different com-

ponents becomes apparent immediately. In doing so, the present dissertation en-

hanced the understanding of key educational constructs’ representation and their im-

plications.  
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1. Introduction 
 

Psychological assessment is targeted at latent constructs that are not directly visible 

but need to be inferred from manifest, observable indicators (e.g., responses to a 

questionnaire; Ziegler & Bühner, 2012). If we were, for instance, interested in an 

individual’s (let’s call him Joe) self-esteem, we might assess his self-reported self-

esteem on a validated and reliable scale, and subsequently use this rating to test 

relations to other psychological constructs (e.g., stress), to be able to draw conclusions 

on the association of these two constructs (e.g., higher self-esteem is related to lower 

stress) in individuals or across many individuals. Yet, such ratings do not exclusively 

reflect true score variance (i.e., the true manifestation of that person’s self-esteem), 

but rather entail variance from multiple other variance sources whose consideration 

or non-consideration, respectively, might distort relations to outcome criteria 

(Brunner et al., 2009). 

First, ratings could confound multiple domain areas. Joe might be a great athlete and 

musician, but not a great math student. Thus, his self-esteem ratings will likely differ 

from domain to domain to an overall self-esteem rating, where he might average his 

self-esteem across many domains. Yet, if we only assess Joe’s self-esteem in math, we 

cannot tell how much of that rating is affected by his general self-esteem. We also 

would not know whether his lower math self-esteem or the part in his math self-esteem 

that is higher because of his general self-esteem, is the decisive one for the relation to 

Joe’s stress ratings. Vice versa, if we only assess Joe’s general self-esteem, we do not 

know which domain areas he used as basis of information and how the different do-

mains affect his general self-esteem rating and the relation to his stress rating. 

Second, ratings might entail a large situation-specific component. We might assume 

that Joe’s self-esteem is relatively stable, such that it might seem to suffice to assess it 

once with regard to his usual, habitual self-esteem. On that trait level, self-esteem 

might be negatively related to stress.  Yet, even though his self-esteem might be rela-

tively stable across time, there will likely be some moments when he might feel better 
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or worse than usual. The relation between such momentary self-esteem and stress 

might be positive on the state level (e.g., in situations where Joe’s self-esteem is higher, 

his stress is also higher), for instance, due to performing exciting athletic challenges 

successfully. If we only assessed Joe’s self-esteem once, we would miss out on these 

daily fluctuations and relations to outcome criteria at the state level. We would not be 

able to tell how much of his self-esteem is habitual and how much is situation-specific, 

although the latter might reveal new insights into the dynamic of his experiences 

across situations in daily life.  

Third, situation ratings could be heavily influenced by subjective perceptions rather 

than the actual situation. For instance, Joe might be interpreting a situation differently 

than other people who were in that same situation. Being a mediocre math student, 

Joe might interpret receiving his recent math test score from his teacher as potentially 

self-esteem threatening because he perceives his teacher acting funny while handing 

out the graded tests, whereas his classmates do not share this impression of their 

teacher and might see this situation as an opportunity to improve their self-esteem by 

receiving good performance feedback (or at least an opportunity to identify mistakes 

to avoid in the future). Thus, if we only assessed Joe’s perspective on that situation, 

we would not be able to tell the extent to which his rating is subjective or objectively 

true. Was the teacher truly acting funny (that is, did multiple students agree on this 

perception?) or was this merely Joe’s perception who is generally anxious in the math 

classroom? Analogously, we would not be able to tell if Joe’s subjective perception or 

the objective situation is more crucial with regard to changes in his momentary self-

esteem. 

Thus, the present dissertation disentangles different variance components in three dif-

ferent ways in an educational context with the goal of improving the preciseness of 

psychological constructs’ structural representations and associations to crucial, re-

lated constructs. We disentangle (a) domain-specific from general, (b) situation-spe-

cific from habitual, and (c) person-specific from consensual construct manifestations. 

The examination of (b) and (c) was enabled by employing the experience sampling 

method (ESM; Bolger & Laurenceau, 2013), where momentary perceptions were as-

sessed repeatedly. Self-esteem and stress were only used in the introductory example 

and are not part of the dissertation. This dissertation consists of three different empir-

ical articles on a sample of German secondary school students of the ninth and tenth 
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grades of the highest ability track, thus comparable to many thousands of youth that 

are included in international large-scale assessments such as the Programme for In-

ternational Student Assessment (PISA; OECD, 2014). Thus, this dissertation draws on 

data from the larger intensive longitudinal project DynASCEL (“Dynamics of Aca-

demic Self-Concept in Everyday Life”), where students participated in a three-week 

experience sampling study that assessed their momentary academic experiences in 

everyday school life via e-diaries, as well as an exhaustive trait pre- and post-assess-

ment in paper-and-pencil format. We focus on the two key educational constructs of 

(trait) test anxiety (Article 1) and (state) students’ perceptions of instructional quality 

(Articles 2 and 3). We tested associations to the crucial, related constructs of school 

grades as achievement indicators (all Articles), academic self-concept (Article 1), trait 

students’ perceptions of instructional quality (Article 2), subject-specific interest (Ar-

ticle 2), perceived lesson-specific learning achievement (Article 3), personality traits 

(Article 3), and reasoning ability (Article 3). In doing this, the present dissertation il-

lustrates the disentanglement of different variance components by three examples to 

refine the current understanding of students’ test anxiety and perceptions of instruc-

tional quality and their relations to key student outcome criteria. 

Test Anxiety: Domain-Specificity versus Generality 

Test anxiety (TA) is a key educational construct that is negatively associated with stu-

dents’ well-being (Steinmayr et al., 2016) and achievement (Chapell et al., 2005; von 

der Embse et al., 2018) and can thus threaten long-term educational opportunities 

(Zeidner, 2020). TA can be subsumed within a set of detrimental reactions to possible 

failure in test or evaluative situations (Zeidner, 1998), and is thus also conceptualized 

as situation-specific or contextualized personality trait (Zeidner, 2020). The two TA 

dimensions of worry (e.g., failure-related ruminations) and emotionality (e.g., rapid 

heartbeat) can be distinguished (Liebert & Morris, 1967). To predict the formation of 

TA, the generalized internal/external frame of reference (GI/E) model can be used 

(Arens, Becker, & Möller, 2017; Möller et al., 2016) that stems from research on the 

academic self-concept (Marsh, 1986). Specifically, the GI/E model assumes domain-

specific achievement-based comparison processes to play a crucial role in the for-

mation of TA—both within and across different domains (e.g., the school subjects 
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math and German). First, students engage in social comparisons, externally compar-

ing their own achievement with their peers’ achievements. Social comparison pro-

cesses in the GI/E model are visible in within-domain relations. For instance, if stu-

dents reach the conclusion that their own achievement is better than their peers’ 

achievements, this will likely have a beneficial effect on their test anxiety in the same 

domain (e.g., higher math achievement is related to lower math test anxiety). The GI/E 

model also assumes that students engage in dimensional comparisons, internally com-

paring their own achievements in one domain with their own achievement in another 

domain. Dimensional comparison processes in the GI/E model are reflected in cross-

domain relations. These cross-domain relations can show to be of the same algebraic 

sign as within-domain relations (reflecting assimilation effects, e.g., higher math 

achievement is related to lower German test anxiety) or the opposite algebraic sign 

(reflecting contrast effects; e.g., higher math achievement is related to higher German 

test anxiety; Möller et al., 2016). Whether dimensional comparisons show as assimi-

lation of contrast effect is still a matter of debate, yet domain similarity is one possible 

moderator (Möller et al., 2020). In the case of math and German, domain dissimilarity 

is assumed to be the strongest, thus leading to dimensional contrast effects (Möller et 

al., 2020). See a simple illustration of the GI/E model on a unidimensional anxiety 

measure in Figure 1.1 The two processes of social and dimensional comparisons inter-

act in such a way that anxiety across domains is hardly correlated even though achieve-

ment across domains is highly correlated.  

  

                                                   

1 In the article, we implemented a two-dimensional TA measure, that assessed the dimensions of worry 

and emotionality. For the sake of simplicity, here we only display relations on a unidimensional 

measure. 
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Figure 1 

Hypothesized GI/E relations between achievement and test anxiety in two domains 

Note. MAch = Math achievement; VAch = Verbal achievement; MAnx = Math anxiety; VAnx = Verbal 

anxiety. ++ = strong positive relation, + = positive relation, -- = strong negative relation.   

Clearly, the GI/E model draws on domain-specific processes. At the same time, TA  

has been identified as a hierarchical construct that entails both domain-specific and 

domain-general components (Gogol et al., 2016; Gogol et al., 2017). In other words, 

students differ with regard to how anxious they generally are across domains in com-

parison to other students, and students differ with regard to how anxious they are in 

one domain in comparison to another domain. Yet, traditionally, studies on the GI/E 

model use first-order factor (FOF) models for representing TA and testing its domain-

specific relations to achievement (Arens, Becker, & Möller, 2017; Marsh, 1988; Schil-

ling et al., 2005) although the FOF model cannot consider general construct compo-

nents at the apex of the hierarchy (Brunner et al., 2010). Thus, domain-specific TA 

entails not only domain-specific but domain-general variance components in the FOF 

model that might distort relations to other variables (Brunner et al., 2009; Devine et 

al., 2012). See Figure 2a for an illustration of the FOF model, where domain-specific 

anxiety items are loading on their domain-specific factor only. To avoid confounding 

domain-specific and general construct components, a nested factor (NF) modeling 

strategy is suggested. The NF model represents the construct’s structure adequately, 

with a general component at the apex of the hierarchy, influencing all domain-specific 

components (Gogol et al., 2016; Gogol et al., 2017). See Figure 2b for an illustration of 

the NF model, where domain-specific items load on their domain-specific factors and 

the general factor. An additional set of general items load on the general factor exclu-

sively, defining its meaning as the reference domain (Eid et al., 2017). Importantly, 
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this modeling strategy disentangles domain-specific from general construct compo-

nents, and with this, purifies the domain-specific components by variance from the 

general anxiety factor.  

Figure 2 

Contrasting First-Order-Factor and Nested-Factor Modeling Approaches  

Note. MAnx = Math anxiety; VAnx = Verbal anxiety; gAnx = general anxiety. 

Item residual variances are not displayed for enhanced clarity. 

The first contribution (see Chapter 2) illustrates how employing the NF modeling 

strategy changes result patterns within the GI/E model (that is based on domain-spe-

cific relations) in contrast to the FOF modeling strategy. Thus, the first contribution 

takes on the first introductory example of handling imprecise ratings with regard to 

domain-specificity versus generality and its effect on predicting two dimensions of test 

anxiety within the GI/E model.  

SPIQ: Situation-Specificity versus Habituality 

Students’ perceptions of instructional quality (SPIQ) are crucial determinants of stu-

dents’ achievement and motivation (Scherer & Nilsen, 2016). The framework of Three 

Basic Dimensions (TBDs, Klieme et al., 2001) describes SPIQ in a parsimonious and 

robust way by the dimensions of teacher support (e.g., avoiding achievement pres-

sure), cognitive activation (e.g., posing challenging tasks), and classroom management 
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(e.g., handling classroom disruptions effectively). The TBDs are empirically distin-

guishable, yet interrelated dimensions that show relations to student achievement and 

motivation (Praetorius et al., 2018). The majority of studies on SPIQ are between-per-

son research designs, assessing SPIQ at one point in time and aggregating them to 

higher levels (e.g., class, school, or even country levels in large-scale assessments; 

Praetorius et al., 2018), thus drawing on interindividual variation when examining re-

lations to other variables such as student achievement. Individual SPIQ are hereby 

considered noise (Lüdtke et al., 2009). Often, however, the agreement and the relia-

bilities of SPIQ are low within classrooms and substantial amounts of variance are at-

tributable to student characteristics (Feistauer & Richter, 2017; Wagner et al., 2016). 

Additionally, assessing SPIQ at one point in time also implicitly assumes that SPIQ are 

highly stable across time, although the classroom is a dynamic context (Curby et al., 

2011; Praetorius et al., 2014). A longitudinal study has identified a substantial time-

specific component within SPIQ of the same students rating the same teacher (Wagner 

et al., 2016) which was corroborated by two experience sampling studies (Goetz et al., 

2013; Goetz et al., 2020). This intraindividual variation (i.e., differences in SPIQ 

within students across points in time) stands in contrast to the interindividual varia-

tion (i.e., differences in SPIQ between different students) described above (Molenaar, 

2004; Murayama et al., 2017). See Figure 3 for an illustration of interindividual and 

intraindividual variance. Stemming from real data assessed in the project, the Figure 

displays students’ perceptions of teacher support across a maximum of 16 measure-

ment points in mathematics lessons. Both students (IDs 191 and 192) were rating the 

same teachers’ behavior in the same lessons on a scale from 0 to 5. Interindividual 

variance is visible in differences between the students, for instance, regarding meas-

urement point 11, where the student with the ID 191 rates their teachers’ support with 

3.5 rather high whereas their classmate with the ID 192 perceives zero support in that 

same lesson. Intraindividual variance pertains to within-student processes from les-

son to lesson. Here we see a rather stable rating pattern in student 191 until lesson 13, 

where they start fluctuating in their SPIQ. In contrast, student 192 is fluctuating in 

their perceptions from the beginning and shows missing data in the last few measure-

ment points. 

Figure 3 

Two Classmates’ Perceived Teacher Support Across 16 Measurement Points 
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To uncover such within-student dynamics across time, the experience sampling 

method (ESM; Bolger & Laurenceau, 2013) was used that assessed lesson-specific, 

state SPIQ in the classroom (in contrast to habitual, trait SPIQ). ESM entails the re-

peated measurement of momentary individuals’ daily life experiences in their natural 

environments, thus eliminating retrospective biases and enhancing ecological validity, 

and, importantly, enabling the investigation of psychological processes (Trull & Eb-

ner-Priemer, 2014). Due to repeated measurements within individuals, this method 

creates dependencies in the data that call for methods to adequately handle such hier-

archical data at different levels when it comes to analysis (i.e., multilevel models; Hox 

et al., 2018). Assessing state SPIQ in shared situations (lessons) for all study partici-

pants created a cross-classified data structure, where measurement points (Level 1) 

are nested both within students (Level 2a) and lessons (Level 2b), that are, in turn, 

nested within classrooms (Level 3). See Figure 4 for an illustration of this hierarchical, 

cross-classified data structure. Adequate methods disentangle the variance compo-

nents attributable to each level. 
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Figure 4 

Hierarchical, Cross-Classified Data Structure of State SPIQ 

 

Note. State SPIQ assessed in repeated measurement points (Level 1) are nested within students (Level 

2a; i.e., measurement points within students are more similar than measurement points across different 

students) and lessons (Level 2b; i.e., measurement points within lessons (across students) are more 

similar than measurement points across lessons), which are both nested within classes (Level 3). Nest-

ing within the Between-Lesson Level (Level 2b) are represented in dashed lines because they were con-

trolled for, but not explicitly examined.  

Thus, the traditional way of assessing SPIQ cross-sectionally and relating aggregated 

SPIQ means to other variables of interest neglects the student and their perceptions’ 

dynamics. In more general terms, assessing ratings at one point in time does not allow 

for the differentiation of situation-specific and habitual components within that rat-

ing. Further, the construct structure and associations to other variables can differ 

across the types of variation (Molenaar, 2004). The second contribution (see Chapter 

3) illustrates how ESM data provides the opportunity of assessing situation-specific, 

state ratings and disentangling them from habitual, trait ratings to gain insight into 

the extent of construct stability and variability across time. With this, the second con-

tribution takes on the second introductory example of handling imprecise ratings with 

regard to situation-specificity versus habituality in SPIQ and relations to student 

achievement and motivation. 
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SPIQ: Person-Specificity versus Consensus 

The finding that SPIQ, that are supposed to reflect teachers’ instructional behavior, 

are influenced by the student rater (Feistauer & Richter, 2017; Wagner et al., 2016) 

casts some doubts on SPIQ’s validity, especially when keeping in mind that SPIQ are 

one of the most important sources of information on teaching effectiveness at the 

country level (OECD, 2014). For instance, Lazarides and Ittel (2012) identified four 

distinct perception patterns in mathematics instruction (e.g., students who perceived 

overall low instructional quality across all assessed dimensions) that were differen-

tially related to gender, subject-specific interest and self-concept (e.g., students who 

belonged to the overall low quality perception cluster reported lower interest, self-con-

cept and were more likely to be female). Thus, SPIQ cannot be implicitly assumed to 

reflect reality. To estimate the degree of subjectivity versus objectivity within SPIQ, 

and with this, to corroborate the validity of SPIQ, usually, other information sources 

are needed, for instance, video recordings that are subsequently rated by external 

raters (e.g., Praetorius et al., 2014) or teachers’ self-perceptions (e.g., Wisniewski et 

al., 2022). Due to economic reasons, such designs are not always feasible. Gathering 

state perceptions of all students in shared lessons in the classroom using ESM, how-

ever, provides the unique opportunity to estimate the degree of subjectivity (or person-

specificity) within SPIQ in relation to the class mean (or consensus in the classroom). 

Specifically, one can draw on works from situation research, where relations between 

people and the situations, they find themselves in, are of special interest (Rauthmann, 

2021). By assessing shared perceptions of the situation (in our case, shared percep-

tions of instructional quality) by multiple agents that are present in that situation (in 

our case, lesson), shared, overlapping perceptions can be disentangled from idiosyn-

cratic perceptions that are usually confounded within the raw rating (Rauthmann & 

Sherman, 2019). Figure 5 illustrates how individual SPIQ entail components that over-

lap with their classmates’ (i.e., consensual perceptions) and ones, that differ from their 

classmates’ (i.e., person-specific, idiosyncratic perceptions) in a class with x students.  
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Figure 5 

Illustration of Idiosyncratic and Consensual Components within SPIQ 

 

The differentiation between idiosyncratic and consensual SPIQ is possible by employ-

ing ESM, as we do not deal with data that is assessed with a vague time reference (e.g., 

“usually”) but targeted at lesson-specific instructional behavior. The overlapping, con-

sensual class perceptions best approximate actual instructional quality (i.e., if all stu-

dents in the classroom agree on something, it is intersubjective and therefore approx-

imates true instructional quality). The parts of individual SPIQ that do not overlap 

with class SPIQ are purely idiosyncratic SPIQ (i.e., person-specific). Instead of using 

the raw state SPIQ ratings that confound consensual and idiosyncratic components, 

these different components are disentangled from each other. Relations to a subjective 

lesson-specific student achievement indicator are tested separately for each compo-

nent to examine possible differential relations. For instance, if only the idiosyncratic 

perception of students is related to achievement, but not the consensual perception, 

this suggests that the individual interpretation of instructional behavior in a certain 

way is more crucial for one’s achievement than what all students agree on. To find out 

if certain groups of students differ in their perceptions (e.g., more agreeable students 

might tend to agree more with their classmates) and if certain groups of students differ 

in their relations between SPIQ and achievement (e.g., the relation between SPIQ and 

achievement might be stronger for students higher in negative emotionality), student 

personality traits are investigated as predictors and moderators. This approach allows 

for an estimation of the relative role of the personal reality versus the social reality 

(Rauthmann & Sherman, 2019) on student’s perceived short-term learning achieve-

ment.  
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While the former contribution (Chapter 3) acknowledged the important role of the 

student rater in SPIQ, it did so by focusing on within-student, temporal fluctuations. 

The present, third contribution (see Chapter 4) does so by zooming into specific situ-

ations (i.e., lessons) where lesson-specific dynamics are examined with the classroom 

and the classmates as frame of reference. By doing this, the third contribution takes 

on the third introductory example of handling imprecise ratings with regard to person-

specificity versus consensus and its relations to perceived lesson-specific achievement 

and personality traits. 

The Goal of the Present Dissertation 

The present dissertation thus aims at demonstrating how raw ratings entail many dif-

ferent variance components that traditional means of modeling or data assessment 

cannot disentangle. This is done by three examples in three different research articles 

(out of which one is published, one is accepted for publication and one is to be submit-

ted) that are organized within chapters in logical order. The first example pertained to 

the assessment of only domain-specific construct manifestations. In the case of hier-

archical constructs, these domain-specific manifestations include domain-general 

components whose non-consideration can distort relations to outcome criteria. This 

is demonstrated by the use of nested-factor modeling (in contrast to first-order factor 

modeling) on a two-dimensional (worry and emotionality; Liebert & Morris, 1967) 

measure of test anxiety in two core subjects (mathematics and German). Relations to 

academic self-concept and student achievement are illustrated in dependence on the 

modeling strategy (Chapter 2). The second example pertained to the assessment of 

construct manifestations at one point in time that are aggregated to higher levels of 

analyses. This procedure lacks temporal and individual information. Traditional lon-

gitudinal studies show some advantages over cross-sectional studies, yet, they are also 

unable to differentiate situation-specific from habitual components. This problem is 

resolved by an intensive longitudinal study via experience sampling that enables the 

differentiation of state versus trait-like components in three basic dimensions (teacher 

support, cognitive activation, classroom management; Klieme et al., 2001) of students’ 

perceptions of instructional quality in four subjects (math, physics, German, English). 

Aggregated state and trait relations to student achievement and motivation are illus-
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trated (Chapter 3). The third example pertained to the assessment of only one situa-

tion perception that does not allow for an estimation of person-specificity versus con-

sensus, where usually, both components are confounded in one raw rating. To resolve 

this, perceptions of all students within a class regarding the same instructional quality 

in the same lessons are assessed and consensual perceptions were disentangled from 

idiosyncratic perceptions in mathematics instruction. Relations to perceived lesson-

specific achievement and personality traits for each SPIQ component are illustrated 

(Chapter 4).  

The data was assessed within the intensive longitudinal DynASCEL project (“Dynam-

ics of Academic Self-Concept in Everyday Life”) that investigated academic experi-

ences of German secondary school students (ninth and tenth grades) of the highest-

ability track in their daily school life. This data is particularly rich in the way that the 

student sample is comparable to students assessed in large-scale assessments world-

wide (OECD, 2014). Further, not only exhaustive trait variables were assessed at two 

measurement points, but an experience sampling phase was incorporated that pro-

duced many thousands of measurement points in four core school subjects that pro-

vide valuable insight into lesson-to-lesson variation of key educational constructs such 

as perceived instructional quality. 18 entire classrooms from six different schools from 

four German states were assessed that allowed for the inclusion of class-specific 

frames of reference in a multicenter design. Taken together, this project considerably 

advances insight into students’ stable and dynamic experiences in the classroom. 
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Domain-Specific Test Anxiety:  

A Nested Factor Modeling Approach 
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2. Social and Dimensional Comparison Effects 
in General and Domain-specific Test Anxi-
ety: A Nested Factor Modeling Approach 

 

Abstract 

The generalized internal/external frame of reference (GI/E) model assumes social and 

dimensional achievement comparisons to form self-perceptions. These domain-spe-

cific comparisons have been shown to shape two facets of test anxiety (i.e., worry and 

emotionality) both directly and indirectly through academic self-concepts. However, 

examinations of such domain-specific relations have rarely integrated general compo-

nents, although the hierarchical nature of both test anxiety and academic self-concept 

is well-known. Thus, the present study implemented a nested factor modeling ap-

proach. We examined social and dimensional comparison effects on worry and emo-

tionality as well as mediation effects of academic self-concepts in the math and verbal 

domains while controlling for general components. We contrasted this approach with 

the conventionally used first-order factor model where general components were not 

considered. Data from N = 348 German secondary school students (Mage = 15.3 years, 

Grades 9-10) were analyzed using structural equation models. Direct negative within-

domain and positive cross-domain achievement-anxiety relations emerged, yet, the 

pattern of cross-domain relations changed across modeling approaches. Only the 

nested factor model showed indirect cross-domain mediation relations. Our findings 

suggest the importance of structural representations of hierarchical constructs. The 

nested factor model approach enhanced predictions within the GI/E model, particu-

larly those related to dimensional comparisons. 

Keywords: Test anxiety; worry; emotionality; structural equation modeling; nested 

factor model; generalized internal/external frame of reference model 
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Introduction 

Test anxiety (TA) comprises a set of detrimental reactions to potential failure in eval-

uative situations (Zeidner, 1998). Such reactions can ultimately lead to severe educa-

tional disadvantages (Zeidner, 2020). Major research efforts have been devoted to pre-

dicting TA with the goal of preventing this experience and creating effective interven-

tions (von der Embse et al., 2013). To predict TA, domain-specific achievement-based 

comparison processes can be drawn on (Arens, Becker, & Möller, 2017; Marsh, 1988; 

Schilling et al., 2005; Streblow, 2004). Using the internal/external frame of reference 

(I/E) model, social (e.g., “How good am I in math compared with my classmates?”) 

and dimensional (e.g., “How good am I in math compared with German?”) compari-

son processes were postulated to shape the formation of the domain-specific academic 

self-concept (ASC; Marsh, 1986). ASC is typically defined as students’ self-perceptions 

of their own competence (Marsh & Craven, 2006). In extending the I/E model to the 

generalized I/E (GI/E) model (Möller et al., 2016), TA was included as an outcome 

variable. Generalizing results from ASC research to TA research is facilitated on the 

basis of a link between the two constructs that comprises causality (i.e., ASC as deter-

minant of TA; Marsh, 1988; see also Schilling et al., 2005) and structural similarities 

(i.e., hierarchical structure with general component at the apex; Gogol et al., 2016).  

Domain-specificity plays a pivotal role in these social and dimensional comparison 

processes within the GI/E model. Regarding TA, however, general (e.g., Cassady & 

Johnson, 2002) and domain-specific (e.g., Sparfeldt et al., 2005) approaches seem to 

coexist in parallel. These are rarely combined, even though the consideration of gen-

eral TA can alter domain-specific achievement-anxiety relations (Devine et al., 2012). 

Methodologically, the consideration of a hierarchical general factor can be achieved 

with a nested factor (NF) model (Gogol et al., 2016; Gogol et al., 2017, for ASC see also 

Arens et al., 2021; Brunner et al., 2009; Brunner et al., 2010). In this model, general 

variance is distinguished from domain-specific variance, which seems suitable with 

regard to the domain-specific processes that the GI/E model examines. 

The overarching objective of the present study is therefore the application of the NF 

model within the GI/E framework. Specifically, domain-specific social and dimen-

sional comparison processes regarding the TA facets (i.e., worry and emotionality) in 
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the math and verbal domains are investigated, while controlling for general TA. In do-

ing so, we examined both direct achievement-anxiety paths and indirect mediation 

paths through the ASC while controlling for general ASC. To illustrate differences be-

tween this model and the conventional choice of modeling strategy, we contrasted our 

NF model against a first-order factor (FOF) model in which general components were 

not considered and general variance was subsumed in domain-specific components. 

To achieve this, we first give an overview on the structure of TA and reiterate theoret-

ical and empirical considerations for the inclusion of TA (facets) as outcome in the 

GI/E model, before introducing the NF model and proposing its application in inves-

tigating social and dimensional comparison effects in the GI/E model. 

The Structure of Test Anxiety (TA) 

Exam- or test-related concerns about failure or negative consequences can be seen in 

a set of detrimental phenomenological, physiological, and behavioral responses de-

noted as TA (Zeidner, 1998). TA is of high interest to researchers and practitioners due 

to its detrimental associations with academic achievement (Barroso et al., 2021; Hem-

bree, 1988; von der Embse et al., 2018), and subjective well-being (Steinmayr et al., 

2016). In the light of these relations, efforts have been directed towards investigating 

TA to enhance the understanding of its structure and antecedents. 

Multidimensionality 

In general, multidimensionality can be conceived with regard to different aspects, for 

instance, multidimensionality in terms of domain-specificity and multidimensionality 

in terms of different construct components or facets (Arens et al., 2011). Multidimen-

sionality in terms of domain-specificity is discussed in detail in the paragraph on TA’s 

hierarchy (see Section Hierarchy: Domain-Specificity and Generality), contrasting do-

main-specific and general approaches to TA. Here, we discuss multidimensionality in 

terms of different construct facets. Liebert and Morris (1967) identified two funda-

mental facets of TA, worry and emotionality. To date, there is a wide agreement on 

these two facets (e.g., Zeidner, 2020). Worry as the cognitive facet encompasses neg-

ative self-talk and failure-focused expectations or cognitions and generally shows 

stronger negative relations with academic achievement (e.g., Hembree, 1988; Stein-



Test Anxiety in a Nested Factor GI/E Model 19 

mayr et al., 2016; von der Embse et al., 2018). Emotionality refers to perceived auto-

nomic hyperarousal (e.g., rapid heartbeat or sweating) or feelings of nervousness 

(Morris et al., 1981). Worry and emotionality tend to be moderately correlated with 

each other but are conceptualized as two separate TA dimensions that respond to dif-

ferent stimuli in evaluative situations (Morris et al., 1981). This two-dimensional facet 

distinction has received consistent empirical support (e.g., Gogol et al., 2017; Hem-

bree, 1988; Sparfeldt et al., 2013).  

Hierarchy: Domain-Specificity and Generality 

Multidimensionality in terms of domain-specificity has been investigated in TA, where 

both general approaches, assessing TA with regard to test situations in general (e.g., 

Cassady & Johnson, 2002) and domain-specific approaches, assessing TA with regard 

to specific domains or subjects (e.g., Sparfeldt et al., 2005) are present in the literature. 

Without discounting the general nature of TA, the importance of considering different 

anxiety contexts has been emphasized throughout, visible in the conceptualization of 

TA as a situation-specific or contextualized personality trait (see Zeidner, 2020). Ac-

cordingly, distinct domain (i.e., school subject) factors need to be considered in both 

TA facets, worry and emotionality (Sparfeldt et al., 2005). Yet, employing distinct do-

main-specific factors only (i.e., not considering general manifestations) cannot ade-

quately represent the hierarchical structure of TA. Pointing out the importance of con-

sidering general and domain-specific manifestations simultaneously, Devine et al. 

(2012) reported changes in the pattern of results in achievement-anxiety relations 

when controlling for general anxiety levels. 

The Link Between TA and ASC 

Some of these construct characteristics (i.e., multidimensionality, domain-specificity, 

generality, hierarchy) apply not only to TA (i.e., phenomenological, physiological, and 

behavioral reactions associated with possible failure in tests or other evaluative situa-

tions; Zeidner, 1998), but also ASC (i.e., students’ self-perceptions of their own com-

petence; Marsh & Craven, 2006)—a key determinant of student achievement (Möller 

et al., 2020). The link between TA and ASC is discussed with regard to (a) structural 

similarities between TA and ASC, (b) causal relations between TA and ASC, and (c) the 

transfer of ASC to TA research. Similar to TA, (a) the structure of ASC has been subject 
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to investigation (e.g., Brunner et al., 2010; for an overview of different structural mod-

els and their implications see Arens et al., 2021). Some recent works have placed em-

phasis on structural similarities of TA and ASC: Specifically, both constructs were par-

alleled with regard to their domain-specific structure with a general component at the 

apex of the hierarchy (Gogol et al., 2016; Gogol et al., 2017)1. Further, (b) a causal link 

between TA and ASC has been discussed with ASC as predictor of TA (i.e., low [high] 

ASC leading to higher [lower] TA in the same domain; Marsh, 1988). Empirical evi-

dence for negative relations between ASC and TA has repeatedly been reported (Ah-

med et al., 2012; Gogol et al., 2017; von der Embse et al., 2018). Despite presumed 

reciprocal relations between ASC and TA, the effect of ASC on TA seems to be more 

crucial (Schilling et al., 2005). Correspondingly, achievement-TA relations have been 

shown to be mediated through ASC (Arens, Becker, & Möller, 2017; Schilling et al., 

2005). Finally, (c) on the basis of a causal relationship between TA and ASC, Marsh 

(1988) first suggested a possible application of ASC research-derived results to TA: “If 

self-concept is a causal determinant of anxiety, then processes affecting self-concept 

should also affect anxiety” (p. 139). In particular, this has been done with regard to the 

GI/E model.  

The Generalized Internal/External Frame of Reference (GI/E) Model 

The observation that math and verbal ASCs were nearly uncorrelated despite the sub-

stantial correlations of math and verbal achievement indicators led to the development 

of the I/E model that aimed to explain the formation of ASCs through achievement-

based social and dimensional comparison processes (Marsh, 1986). The I/E model was 

later extended to the so-called the GI/E model (Möller et al., 2016) such that con-

structs other than ASC (i.e., in our case TA) could be considered as outcome variables 

                                                   

1 In addition and analogously to TA, one could also distinguish an affective and a cognitive facet in ASC 

as another similarity between the two constructs (see Arens et al., 2011). In the present study, however, 

we defined ASC as self-perceptions of competence, emphasizing its cognitive nature.  
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of these comparisons. Within the GI/E model, where multiple domains are consid-

ered, the social and dimensional comparisons show in the direct within and cross-do-

main paths.  

Direct Paths: Social and Dimensional Comparisons 

When engaging in social comparisons, students draw on an external frame of reference 

and compare their achievement in one domain with relevant others’ achievements in 

the same domain (Möller et al., 2016). Social comparison effects thereby appear as 

negative within-domain achievement-anxiety relations (e.g., higher math achievement 

is related to lower math TA; Arens, Becker, & Möller, 2017). Dimensional comparisons 

require an internal frame of reference as students compare their own achievements 

across domains (Möller et al., 2016; Möller & Marsh, 2013). Dimensional comparison 

effects appear as positive cross-domain achievement-anxiety relations (e.g., higher 

math achievement is related to higher German TA; Arens, Becker, & Möller, 2017).  

With regard to the ASC, empirical support for GI/E-hypothesized comparison pro-

cesses is ample (see meta-analysis by Möller et al., 2020). With regard to TA, evidence 

for GI/E-hypothesized social comparison effects on worry and emotionality has been 

consistent, whereas evidence for dimensional comparison effects has been tied to 

math but not verbal TA (Arens, Becker, & Möller, 2017; Schilling et al., 2005). In an-

other study, dimensional comparison effects were observed in the verbal domain , yet 

applied to a measure of TA that did not differentiate between the worry and emotion-

ality components (Marsh, 1988). Another study identified social comparison effects in 

math and two verbal domains, as well as dimensional comparison effects between one 

verbal domain (i.e., French) but not another verbal domain (i.e., German) and math 

anxiety, and between the two verbal domains in a multilingual context (van der 

Westhuizen et al., 2022). These findings were derived using a unidimensional measure 

of TA, that is not differentiating different facets. Thus, there is some evidence for the 

relevance of social and dimensional comparison processes in the formation of domain-

specific TA. To gain further insight into the mechanism of these processes, mediation 

analyses have been conducted using the ASC as mediator.  

Indirect Paths: Mediation via Academic Self-Concept (ASC) 
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Based on theoretical assumptions (i.e., school grades as source for self-perceptions of 

academic competence that in turn influence further socio-affective variables such as 

TA) and empirical relations between achievement and ASC on the one hand (Möller et 

al., 2020), and between ASC and TA on the other hand (see Section The Link Between 

TA and ASC), the possible mediation of achievement-anxiety relations through ASC 

seems straightforward. Accordingly, some empirical support has been reported 

(Arens, Becker, & Möller, 2017; Schilling et al., 2005). In the GI/E model, the media-

tion of social comparisons is indicated by substantial indirect within-domain paths 

(e.g., between achievement in math and TA in math through the math ASC) and the 

algebraic sign of the indirect path would be negative (i.e., multiplying a positive 

within-domain achievement-ASC relation with a negative  within-domain ASC-TA re-

lation). Inversely, the mediation of dimensional comparisons is indicated by substan-

tial indirect cross-domain paths (e.g., between achievement in math and TA in Ger-

man through the German ASC) and the sign of this indirect path would be positive 

(i.e., multiplying a negative cross-domain achievement-ASC relation with a negative 

within-domain ASC-TA relation).  

Arens, Becker, and Möller (2017)reported significant indirect paths for both social and 

dimensional comparisons in both the math and verbal domains. (Schilling et al., 2005) 

reported significantly lower direct achievement-anxiety relations after including ASCs, 

that did not reach statistical significance in the verbal domain, suggesting differential 

mediation effects in both domains. Hence, evidence for a mediation of GI/E-based 

achievement-anxiety relations through ASCs is provided, yet worth replicating. In ad-

dition, even though all hypothesized relations within the GI/E model relate to domain-

specific construct manifestations, the structural representation of TA and ASC imple-

mented in these studies (Arens, Becker, & Möller, 2017; Marsh, 1988; Schilling et al., 

2005; van der Westhuizen et al., 2022) did not allow for a precise disentanglement of 

different domain-specific construct components (e.g., a clear differentiation of math 

anxiety from verbal anxiety or general anxiety). To prevent a conglomeration of differ-

ent domain-specific and general construct components that blur the examination of 

strict within- and cross-domain relations within the GI/E model, we argue for adapt-

ing the constructs’ structural representations. 

Structural Representation Within Nested Factors 
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To best represent the multidimensional and hierarchical construct structure of both 

TA and ASC, we chose a nested factor (NF) model (Gustafsson & Balke, 1993). This 

model can be used to decompose a given manifestation (e.g., math worry) into its gen-

eral component, its domain-specific component, and measurement error (Eid et al., 

2017). A general factor is specified to influence all (general and domain-specific) items, 

whereas domain-specific factors are specified to additionally influence their respective 

domain-specific items. The general factor serves as the reference domain, that is, the 

general items do not form their own domain-specific factor but load directly on the 

general factor along with all the other domain-specific items. Domain-specific factors 

are interpreted as residual factors (i.e., the part of the domain-specific manifestation 

that is not accounted for by the general component) and are thus uncorrelated with 

the general factor. Different domain-specific factors can correlate. This model is also 

referred to as the bifactor (S-1)-model because it has one domain-specific factor less 

than the number of domains that are included (Eid et al., 2017). 

The NF model has been validated with regard to the ASC (i.e., Nested 

Marsh/Shavelson Model; Arens et al., 2021; Brunner et al., 2009; Brunner et al., 

2010). Given the structural similarities of ASC and TA, it has been applied to TA as 

well (Gogol et al., 2016; Gogol et al., 2017). The NF model takes account of general 

manifestations operating at the apex of domain-specific manifestations (Brunner et 

al., 2010). In contrast to a higher-order factor model, where all domain-specific latent 

factors load on a higher-order latent general factor, the NF model shows superior 

model fit when correlations between the domain-specific factors are low (Arens et al., 

2021). The NF model thus offers flexibility in representing relations between domain-

specific factors as positive, negative, or zero, while retaining the meaning of the gen-

eral factor due to its defined reference domain irrespective of the number and scope 

of the domains that are included (Eid et al., 2017). 

Yet, within the GI/E model, the predominant modeling strategy is the  first-order fac-

tor (FOF) model in which domain-specific items load on their respective domain-spe-

cific factors only. Hierarchical structures cannot be represented in this model (Arens 

et al., 2021). The domain-specific factors in the FOF model represent a mixture of gen-

eral and domain-specific variances, which can distort relations with correlates (Brun-

ner et al., 2009). In contrast to this mixture, in the NF model, domain-specific factors 

have a clear meaning and operate independently from general levels. This separation 
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seems fruitful particularly in the GI/E framework in which the domain-specific rela-

tions are of upmost interest. 

The Present Study 

In the present study, we therefore demonstrated the application of the NF modeling 

approach in investigating relations in the GI/E model in contrast to the widely used 

FOF models. Specifically, we examined the role of social and dimensional comparisons 

in the formation of the TA facets worry and emotionality while disentangling general 

and domain-specific components to purify domain-specific relations—the core of the 

GI/E model. Contrasting the FOF to the NF models within the GI/E framework al-

lowed us to examine the difference in result patterns concerning (mediated) social and 

dimensional comparison effects on the two TA facets in dependence on the modeling 

strategy. In other words, we controlled for the influence of general TA and ASC levels 

on domain-specific TA and ASC manifestations and with this, potentially draw a more 

complete picture of social and dimensional comparisons—comparisons that students 

naturally engage in and thus hold important implications both on theoretical (e.g., in-

vestigating the strength of dimensional comparisons when general levels are con-

trolled for) and practical grounds (e.g., adjusting psychoeducation in TA interven-

tions). 

A careful synthesis of the current literature indicated that our study is the first one to 

examine direct and ASC-mediated social and dimensional comparison effects on the 

TA facets worry and emotionality in the math and verbal domains in the GI/E model 

(Arens, Becker, & Möller, 2017; Schilling et al., 2005), that controlled for general TA 

and ASC using an NF modeling strategy (Gogol et al., 2016; Gogol et al., 2017).  

In our first research question (RQ), we aimed to replicate findings reported in previous 

studies (Arens, Becker, & Möller, 2017; Schilling et al., 2005) that used FOF models to 

observe social comparison effects of grades as achievement indicators on facets of TA 

in both math and German and dimensional comparison effects on facets of TA in Ger-

man secondary school students. Further, in Arens, Becker, and Möller (2017), all di-

rect achievement-TA paths were fully mediated by ASC in both domains, whereas 

Schilling et al. (2005) reported full mediations in German and partial mediations in 

math.  
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RQ1: Replication. Can prior work (Arens, Becker, & Möller, 2017; Schilling et 

al., 2005) be replicated with regard to (a) FOF GI/E model relations 

and (b) FOF mediated GI/E model relations? 

Second, we addressed our focal RQ, which aimed at investigating social and dimen-

sional comparison effects on facets of TA when controlling for general manifestations 

in the NF model. In doing so, we examined direct paths between grades and facets of 

TA as well as indirect, ASC-mediated paths. Hereby, general TA and ASC were con-

trolled for within nested factors. Hence, this RQ addressed the question of whether 

domain-specific social and dimensional comparisons influence facets of TA irrespec-

tive of general TA and whether these relations are mediated by domain-specific ASCs 

when controlling for general ASC. 

RQ2: Extension. Can (a) GI/E model relations and (b) mediated GI/E model 

relations be detected when employing the NF modeling approach? How 

will (c) statistical predictions differ across the NF versus FOF models? 

Third, the NF models include additional paths that are not formalized in the original 

GI/E model. Transferring domain-specific processes to general processes, we exam-

ined relations between achievement and general facets of TA, as well as their media-

tion by general ASC. 

RQ3: Ancillary. How do additional paths between grades and general worry 

and emotionality show in the NF GI/E model, and are these paths me-

diated by general ASC in the NF mediated GI/E model? 

Method 

Procedure and Participants 

The present work is part of the larger “Dynamics of Academic Self-Concept in Every-

day Life” (DynASCEL) project (Niepel et al., 2022) on students’ perceptions of aca-

demic competence and learning environments, where an intensive longitudinal expe-

rience sampling design was embedded in a paper-and-pen pre- and post-assessment. 

In the present study, only selected data from the pre-assessment were relevant for our 
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research questions.2 We recruited a convenience sample of N = 348 German second-

ary school students (43.1% of whom were male students based on n = 340 students 

with available gender information) attending the ninth (n = 288) and 10th (n = 60) 

grades of the highest ability track (i.e., the German Gymnasium). Students were 

nested within 18 classrooms from six schools located in four different German federal 

states (i.e., Baden-Württemberg, Mecklenburg-Vorpommern, Nordrhein-Westfalen, 

Rheinland-Pfalz). Participants reported a mean age of 15.3 years (SD = 0.66, 

Range = 13.3 to 17.4 years; based on n = 335). Student clusters within classrooms were 

stable across school subjects and across school grades, such that students were asked 

to refer to the same math and German test situations. The APA Ethics Code (American 

Psychological Association, 2020) was considered in all stages of the research process 

to ensure scientific accuracy whilst protecting the rights and welfare of the minor par-

ticipants. Specifically, student participation was voluntary, participants could with-

draw from the study at any time without stating any reasons and without facing any 

negative consequences, and written parental consent was obtained for all participating 

students. Students, parents, and schools were exhaustively informed on the study’s 

purposes and subsequent data processing. All measures and procedures were ap-

proved by the local ethics review panel of the University of Luxembourg and by all 

involved education authorities in the respective four German federal states.  

Measures 

Test Anxiety (TA) 

TA was assessed with general (i.e., school in general) and domain-specific (i.e., math 

and verbal domains) adaptations of worry and emotionality items based on the Ger-

man Test Anxiety Inventory (TAI-G; Hodapp, 1991; Hodapp et al., 2011). Following 

the introduction “In evaluative situations (e.g., tests, written or oral examinations),” 

                                                   

2 Data from the larger research project, including data used in the present study, have been and will be 

used in other manuscripts, yet addressing different research questions (e.g., see Dörendahl et al., 2021; 

Franzen et al.2022; Hausen et al., 2022). 
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students responded to the five parallel-worded item stems for worry (e.g., “I worry 

about my results”) and emotionality, each (e.g., “I feel anxious”). The items were pre-

sented in a grid format as first introduced by Rost and Sparfeldt (2002), where the 

item stems were presented in rows with a placeholder “...” (for the target domain), and 

the target domains (i.e., school, math, German) were presented in columns. The stu-

dents related the items stems from the rows to the target domain in the column and 

responded using a 6-point Likert scale in the cells of the grid, ranging from 1 (almost 

never) to 6 (almost always) such that higher scores represented higher TA (see also 

Sparfeldt et al., 2005; Sparfeldt et al., 2013). Domain-specific worry and emotionality 

ratings presented in this format have been shown to be reliable with ω coeffi-

cients ≥ .91 and measurement invariant across school subjects (Schneider et al., 

2022). 

Report Card Grades 

Students reported their math and German grades from their last report card, which 

we used as academic achievement indicators. Self-reported and actual grades tend to 

be highly correlated in German school student samples, indicating the reliability and 

validity of self-reported grades (r ≥ .91, Sparfeldt et al., 2008; see r ≥ .76 for grades 9 

and 10 in a German-speaking Swiss sample reported by Sticca et al., 2017 and r = .88 

for grades 7 and 8 across three German school tracks reported by Dickhäuser & Plen-

ter, 2005). School grades in Germany are measured on a 6-point Likert scale, which 

we recoded so that higher values corresponded with higher achievements, ranging 

from 1 (insufficient) to 6 (excellent). 

Academic Self-Concept (ASC) 

General (i.e., school in general) and domain-specific (i.e., math and verbal domains) 

ASCs were assessed using six parallel-worded items each, which were based on the 

well-validated and reliable Self-Description Questionnaire (SDQ; Marsh et al., 1983) 

and the short scale by Gogol et al. (2014). An example item is “I am good at [most 

school subjects] / [math] / [German].” Gogol et al. (2014) reported reliability coeffi-

cients of ω ≥ .75 for their three-item short scales. Items were rated on a 6-point Likert 

scale ranging from 0 (does not apply at all) to 5 (completely applies) such that higher 

values indicated higher ASCs. 
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Statistical Analyses 

Statistical analyses were performed within the structural equation modeling (SEM) 

framework using the software package Mplus 8.3 (L. K. Muthén & Muthén, 1998-

2017). To adjust standard errors for the nonindependence of observations because stu-

dents were clustered in classrooms, we used the “TYPE = COMPLEX” option. Corre-

lated uniqueness was considered by allowing for correlated residual variances between 

parallel-worded items. We used the MLR estimator to obtain robust standard errors 

and deal with missing data (Kaplan, 2009; L. K. Muthén & Muthén, 1998-2017). The 

percentages of missing values ranged from 1.7% to 3.2% for worry, 2.6% to 4.9% for 

emotionality, and 2.3% to 3.7% for ASC across domains. 4.3% and 5.2% were missing 

in grades in math and German, respectively.  

To reduce the complexity and support the power of the model, we (a) reduced the 

number of indicators per factor (Rick H. Hoyle & Gottfredson, 2015), selecting three 

items for each TA facet and ASC out of the larger item sets based on the size of the 

factor loadings (see also Marsh et al., 2006).3 Such short scales have been shown to 

measure TA and ASC reliably (Gogol et al., 2014). Further, we (b) adopted a two-step 

approach (Anderson & Gerbing, 1988), in which we, first, conducted confirmatory fac-

tor analyses based on which we extracted values for factor loadings, item residual var-

iances, and exogenous factor variances. Second, we fixed these parameters to these 

values when specifying the structural models. To enter school grades as latent single-

item factors, we followed the procedure illustrated by Kline (2016), fixing factor load-

ings to 1 and fixing residual variances to constant values that were derived from the 

indicators’ empirical sample variance and the reliability estimate reported in previous 

work (Sparfeldt et al., 2008).  

                                                   

3 To test the robustness of our results, we additionally ran all models with the respective full item sets. 

Descriptively, the model fits were lower compared with the models using three-item scales (i.e., 

CFI ≥ .939, RMSEA ≤ .061, SRMR ≤ .062). The pattern of significant within- and cross-domain paths 

was identical across models using three items versus models using the full item sets. 
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To estimate the replicability of result patterns in the FOF model (RQ1), we specified 

the FOF GI/E model with domain-specific grades as predictors, domain-specific worry 

and emotionality as criteria, and within- or cross-domain regression paths between 

each predictor and each criterion. Importantly, domain-specific factors influenced 

their corresponding domain-specific indicators only (see Figure 1a). In the FOF medi-

ated GI/E model, domain-specific ASCs were included as mediator variables. Indirect 

relations were requested using the “MODEL INDIRECT” option in Mplus. Analogous 

to Arens, Becker, and Möller (2017), we focused on the paths for which the ASC and 

TA facets belonged to the same domain. To estimate the sizes of the indirect effects, 

we calculated squared standardized indirect path coefficients as measures of explained 

variance in accordance with Lachowicz et al.’s (2018) recommendations. Thus, cut-off 

criteria for proportions of explained variance were applied (i.e., small = 2%, me-

dium = 15%, large = 25%; Cohen, 1988).  

To investigate GI/E-hypothesized relations while controlling for general components 

(RQ2), we next implemented the NF modeling approach by adding general factors (the 

S-1 specification according to Eid et al., 2017). To this end, domain-specific (i.e., math 

and German) worry and emotionality items were specified to load on their respective 

domain-specific latent factors. In addition, we specified general factors, which influ-

enced all worry or emotionality domain-specific and general items. Correlations be-

tween the general and its domain-specific factors (e.g., general worry and math worry) 

were fixed to zero. Relations among domain-specific factors were allowed. In the NF 

GI/E model, domain-specific grades were entered as predictors, and domain-specific 

and general worry and emotionality were entered as criteria (see Figure 1b). In the NF 

mediated GI/E model, we added domain-specific and general ASCs as mediator vari-

ables. Here, ASC was represented analogously within nested factors.  

Clearly, the NF modeling approach yielded relations that had not been formalized in 

the original GI/E model (i.e., paths between grades and general TA and their media-

tion via general ASC), which we additionally addressed in RQ3. For model evaluation, 

we followed the recommended cut-off criteria in the absolute goodness-of-fit indices 

CFI, RMSEA, and SRMR, where values of CFI ≥ .95, RMSEA ≤ .06, and SRMR ≤ .08 

are considered to indicate a good fit to the data (Hu & Bentler, 1999).  
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Figure 1 

Different Modeling Approaches in Testing GI/E Relations 

 

Note. Testing GI/E relations in different modeling approaches: (a) the first-order factor (FOF) GI/E 

model, where facets of test anxiety (TA; i.e., worry and emotionality) are predicted by grades via within- 

and cross-domain paths in two domains (Model 1b), and (b) the nested factor (NF) GI/E model, where 

domain-specific and general facets of TA are predicted by grades via within- and cross-domain paths in 

two domains (Model 3b). M Gr = Math grade; V Gr = German grade; MW = Math worry; ME = Math 

emotionality; VW = German worry; VE = German emotionality; gW = general worry; gE = general 

emotionality. For better clarity of presentation, measurement models are displayed in grey, and item 

residual variances, factor variances, and correlational paths have been omitted. 
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Results 

Preliminary Analyses 

All preliminary confirmatory factor analyses showed a good fit to the data for both the 

FOF and NF modeling approaches (see Models 1a, 2a, 3a, and 4a in Table 1).4 Table 2 

presents the standardized factor loadings as well as the corresponding McDonald’s ω 

reliability coefficients.5 All factor loadings differed significantly from zero and were 

moderate to large in both modeling approaches. The reliability coefficients of the 

three-item scales were ω ≥ .88 in the FOF model and ω ≥ .70 in the NF model across 

factors and domains (see Table 2). 

                                                   

4 To ensure the applicability of the NF models compared with higher-order factor models in which gen-

eral factors load on domain-specific latent factors, we also computed higher-order factor models. These 

models showed inadequate model fits when we considered the combination of the aforementioned fit 

indices. 

5 Note that in Table 2, only Models 2a and 4a are reported because these include all examined con-

structs. Standardized factor loadings differed between Model 1a versus 2a and between Model 3a versus 

4a only negligibly with Δλ ≤ .006 in all cases. 
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Table 1 

Goodness-of-Fit Indices for Tested Models  

Model MLR χ2 (df) CFI RMSEA  
[90 % CI] 

SRMR 

Preliminary confirmatory factor analyses 
1a First-order factor measurement model with six factors (i.e., worry, emotionality, 

and grades in math and German) 
72.915 (58) 0.995 0.027  

[0.000; 0.045] 
0.024 

2a First-order factor measurement model with eight factors (i.e., worry, emotional-
ity, academic self-concepts, and grades in math and German) 

294.289 (135) 0.970 0.058 
[0.049; 0.067] 

0.032 

3a Nested factor measurement model with eight factors (i.e., worry and emotionality 
in math, German and general, and grades in math and German) 

151.966 (118) 0.993 0.029 
[0.012; 0.041] 

0.025 

4a Nested factor measurement model with 11 factors (i.e., worry, emotionality, and 
academic self-concept in math, German and general, and grades in math and Ger-
man) 

490.707 (285) 0.974 0.046 
[0.039; 0.052] 

0.033 

First-order factor models 
1b First-order factor GI/E model with six factors (i.e., worry, emotionality, and 

grades in math and German) 
66.227 (80) 1.000 0.000 

[0.000; 0.017] 
0.024 

2b First-order mediated GI/E model with eight factors (i.e., worry, emotionality, aca-
demic self-concept, and grades in math and German) 

278.925 (168) 0.979 0.044 
[0.034; 0.052] 

0.034 

Nested factor models 
3b Nested factor GI/E model with eight factors (i.e., worry and emotionality in math, 

German and general, and grades in math and German) 
140.231 (162) 1.000 0.000 

[0.000; 0.012] 
0.028 

4b Nested factor mediated GI/E model with 11 factors (i.e., worry, emotionality, and 
academic self-concept in math, German and general, and grades in math and Ger-
man) 

493.847 (359) 0.983 0.033 
[0.025; 0.040] 

0.041 

Note. MLR = Maximum likelihood estimation with robust standard errors; CFI = Comparative Fit Index; RMSEA = Root Mean Square Error of Approximation; 

CI = Confidence Interval; SRMR = Standardized Root Mean Square Residual.
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Table 2 

Standardized Factor Loadings and McDonald’s ω Reliability Coefficient 

Note. ASC = Academic self-concept; NA = Not applicable in first-order factor modeling.  

All reported standardized factor loadings were significant at p < .001 

The latent factor correlations across the modeling approaches can be found in Table 

3. Significantly negative within-domain relations between TA and grades and ASCs 

were observed in all domain-specific TA facets except for German worry, where only 

one relation to German ASC differed significantly from zero in the NF model. Relations 

within a facet changed considerably across modeling approaches (i.e., ρ = .72, p < .001 

[ρ = .33, p = .016] for math and German worry in the FOF [NF] model, and ρ = .59, 

p < .001 [ρ = -.11, p = .408] for math and German emotionality in the FOF [NF] 

model). Across domains and modeling approaches, domain-specific worry and emo-

tionality were moderately correlated with each other (i.e., ρ = .45 to ρ = .58). In the NF 

model, general worry and emotionality were positively correlated at ρ = .55 (p < .001), 

and each was negatively related to the math grade (i.e., general worry: ρ = -.15, 

p = .044; general emotionality: ρ = -.21, p = .001). 

Factor First-Order Factor measurement 

model (Model 2a) 

Nested Factor measurement model  

(Model 4a) 

 Item 1 Item 2 Item 3 ω Item 1 Item 2 Item 3 ω 

Worrymath .807 .892 .880 .897 .401 .498 .458 .702 

WorryGerman .798 .867 .867 .883 .560 .638 .597 .792 

Emotionalitymath .858 .931 .892 .923 .440 .472 .485 .763 

EmotionalityGerman .860 .888 .853 .900 .600 .592 .577 .807 

ASCmath .909 .952 .916 .947 .688 .815 .741 .924 

ASCGerman .889 .936 .922 .940 .733 .850 .791 .924 

 Ranges Item 1 through 

Item 9 

ω Ranges Item 1 through 

Item 9 

ω 

Worrygeneral NA NA .570 ≤ λ ≤ .875 .939 

Emotionalitygeneral NA NA .616 ≤ λ ≤ .888 .954 

ASCgeneral NA NA .407 ≤ λ ≤ .856 .944 



Test Anxiety in a Nested Factor GI/E Model 35 

Table 3 

Latent Factor Correlations in the First-Order Factor and Nested Factor Modeling Approach  

Factor Correlations 

 1 2 3 4 5 6 7 8 9 10 11 

1. Worrymath - .723*** .575*** .303*** -.293*** .007 -.269*** .158*** NA NA NA 

2. WorryGerman .334* - .349*** .471*** -.111 .034 -.087 .063 NA NA NA 

3. Emotionalitymath .454*** -.055 - .586*** -.423*** -.138 -.515*** .086 NA NA NA 

4. EmotionalityGerman -.023 .448*** -.107 - -.085 -.196* -.116* -.273*** NA NA NA 

5. Grademath -.306*** -.004 -.449*** .115* - .483*** .736*** .028 NA NA NA 

6. GradeGerman -.058 .006 -.064 -.156* .482*** - .207*** .634*** NA NA NA 

7. ASCmath -.242* -.041 -.427*** .212*** .453*** -.202*** - -.028 NA NA NA 

8. ASCGerman .123 -.140* .342*** -.430*** -.327*** .352*** -.436*** - NA NA NA 

9. Worrygeneral .000a .000a .098 -.057 -.149* .045 -.161* .200*** - NA NA 

10. Emotionalitygeneral .047 .029 .000a .000a -.212* -.105 -.253*** .096 .545** - NA 

11. ASCgeneral .087 .126* -.199*** -.009 .628*** .651*** .000a .000a -.061 -.199* - 

Note. Correlations below the diagonal represent correlations within the nested factor model containing all examined factors (i.e., Model 4a), whereas correla-

tions above the diagonal represent correlations within the first-order factor model containing all examined factors (i.e., Model 2a). ASC = Academic self-con-

cept; NA = Not applicable in first-order factor modeling. a Fixed to zero due to nested factor modeling. 

* p < .05. ***p < .001. 
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The First-Order Factor (FOF) GI/E Model 

First, we addressed RQ1 to replicate prior findings with (a) the FOF GI/E and (b) the 

FOF mediated GI/E model. The (a) FOF GI/E model showed an excellent fit to the 

data (Model 1b in Table 1). Table 4 presents the standardized path coefficients and 

standard errors. Negative within-domain paths between grades and facets of TA, indi-

cating social comparison effects, differed significantly from zero for worry and emo-

tionality in math (math grade  math worry, β = -.38 and math grade  math emo-

tionality, β = -.47, ps < .001) and emotionality in German (German grade  German 

emotionality, β = -.21, p = .001). Statistically significant positive cross-domain paths 

between math [German] grades and facets of TA in German [math], indicating dimen-

sional contrast effects, were only observed between the German grade and worry in 

math (German grade  math worry, β = .19, p = .005). Hence, prior work could be 

replicated regarding social comparison effects on all domain-specific TA facets except 

for worry in German. Dimensional comparison effects on both TA facets in math 

(Arens, Becker, & Möller, 2017; Schilling et al., 2005) were only replicated with regard 

to worry in math. 
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Table 4 

Standardized Path Coefficients for the First-Order Factor and Nested Factor GI/E 

Model 

 First-Order Factor 
GI/E Model 
(Model 1b) 

Nested Factor  
GI/E Model 
(Model 3b) 

 β SE β SE 
Within-domain paths from grades to test anxiety 

Grademath  Worrymath -0.381*** 0.071 -0.372** 0.108 
Grademath  Emotionalitymath -0.466*** 0.049 -0.560*** 0.082 
GradeGerman  WorryGerman 0.105 0.086 0.001 0.111 
GradeGerman  EmotionalityGerman -0.209** 0.065 -0.286*** 0.051 

Cross-domain paths from grades to test anxiety 
Grademath  WorryGerman -0.164 0.095 -0.015 0.120 
Grademath  EmotionalityGerman 0.014 0.056 0.246*** 0.058 
GradeGerman  Worrymath 0.186** 0.067 0.116 0.101 
GradeGerman  Emotionalitymath 0.082 0.062 0.201* 0.081 

Additional paths 
Grademath  Worrygeneral NA NA -0.204** 0.077 
Grademath  Emotionalitygeneral NA NA -0.205** 0.074 
GradeGerman  Worrygeneral NA NA 0.140* 0.067 
GradeGerman  Emotionalitygeneral NA NA -0.021 0.073 

Note. SE = Standard error; NA = Not applicable in first-order factor modeling. 

* p < .05. ** p < .01. *** p <  .001. 

To examine (b) the FOF mediated GI/E model, we added math and German ASCs as 

mediator variables. The model showed a good fit to the data (Model 2b in Table 1). 

Table 5 presents the standardized direct path coefficients along with standard errors. 

Only one direct path between grades and facets of TA, both within and across domains, 

was statistically significantly different from zero (i.e., math grade  math worry, β = -

.28, p = .035). The direct relations between grades and ASC were all significantly pos-

itive within matching domains (math grade  math ASC, β = .82 and German grade 

 German ASC, β = .80, ps < .001) and negative across nonmatching domains (i.e., 

math grade  German ASC, β = -.34, p < .001, and German grade  math ASC, β = -

.18, p = .008), replicating the original I/E pattern. Direct paths between ASC and fac-

ets of TA reached statistical significance in a few cases, and if so, they were negative 

within domains (i.e., math ASC  math emotionality, β = -.46, p < .001, and German 

ASC  German emotionality, β = -.27, p = .006) and positive across domains (i.e., 

German ASC  math worry, β = .11, p = .042, and German ASC  math emotionality, 
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β = .15, p = .029). Finally, indirect paths (see Table 6) were significantly negative in 

two out of four cases within matching domains (i.e., math grade  math ASC  math 

emotionality, β = -.38, p = .001 and German grade  German ASC  German emo-

tionality, β = -.22, p = .006). None of the four indirect paths across nonmatching do-

mains were significantly different from zero. Thus, in contrast to prior work, we found 

within-domain mediations that were related to emotionality only. 
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Table 5 

Standardized Direct Path Coefficients and Standard Errors for the First-Order Fac-

tor and the Nested Factor GI/E Mediation Model 

 First-Order Factor 
GI/E Mediation Model 

(Model 2b) 

Nested Factor  
GI/E Mediation Model 

(Model 4b) 
 β SE β SE 

Direct within-domain paths from grades to test anxiety  
Grademath  Worrymath -0.280* 0.133 -0.349** 0.112 
Grademath  Emotionalitymath -0.027 0.136 -0.208 0.111 
GradeGerman  WorryGerman 0.124 0.126 0.170 0.168 
GradeGerman  EmotionalityGerman -0.012 0.117 0.056 0.107 

Direct cross-domain paths from grades to test anxiety 
Grademath  WorryGerman -0.190 0.138 -0.150 0.182 
Grademath  EmotionalityGerman 0.041 0.128 -0.083 0.100 
GradeGerman  Worrymath 0.086 0.092 0.117 0.110 
GradeGerman  Emotionalitymath -0.123 0.089 -0.088 0.101 

Additional paths 
Grademath  Worrygeneral NA NA -0.224** 0.078 
Grademath  Emotionalitygeneral NA NA -0.162 0.088 
GradeGerman  Worrygeneral NA NA 0.186* 0.076 
GradeGerman  Emotionalitygeneral NA NA 0.138 0.090 

Direct paths from grades to academic self-concept (mediator) 
Grademath  ASCmath 0.817*** 0.050 0.738*** 0.050 
Grademath  ASCGerman -0.342*** 0.080 -0.655*** 0.077 
Grademath  ASCgeneral NA NA 0.396*** 0.066 
GradeGerman  ASCmath -0.175** 0.067 -0.579*** 0.064 
GradeGerman  ASCGerman 0.798*** 0.039 0.665*** 0.062 
GradeGerman  ASCgeneral NA NA 0.477*** 0.052 

Direct paths from academic self-concept (mediator) to test anxiety 
ASCmath  Worrymath -0.078 0.111 -0.053 0.078 
ASCmath  Emotionalitymath -0.461*** 0.119 -0.325*** 0.088 
ASCmath  WorryGerman 0.026 0.099 -0.014 0.118 
ASCmath  EmotionalityGerman -0.151 0.108 0.044 0.083 
ASCGerman  Worrymath 0.112* 0.055 -0.036 0.066 
ASCGerman  Emotionalitymath 0.149* 0.068 0.149 0.090 
ASCGerman  WorryGerman -0.006 0.065 -0.234** 0.071 
ASCGerman  EmotionalityGerman -0.273** 0.100 -0.458*** 0.089 
ASCgeneral  Worrygeneral NA NA -0.034 0.104 
ASCgeneral  Emotionalitygeneral NA NA -0.215 0.126 

Note. ASC = Academic self-concept; SE = Standard error; NA = Not applicable in first-

order factor modeling. 

* p < .05. ** p < .01. *** p <  .001. 
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Table 6 

Standardized Indirect Path Coefficients, Standard Errors and Effect Sizes for the 

First-Order Factor and the Nested Factor GI/E Mediation Model 

 First-Order Factor 
GI/E Mediation Model 

(Model 2b) 

Nested Factor  
GI/E Mediation Model (Model 4b) 

 βind  SE βind2 βind  SE βind2 
Indirect within-domain paths 

Grademath  ASCmath  Worrymath -0.064 0.093 0.004 -0.039 0.057 0.001 
Grademath  ASCmath  Emotionali-
tymath 

-0.377** 0.112 0.142 -0.240*** 0.068 0.058 

GradeGerman  ASCGerman  WorryGerman -0.005 0.052 0.000 -0.156** 0.046 0.024 
GradeGerman  ASCGerman  Emotional-
ityGerman 

-0.217** 0.080 0.047 -0.304*** 0.068 0.092 

Indirect cross-domain paths 
Grademath  ASCGerman  WorryGerman 0.002 0.023 0.000 0.153** 0.050 0.023 
Grademath  ASCGerman  Emotionali-
tyGerman 

0.093 0.048 0.009 0.300*** 0.070 0.090 

GradeGerman  ASCmath  Worrymath 0.014 0.022 0.000 0.031 0.046 0.001 
GradeGerman  ASCmath  Emotionali-
tymath 

0.081 0.042 0.007 0.188*** 0.049 0.035 

Additional indirect paths 
Grademath  ASCgeneral  Worrygeneral NA NA NA -0.014 0.040 0.000 
Grademath  ASCgeneral  Emotionali-
tygeneral 

NA NA NA -0.085 0.049 0.007 

GradeGerman  ASCgeneral  Worrygeneral NA NA NA -0.016 0.050 0.000 
GradeGerman  ASCgeneral  Emotionali-
tygeneral 

NA NA NA -0.103 0.059 0.010 

Note. ASC = Academic self-concept; SE = Standard error; NA = Not applicable in first-order factor 

modeling. 

* p < .05. ** p < .01. *** p <  .001. 

The Nested Factor (NF) GI/E Model 

Applying the Nested Factor (NF) Approach to the GI/E Model 

Subsequently, we addressed RQ2, aimed at applying the NF modeling approach to (a) 

the GI/E model and (b) the mediated GI/E model and (c) contrasting statistical pre-

dictions in the NF versus FOF models. The (a) NF GI/E model showed an excellent fit 

to the data (Model 3b in Table 1). Statistically significant negative within-domain 

paths were found in three out of four cases (i.e., math grade  math worry, β = -.37, 

p = .001, math grade  math emotionality, β = -.56, p < .001 and German grade  
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German emotionality, β = -.29, p < .001), indicating social comparison effects. Statis-

tically significant positive cross-domain paths were found only for emotionality (i.e., 

math grade  German emotionality, β = .25, p < .001, and German grade  math 

emotionality, β = .20, p = .013), indicating dimensional comparison effects (see Table 

4). 

The (b) NF mediated GI/E model, including general and domain-specific ASCs as me-

diator variables, showed a good fit to the data (see Model 4b in Table 1). Standardized 

direct path coefficients (Table 5) indicated one significantly negative within-domain 

path (i.e., math grade  math worry, β = -.35, p = .002) and no significant direct 

cross-domain paths between grades and facets of TA. Concerning indirect (Table 6) 

within-domain paths, all except for the path between math grade and math worry via 

math ASC were significantly negative (i.e., math grade  math ASC  math emotion-

ality, β = -.24, German grade  German ASC  German worry, β = -.16, and German 

grade  German ASC  German emotionality, β = -.30, all ps < .01). Indirect cross-

domain paths were significantly positive for all except for the path between German 

grade and math worry via math ASC (i.e., math grade  German ASC  German 

worry, β = .15, math grade  German ASC  German emotionality, β = .30, and Ger-

man grade  math ASC  math emotionality, β = .19, all ps < .01). Thus, a mediation 

of social and dimensional comparison effects on facets of TA via ASCs was supported 

for math emotionality and German worry and emotionality.  

Finally, we (c) contrasted the statistical predictions made by the FOF versus NF mod-

els. In the nonmediated set of models (Model 1b vs. Model 3b; Table 4), the pattern of 

significant within-domain relations, indicative of social comparison effects, did not 

change, but the strength of grade-emotionality associations was descriptively higher 

in the NF model. However, the pattern of results regarding positive cross-domain 

paths, indicative of dimensional comparison effects, changed in the FOF model (i.e., 

one path to math worry) versus the NF model (i.e., two paths to emotionality in both 

domains). In the mediated set of models (Model 2b vs. 4b; Tables 5 and 6), the result-

ing pattern of significant and nonsignificant direct paths was virtually the same. Con-

cerning the indirect paths, a pronounced change was visible, with one additional sig-

nificant indirect within-domain and three additional indirect cross-domain paths in 
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the NF mediated GI/E model as opposed to the FOF mediated GI/E model. Thus, par-

ticularly cross-domain paths (both direct and indirect) changed with respect to the 

modeling strategy. 

General Paths 

The NF models yielded additional general paths, which we addressed in our ancillary 

RQ3. In the NF GI/E model (i.e., Model 3b, see Table 4), the math grade was signifi-

cantly negatively related to general worry and emotionality (math grade  general 

worry, β = -.20, p = .008 and math grade  general emotionality, β = -.21, p = .006), 

whereas the German grade was positively related to general worry (German grade  

general worry, β = .14, p = .037). In the NF mediated GI/E model (i.e., Model 4b, see 

Table 5), two of these relations were significantly different from zero (i.e., math grade 

 general worry, β = -.22, p = .004, and German grade  general worry, β = .19, 

p = .015; see Table 5). With regard to the general ASC, significant positive relations 

with both grades were found (math grade  general ASC, β = .40,  and German grade 

 general ASC, β = .48, ps < .001). However, there were neither significant direct 

paths between general ASC and general worry or emotionality nor significant indirect 

paths between grades and general facets of TA via general ASC (see Table 6). In con-

clusion, direct paths to general TA were found with regard to worry, but they were not 

mediated by the general ASC. 

Discussion 

The present study combined a general with a domain-specific approach using the NF 

model to examine the role of social and dimensional comparison effects on the for-

mation of two facets of TA (i.e., worry and emotionality) in two different domains (i.e., 

math and verbal) within the GI/E model. The overarching aim was to apply an NF 

modeling strategy to the GI/E model to control for general proportions of TA within 

domain-specific TA, ultimately purifying domain-specific relations to academic 

achievement and self-concept. We investigated these relations in NF models and also 

contrasted them against relations identified with conventional modeling strategies 

that do not consider hierarchical construct structures (i.e., FOF models). In doing so, 

we examined domain-specific achievement-based relations—the core of the GI/E 

model—while controlling for general components. To the best of our knowledge, this 
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is the first study to do so with regard to social and dimensional comparison effects on 

facets of TA. 

First-Order Factor (FOF) Models: A Replication 

First, when employing the FOF modeling strategy, we were able to replicate prior find-

ings to a large extent (RQ1). Specifically, previous studies had reported social compar-

ison effects on both facets in the math and verbal domains and dimensional compari-

son effects on both facets in math only (Arens, Becker, & Möller, 2017; Schilling et al., 

2005; see Marsh, 1988, who also found dimensional comparison effects on an English 

TA measure that did not differentiate worry and emotionality, and van der Westhuizen 

et al., 2022, who found dimensional comparison effects of French achievement on 

math TA, and of French [German] achievement on German [French] TA, again using 

TA measures that did not differentiate worry and emotionality). In the present study, 

we found social comparison effects on both facets in math and on emotionality in Ger-

man. In addition, we replicated the dimensional comparison effects on worry in math. 

The effect on math emotionality did not reach statistical significance in our case but 

was almost identical in its effect size (Arens, Becker, & Möller, 2017) such that the lack 

of significance was likely a matter of statistical power. TA in German (which was the 

native language for most students) did not seem to be subject to dimensional compar-

isons in either study, possibly due to the fact that self-perceptions in the verbal domain 

are not as restricted to the school context as in math domains. Accordingly, students 

have more sources of self-evaluation (other than academic math achievement) that 

impact their verbal-domain TA (Arens, Becker, & Möller, 2017). 

Concerning the role of domain-specific math and German ASCs as mediators of the 

achievement-anxiety relations, in the FOF model, we were only able to replicate a con-

siderably smaller proportion of relations as compared with Arens, Becker, and Möller 

(2017), who reported full mediations on both facets in both domains, and Schilling et 

al. (2005), who reported full mediations on both facets in German and partial media-

tions on both facets in math. In the present study, we observed only within-domain 

mediations on emotionality in both domains. With regard to worry, we did not find 

significant indirect paths at all, even though the large overlap between the cognitive 

facet of worry and ASC has been discussed (Arens, Becker, & Möller, 2017). However, 

our observed effect sizes were in the expected direction.  
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Nested Factor (NF) Models: An Extension 

Second, we successfully applied the NF framework to the GI/E model, clearly showing 

GI/E-hypothesized relations in both direct and mediated NF models (RQ2). We 

demonstrated social comparison effects on all facets except for worry in German (anal-

ogous to social comparison effects found in the FOF model). However, in contrast to 

the FOF model, we found dimensional comparison effects on emotionality in both do-

mains, suggesting that the emotionality component (as opposed to worry) is more sus-

ceptible to dimensional comparisons when general TA is controlled for. In all compar-

isons between the FOF and NF model results, it is crucial to keep in mind that the 

interpretation of the domain-specific factors varies according to the modeling strategy, 

with domain-specific factors in the NF model representing residual variance that is 

not explained by the general factor (Arens et al., 2021). When we examined the factor 

correlations, it became clear that the domain-specific worry factors were more strongly 

related to each other in the FOF model than the domain-specific emotionality factors 

were. Indeed, when we employed the NF model, the correlation between the domain-

specific worry factors remained significantly different from zero (after the general 

worry factor was included), whereas the correlation between the domain-specific emo-

tionality factors did not differ from zero (after the general emotionality factor was in-

cluded). General factors in the NF model are defined by their unique items, that is, 

their reference domain (Eid et al., 2017). The significantly positive relation between 

the domain-specific worry factors thus indicated substantial common variance even 

after general school-specific worry was controlled for. The remaining relation between 

the math and German worry factors that is not tied to the school context, suggests 

lower school-specificity for general worry as opposed to general emotionality. On the 

one hand, this still significant correlation between the math and German worry factors 

might describe worry cognitions that are tied specifically to math and German (and 

that are independent to school in general) as two core school subjects (e.g., high em-

phasis placed on these subjects or higher amount of weekly lessons). On the other 

hand, it might also be possible that worry entails more general components not re-

stricted to evaluative situations within the school context but rather school-unrelated 

other life domains (e.g., generalized worry). In line with this reasoning, Hock et al., 

submitted (submitted) showed that the stable, trait manifestation of worry was prev-

alent in situations that are generally perceived as threatening and aversive even when 
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a state scale is administered that assesses worry with the instruction “right now, at 

this very moment” using latent state-trait analyses. Emotionality could be more tied 

to evaluative situations in the school context also due to its temporal proximity to the 

evaluative situation, whereas worry might also occur days or weeks prior to the situa-

tion during exam or test preparations (e.g., Sparfeldt et al., 2005), thus possibly mix-

ing with other worries unrelated to the school context. Furthermore, worry that is as-

sociated with future-directed “What if”-type of questions (e.g., “What if I fail in this 

exam?”) may collapse with “Why”-type of questions typical for rumination and di-

rected to the past (e.g., “Why did I fail in past exams?”, “Why am I such a failure?”) in 

the course of processing an upcoming exam, highlighting the time-overarching char-

acter of worry compared to emotionality (Renner et al., 2018). To conclude, further 

research is needed to clarify the psychological meaning of this significant correlation.  

With regard to the NF mediated model, considerable changes were evident compared 

with the FOF mediated model—particularly concerning indirect cross-domain paths 

(i.e., dimensional comparison effects). Three out of four indirect within-domain and 

three out of four indirect cross-domain paths reached statistical significance (in con-

trast to a total of two out of eight paths in the FOF model). Specifically, both TA facets 

in German were mediated by German ASC, and emotionality in math was mediated by 

math ASC, both within and across domains. To understand why dimensional compar-

isons in particular are affected by the modeling strategy, one has to keep in mind that 

dimensional comparisons are internal comparisons across domains (i.e., students 

comparing their own abilities across domains). By applying the NF model, domain-

specific manifestations are purified, ultimately meaning that they truly reflect domain-

specific manifestations (i.e., students perceiving different levels of TA across domains) 

and not a mixture of domain-specific and general components (i.e., students perceiv-

ing themselves to be generally more or less anxious than others across school do-

mains). In other words, the removal of confounded (i.e., domain-specific and general) 

variance enabled the detection of intraindividual (dimensional) relations.  

Third and finally, we found significant relations in the NF models with regard to gen-

eral TA (RQ3). Both facets were negatively predicted by the math grade, whereas gen-

eral worry was positively predicted by the German grade. One reason for this finding 

might be that the portion of worry previously attributed to math worry is more domi-

nant in the general worry factor than the portion previously attributed to German 
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worry. In other words, the salience of worry attributed to math for general worry might 

be higher than that of worry attributed to German. This difference would explain neg-

ative [positive] relations with math [German] grades. Indeed, factor loadings of items 

loading on their domain-specific worry factor were descriptively lower for math than 

for German after the general factor was included.  

No indirect path was visible when general ASC was considered as a mediator (i.e., no 

paths between math and German grades and general worry and emotionality mediated 

by general ASC). The concept of domain-specific mediations of achievement-anxiety 

relations does not seem to translate to general relations. It might be the case that the 

(respectively negative and positive) effects of math and German grades on general 

worry through general ASC (which captures the variance shared between math and 

German ASCs, which are, in turn, positively related to math and German grades, re-

spectively) was canceled out due to relations that went in opposite directions. Such an 

occurrence emphasizes the caution researchers need to exercise when interpreting the 

general factor and its relations. Yet, one advantage of the NF model (e.g., in contrast 

to the higher-order factor model) includes the invariance of the meaning of the general 

factor due to its ties to the reference domain (Eid et al., 2017). Also, neither the FOF 

nor the NF model considers item cross-loadings. Given these rather strict require-

ments, the good fit to the data is all the more convincing. The NF modeling strategy 

and its implications have been examined in contrast to other modeling strategies with 

regard to a number of psychological constructs outside of TA and ASC, for instance in 

the individual clinical assessment of depressive symptoms (Heinrich et al., 2020) and 

attention deficit hyperactivity disorder (Eid, 2020), highlighting its importance in 

more applied settings. 

Limitations and Future Research 

Our study has some limitations. First, we employed cross-sectional data and thereby 

cannot draw conclusions about causality. Yet, we chose to refer to social and dimen-

sional comparison effects to remain in line with prior research on the GI/E model. 

Longitudinal and experimental studies that were designed to infer causality have sup-

ported GI/E-based assumptions for the ASC (see Niepel et al., 2014; Wolff et al., 

2020). Further, our sample was limited to ninth- and 10th-grade students from the 
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highest ability track in Germany. In order to improve the generalizability of our re-

sults, further research is needed across different age groups, school tracks, and coun-

tries. School-track specific differences in achievement-anxiety relations have previ-

ously been identified when comparing the highest ability track to other school tracks 

(Penk et al., 2014). Another study found that achievement-anxiety relations differed 

across grade levels with the strongest negative relations in the middle (sixth through 

eighth) grades and the lowest negative relations in the higher (ninth through 12th) 

grades (von der Embse et al., 2018), where our sample was located. A recent meta-

analysis identified small to moderate, statistically significant negative achievement-

anxiety relations in math across 747 effect sizes, also identifying grade level as one 

moderator of the strength of these relations (Barroso et al., 2021). 

Finally, the present findings are restricted to the math and one verbal (i.e., German as 

language of instruction) domain, such that further research incorporating multiple 

other domains is warranted. If researchers are particularly interested in (cross-do-

main) dimensional comparison effects, the inclusion of other domains is recommend-

able. When assuming a continuum with math and verbal subjects as contrary end-

points, the perceived subject similarity is thought to moderate dimensional compari-

sons, such that they can even be found to work in the opposite direction (i.e., so-called 

assimilation effects as opposed to contrast effects; Möller & Marsh, 2013). Yet, a recent 

meta-analysis on the GI/E model with ASC as the outcome variable did not find such 

assimilation effects across 505 data sets (Möller et al., 2020). Employing an NF model 

to purify domain-specific relations considerably advances insights into dimensional 

comparisons. In addition, if multiple domains from the math-verbal continuum are 

included, the NF model enables closer examinations of contrast and assimilation ef-

fects and their occurrences when extracting the variance that is shared across domain-

specific manifestations. For instance, nonsignificant relations between math grades 

and German TA might be revealed in the NF model as a result of positive relations 

between math grades and pure German TA in combination with negative relations be-

tween math grades and the portion of German TA that is positively correlated with 

math TA (i.e., general TA). 

Implications and Conclusion 
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In their everyday school lives, students encounter various peers whose abilities in do-

main-specific domains serve as references (i.e., social comparisons) as well as various 

different domains in which a student’s own abilities serve as a reference (i.e., dimen-

sional comparisons) that shape students’ socio-affective experiences and perceptions 

(e.g., TA, ASC). In the present study, we used NF models to consider (a) general worry 

and emotionality levels to identify social and dimensional comparison effects on 

purely domain-specific worry and emotionality and (b) general ASC levels to examine 

mediation effects of social and dimensional comparison effects through purely do-

main-specific ASCs. 

Our approach facilitated the detection of dimensional comparison effects and differ-

ential worry and emotionality characteristics when controlling for general components 

in NF models—both directly and indirectly via domain-specific ASCs. Our findings 

thus have several implications. This study combines conceptual considerations (i.e., 

TA and ASC as domain-specific and hierarchical constructs on the one hand and the 

interest in domain-specific relations in the GI/E model on the other hand) with meth-

odological considerations (i.e., the NF model as adequate representation of hierar-

chical constructs). In this study, we therefore argue for matching methodological ap-

proaches to conceptual ideas, and thus provide new directions for future research 

within the GI/E model. One example for the potential incremental value of using NF 

models in testing GI/E relations is the controversy on assimilation effects in dimen-

sional comparisons (Möller et al., 2020) by suggesting modeling strategy as potential 

moderator of dimensional comparisons. In this article, we present both the result pat-

terns yielded by the FOF and the NF models such that the effect of modeling strategy 

on content-related relations is highlighted. Further, the implementation of the NF 

model offers new insights on the proportions of general and domain-specific compo-

nents within constructs (e.g., by comparing correlations among domain-specific com-

ponents before and after the inclusion of a general, overarching factor).  

Practically, examining the interplay of social and dimensional comparisons on the for-

mation of the two TA facets worry and emotionality is of interest given TA’s undesira-

bility. Achievement feedback to students (e.g., in the form of school grades) is a com-

mon occurrence in daily school life. Thus, achievement-based comparison processes 

within- and across domains could be of interest in applied educational contexts where 

raising student, teacher or parent awareness for dimensional comparisons might 
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buffer their detrimental impact (i.e., students performing lower in subject A than in 

another subject B might develop higher TA in subject A if they make dimensional com-

parisons). Wolff and Möller (2021) demonstrated that minimal interventions may 

lower such negative influences of dimensional comparison effects. One advantage of 

combining the NF modeling approach with the GI/E framework is the opportunity to 

evaluate achievement-TA associations more precisely with regard to general or do-

main-specific manifestations. Similarly, in an applied setting, TA interventions could 

be evaluated with regard to their effectiveness concerning general or domain-specific 

TA.  

To conclude, the application of NF models to GI/E models matches conceptual and 

methodological considerations and offers novel insights on the impact of general TA 

and ASC levels on domain-specific social and dimensional comparisons.  
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3. Uncovering Everyday Dynamics in Students’ 
Perceptions of Instructional Quality with Ex-
perience Sampling 

 

Abstract 

Within-student dynamics in perceptions of instructional quality have been neglected, 

although student states constitute a major share of these perceptions. The present 

study examined the structure and correlates of student state perceptions of the three 

basic dimensions, teacher support, cognitive activation, and classroom management. 

We conducted a three-week experience sampling study using state measures in four 

subjects (observations: nmathematics = 2,681, nphysics = 1,555, nGerman = 2,026, nEng-

lish = 1,835) and analyzed data from 372 German secondary school students 

(Mage = 15.3 years), conducting two-level confirmatory factor analyses. Against more 

parsimonious solutions, the postulated three-factor structure was confirmed within- 

and between-students across subjects, entailing 51 % within-student variance on av-

erage. Similar to trait-like perceptions, state perceptions were positively related to 

grades and academic interest. Our results support the factorial and convergent validity 

of state student perceptions of instructional quality, expanding upon between-person-

based literature and uncovering opportunities to enhance teaching effectiveness. 

 

Keywords: Instructional quality; factorial validity; multilevel confirmatory factor 

analysis; intensive longitudinal data; experience sampling 
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Introduction 

Instructional quality is a key determinant of student learning and motivation (Scherer 

& Nilsen, 2016). Student ratings are one of the main sources of information on instruc-

tional quality, and are incorporated in large-scale assessments and educational effec-

tiveness research accordingly (e.g., OECD, 2014). To inform on teaching effectiveness, 

individual student perceptions of instructional quality (SPIQ) are typically aggregated 

to the class or school level where they reflect differences between classes or schools, 

respectively (Lüdtke et al., 2009). However, these perceptions may differ within the 

same classroom (Wagner et al., 2016) and may affect student learning and motivation 

above and beyond the teacher’s actual instructional quality (Lazarides & Ittel, 2012). 

Therefore, examining these idiosyncratic perceptions by not only considering class or 

school differences (at the respective class or school level), but also interindividual dif-

ferences between students (at the between-student level) and intraindividual differ-

ences within students between different lessons (at the within-student level) offers 

fruitful insights into ways to enhance teaching effectiveness which is one of the main 

assessment goals of SPIQ. 

Concurrently, empirical support for the structure and validity of SPIQ is mainly lim-

ited to between-person analyses (Bellens et al., 2019; Praetorius et al., 2018; Scherer 

et al., 2016; Wisniewski et al., 2020). This also holds for one of its most popular frame-

works—the three basic dimensions (TBDs) of instructional quality—that describes 

SPIQ in a parsimonious model of the three essential dimensions of teacher support, 

cognitive activation, and classroom management (Klieme et al., 2001). However, it 

cannot be assumed that differences in SPIQ between different students derived from 

between-person analyses correspond to differences in SPIQ within students across 

points in time (Murayama et al., 2017). For instance, perceived teacher support might 

be related to higher academic interest on average across students, but might be nega-

tively related across points in time due to situational specifics such as tiredness or an-

noyance that vary within individual students. Such varying situational states are un-

surprising given multiple time-varying elements of the everyday dynamic classroom 

life (Praetorius et al., 2014) and the conception of instruction as a process that is in-

herently evolving (Schmitz, 2006). Complementing existing between-person studies 

(i.e., examining variance between classes or students) with within-person studies (i.e., 
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examining variance within persons across points in time) accounts for the fact that 

both student traits (e.g., general rating tendencies) and student states (e.g., situational 

enthusiasm) heavily influence SPIQ (Wagner et al., 2016). Ultimately, this promotes 

flexible and situation-oriented teaching, and allows students’ and teachers’ needs to 

be addressed in a tailored way. Therefore, we used intensive longitudinal methods to 

overcome the current lack of within-person studies on SPIQ within the TBDs frame-

work and capture lesson-to-lesson variation in SPIQ in classrooms without a time de-

lay (Bolger & Laurenceau, 2013). In the present study, German secondary school stu-

dents reported their SPIQ in four core subjects (mathematics, physics, German, and 

English) over three consecutive weeks of everyday school life. Thus, we applied the 

TBDs framework in an experience sampling study for the first time, extending current 

knowledge to the level of specific lessons—the level at which instruction actually oc-

curs. 

Three Basic Dimensions of Instructional Quality 

The three basic dimensions (TBDs) are the key components of a comprehensive and 

parsimonious framework of instructional quality. Klieme et al. (2001) extracted the 

dimensions of teacher support, cognitive activation, and classroom management using 

a factor-analytical approach based on data from the German 1995 TIMSS video study 

(Stigler et al., 1999) on 8th-grade mathematics instruction. Although based on math 

lessons, the dimensions are conceived to be generic and, therefore, applicable across 

school subjects (Praetorius et al., 2018). Furthermore, the dimensions are conceptu-

ally and empirically separable. Hence they represent distinct, yet related factors, 

where typically, teacher support and cognitive activation show higher correlations 

with each other than classroom management with either two (e.g., Bellens et al., 2019; 

Fauth et al., 2014; Kunter & Voss, 2013; Scherer et al., 2016). In addition to its empir-

ical roots, the TBDs have repeatedly been shown to be related to the crucial educa-

tional outcomes of student achievement and motivation (where the latter is often ap-

proximated by academic interest; e.g., Baumert et al., 1997; Fauth et al., 2014; Scherer 

et al., 2016; for an overview see Praetorius et al., 2018). These relations are based on 

well-established psychological factors (i.e., self-determination, cognitive-constructive 

learning, and learning time), underpinning the framework’s conceptual relevance and 
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predictive validity. To date, the TBDs framework is one of the most popular frame-

works on instructional quality, and is implemented in educational large-scale assess-

ments, such as the Programme for International Student Assessment (PISA; OECD, 

2014). 

The first dimension, teacher support, comprises various types of support during the 

learning process, such as adopting a constructive approach to errors, adapting the pace 

of instruction, or avoiding performance pressure. According to self-determination the-

ory (Ryan & Deci, 2000), fulfilling the basic needs for competence, autonomy, and 

social relatedness can enhance students’ intrinsic learning motivation. This learning 

motivation is often operationalized by academic interest, which is, in turn, closely re-

lated to self-determination theory (Krapp, 2002). Accordingly, positive relations be-

tween teacher support and academic interest have been assumed and shown repeat-

edly (e.g., Fauth et al., 2014). The second dimension, cognitive activation, encom-

passes teaching behavior characterized by posing challenging tasks, provoking stu-

dents’ thinking, or supporting metacognition (Praetorius et al., 2018). Cognitively en-

gaging students results in a constructive learning process related to achievement gains 

(Hardy et al., 2006). Thus, positive relations between cognitive activation and student 

achievement can be expected (e.g., Klieme et al., 2001). Yet, positive relations between 

cognitive activation and academic interest have also been reported (e.g., Fauth et al., 

2014). The cognitive activation dimension has been highlighted as the least stable 

among the three, indicating its high content dependency (Praetorius et al., 2014). The 

third dimension, classroom management, comprises strategies to efficiently trans-

form classroom time into learning time by maintaining clear rules, monitoring stu-

dents, or effectively dealing with interruptions in class. Classroom management can 

enhance student achievement by, for instance, increasing the time spent on task as 

well as academic interest by strengthening student autonomy and competence experi-

ences. Accordingly, positive relations between classroom management and achieve-

ment (e.g., Bellens et al., 2019; Scherer et al., 2016; Seidel & Shavelson, 2007; Wang 

et al., 1993), and to academic interest (e.g., Kunter et al., 2007) have been reported. 

Thus, the TBDs constitute a parsimonious model of instructional quality with three 

distinct dimensions that show theoretical and empirical relations to educational out-

comes, demonstrating the TBDs’ relevance. 

Validity of Student Perceptions of Instructional Quality 
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Student ratings are widely used to assess instructional quality (Marsh, 2007; Praeto-

rius et al., 2018), although validity concerns have been discussed (Gentry et al., 2002; 

Greenwald, 1997). Recently, Bellens et al. (2019) challenged the notion of instructional 

quality as merely a set of teacher characteristics (see also Kunter & Baumert, 2007). 

Instead, they considered instructional quality a student characteristic as well, and 

SPIQ as an individual’s reality—separate from ‘true’ instructional quality. Accordingly, 

person-centered approaches have found meaningful interindividual differences in 

SPIQ—distinct SPIQ student clusters—that were related to between-student differ-

ences in relevant educational outcomes (Lazarides & Ittel, 2012). For educational ef-

fectiveness research (Scherer et al., 2016), this highlights the importance of a thorough 

construct validation of student perceptions (Kunter & Baumert, 2007), including the 

underlying factor structure and psychometric properties in addition to convergent va-

lidity evidence. Studies of SPIQ’s factor structure consistently show the three-factor 

solution to fit the data best across different operationalizations, rendering substantial 

support for the TBDs framework’s multidimensional conceptualization (e.g., Bellens 

et al., 2019; Fauth et al., 2014; Kunter & Voss, 2013; Scherer et al., 2016). Additionally, 

the dimensions are positively related to crucial educational outcomes (e.g., student 

achievement and academic interest), providing evidence for the framework’s conver-

gent validity. However, Praetorius et al. (2018) pointed out that these relations are not 

consistent across studies. They considered multiple potential explanations for these 

inconsistencies (e.g., examining different school subjects across studies). In fact, most 

studies of SPIQ within the TBDs framework are limited to mathematics and mathe-

matics-related subjects. In contrast, SPIQ in verbal or other domains have hardly been 

examined (Praetorius et al., 2018). Despite these shortcomings, empirical support for 

TBDs’ relation to student achievement and interest is found repeatedly, including 

large and international validation studies (Baumert et al., 1997). However, these find-

ings are based on between-person designs, and thus tied to the between-person level 

of analysis.  

Level of Analysis and Lesson-to-Lesson Variation in SPIQ 

SPIQ inherently encompass variation from distinct, hierarchical levels. Interindivid-

ual differences in SPIQ between students (e.g., students perceiving more or less learn-

ing support in general) are at the between-student level. We refer to interindividual 
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differences in SPIQ between students in individual situations (e.g., students perceiving 

more or less learning support in the same lesson) that entail situation-specific shared 

variance (i.e., the same lesson and its instructional quality) as the between-lesson 

level. Interindividual differences in instructional quality and other teacher character-

istics between teachers (e.g., teachers providing more or less learning support in gen-

eral) are located at the class level (Marsh et al., 2012). The appropriate level of analysis 

of SPIQ is tied to the specific research question (Lüdtke et al., 2009). For instance, if 

students are interchangeable informants about a higher-level construct (i.e., instruc-

tional quality of their teacher), between-student variations in SPIQ reflect deviations 

from shared classroom perceptions and are not of central interest, but ultimately con-

sidered a source of unreliability. The construct is considered to be meaningful only at 

the class or school level (i.e., a shared construct according to Stapleton et al., 2016). 

Despite the finding that large proportions of SPIQ are idiosyncratic, there is a lack of 

studies arguing for analyzing intraindividual differences between different points in 

time within students (e.g., one student perceiving more or less learning support across 

different lessons) at the within-student level. In everyday school life, the classroom is 

a highly dynamic interactional system undergoing considerable changes from lesson 

to lesson (Curby et al., 2011; Praetorius et al., 2014). Changes in objective teaching—

due to varying external factors (e.g., time of day) and teacher states (e.g., situational 

anger) beside teacher traits (e.g., enthusiasm)—are likely mirrored by changes in stu-

dents’ subjective perceptions of teaching, which are in turn affected by both student 

traits (e.g., openness) and student states (e.g., situational anxiety). Wagner et al. 

(2016) found that an average of 53.4 % of the total variance in SPIQ within classes 

(assessed at three measurement points over a period of three months) were time-spe-

cific (as opposed to time-consistent) ratings. Two experience sampling studies (Goetz 

et al., 2013; Goetz et al., 2020) highlighted the theoretical advancement immanent in 

such state SPIQ. While the amount of within-student variance in two dimensions of 

SPIQ over ten school days was substantial (up to 92.6 %), the authors reported signif-

icant within-student effects of SPIQ on situational academic emotions (e.g., pride or 

boredom). Such results demonstrate the advancements in construct knowledge that 

can be achieved using experience sampling. Conceptually, such findings are crucial as 

they expand knowledge to the within-person level. More specifically, the issue with 

distinct levels of analysis lies in the fact that findings based on analyses at a certain 

level do not necessarily hold for other levels as well (Molenaar, 2004; Murayama et 
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al., 2017). Implicit generalizations across levels are thus not valid. As Molenaar (2004) 

pointed out, between-person analyses use differences between persons to describe re-

lations between variables (e.g., “Students who perceive more teacher support tend to 

exhibit higher interest than students who perceive less teacher support”). In contrast, 

within-person analyses focus on processes within persons using points in time as a 

basis (e.g., “Students show higher interest at times when they perceive more teacher 

support”). These two types of analyses are based on two distinct types of variation (i.e., 

inter- and intraindividual variation). In other words, there is no strong basis for as-

suming that properties that describe differences between students also describe dif-

ferences within students across numerous time points. Thus, assuming the invariance 

of within- and between-person variation implicitly assumes invariance over time—

which seems particularly doubtful in the context of learning and instruction, which are 

considered processes that may change substantially over time (Schmitz, 2006).  

The Present Study 

To uncover everyday school life dynamics of SPIQ within the TBDs framework and to 

foreground the student in SPIQ, we conducted an intensive longitudinal study in Ger-

man secondary schools based on experience sampling via e-diaries. We employed state 

measures to assess students’ situational perceptions of the TBDS at the end of every 

classroom lesson in four core subjects over a period of three weeks (i.e., 15 school 

days). Considering the four subjects mathematics, physics, German, and English ex-

pands the literature on the TBDs by widening the range of simultaneously examined 

domains, taking into account the possible domain-specificity of the three dimensions.  

Students’ real-time perceptions of teaching have been examined in two experience 

sampling studies we know of (Goetz et al., 2013; Goetz et al., 2020). In contrast to 

these prior studies, we aim to systematically and holistically validate an established 

framework of SPIQ for idiosyncratic variation within- and between students. To ex-

amine idiosyncratic student-specific SPIQ, we controlled for teacher effects at the class 

level by (a) including dummy-coded classroom variables at the between-student level 

as well as (b) shared situation-specific SPIQ by including a between-lesson level in a 

second set of models (see Section Statistical Analyses below). 
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In doing so, we substantially expand the existing (between-person-based) literature 

on the TBDs to the within-person level. Employing the experience sampling method 

enabled us to disentangle the situational (i.e., state) and stable (i.e., trait) components 

of SPIQ and model its within- and between-student factor structures simultaneously. 

Assessing habitual (i.e., trait) SPIQ enabled us to contrast the within- and between-

person approaches and evaluate the distinction between stable components of state 

SPIQ (i.e., aggregated state SPIQ) and pure trait SPIQ. Furthermore, examining the 

relations between aggregated state SPIQ and educational outcomes (i.e., school grades 

and academic interest) allowed us to extend the hypothesized relations based on the 

TBDs framework (i.e., positive relations between teacher support and interest, be-

tween cognitive activation and grades, and between classroom management and both 

grades and interest) to the within-person level. We applied multilevel modeling, as 

recommended in studies on SPIQ (Lüdtke et al., 2009; Marsh et al., 2012; Scherer & 

Gustafsson, 2015) and SPIQ’s construct validity (Bellens et al., 2019; Fauth et al., 2014; 

Wagner et al., 2013; Wisniewski et al., 2020) to address the following research ques-

tions:  

RQ1. To what extent does the three-factor structure (as hypothesized by the 

TBDS framework) fit the data both within and between students com-

pared to more parsimonious structures? 

RQ2. Do the implemented two-item-based state measures reliably assess the 

three dimensions of teacher support, cognitive activation, and class-

room management in an experience sampling design? 

RQ3. How is aggregated state SPIQ within the TBDs related to relevant cor-

relates (i.e., trait SPIQ, reported school grades, and academic interest)? 

Method 

Procedure and Participants 

We conducted a three-week experience sampling study using an e-diary application 

on smartphones (in study weeks 2 to 4), which was embedded in a pre- and post-as-

sessment (in study weeks 1 and 5, respectively) that obtained student background and 

trait perceptions in traditional paper-and-pencil format. We collected data within the 
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scope of the larger intensive longitudinal “Dynamics of Academic Self-Concept in Eve-

ryday Life” (DynASCEL) project (Niepel et al., 2022) focusing on the dynamics of stu-

dents’ academic experiences in everyday school life.1 We drew on a sample of N = 372 

secondary school students participating in the e-diary (34.1 % boys out of the n = 301 

students with available gender information) with a mean self-reported age of 15.3 

years (SD = 0.68; range = 13.3-17.4 years; based on n = 298 students with available 

age information). Students were nested in 18 classrooms with an average of 20.6 

(SD = 4.65; range = 13 – 27) students per classroom. They attended the 9th (n = 308) 

and 10th (n = 64) grades in six highest ability track schools (i.e., German Gymnasium) 

in four German states (Rhineland-Palatinate, North Rhine-Westphalia, Baden-

Wuerttemberg, and Mecklenburg-Western Pomerania). Students remained in their 

class constellations for several years, where generally, different teachers held instruc-

tion in the four core subjects for the 18 classes. There were only few combinations of 

teachers teaching one subject to more than one class (i.e., 1 in math and English, re-

spectively, 3 in physics, and none in German). In total, we examined students’ percep-

tions of 60 teachers’ instructional quality (48.3 % male teachers) across the four sub-

jects. 

The experience sampling design was event-contingent, depending on the occurrence 

of the four subjects in the class-specific timetables. Every student was given a 

smartphone that was pre-programmed to prompt the e-diary assessment three 

minutes before the scheduled end of each lesson in the four subjects via the application 

movisensXS (versions 1.3.0-1.3.4; movisens GmbH, Karlsruhe, Germany).  

Missing values are a common phenomenon in intensive longitudinal designs. In our 

case, students were explicitly instructed not to answer the e-diary prompts if they did 

not attend the lesson (e.g., due to illness) or the lesson did not take place (e.g., due to 

class trips or teacher illness). Other reasons for missing values include exams and tech-

nical issues (e.g., empty batteries). While the absolute number of measurement points 

                                                   

1 Data from the larger research project have been and will be used in other manuscripts addressing 

different research questions (Niepel et al., 2022; Dörendahl et al., 2021). The intensive longitudinal 

data examined in this study have not previously been reported in other manuscripts. 
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varied between subjects due to differences in the classes’ timetables, the relative pro-

portion of missing values did not vary substantially between subjects. Specifically, for 

the three-week experience sampling period, average numbers of 10.11 (SD = 3.39) 

mathematics, 6.00 (SD = 3.01) physics, 7.94 (SD = 2.39) German, and 6.44 

(SD = 2.55) English prompts were pre-programmed per student. Out of these pre-pro-

grammed prompts, an average of 7.21 (SD = 3.15) mathematics, 4.39 (SD = 2.46) 

physics, 5.49 (SD = 2.55) German, and 5.00 (SD = 2.15) English prompts were an-

swered per student (i.e., at least one item completed; see Measures Section below). 

Across all students and lessons, we found that 70.81 % (mathematics), 69.11 % (phys-

ics), 69.29 % (German), and 74.38 % (English) prompts of the pre-programmed 

prompts were answered, equal to 2,681 mathematics, 1,555 physics, 2,026 German, 

and 1,835 English e-diary prompts in total.2 Participation was voluntary, and written 

parental consent was obtained for all participating students. All procedures were ap-

proved by the local ethics review panel of the University of Luxembourg and all in-

volved education authorities. 

Measures 

State measure: State SPIQ 

We assessed state SPIQ within the TBDs, teacher support, cognitive activation, and 

classroom management using state measures only referring to the specific lesson. We 

adapted the existing German-language TBDs scales used in PISA 2012 (Mang et al., 

2018) to meet the specific requirements of intensive longitudinal designs as follows:  

First, we reduced the response burden on students to enhance compliance (Stone & 

Shiffman, 2002). For each dimension, we selected two items out of the existing pools 

of five (for teacher support and classroom management each) and nine items (for cog-

nitive activation) based on the highest item-total correlations in combination with the 

broadest content validity and practical applicability in an e-diary. Second, we added 

                                                   

2 Missing values were calculated separately for each of the three dimensions in addition to rule out the 

possibility of meaningful differences in missing values depending on the dimension. No such 

differences were detected across all subjects. 
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“During this lesson” to each item stem and removed trait-like wordings such as “usu-

ally” to obtain lesson-specific (as opposed to general) perceptions. Example items in-

clude “During this lesson, the teacher helped students with their learning” (for 

teacher support), “During this lesson, the teacher gave problems that required us to 

think for an extended time” (for cognitive activation), and “During this lesson, there 

was noise and disorder” (for classroom management; negative indicator). Third, stu-

dents responded on a six-point Likert scale ranging from 0 (false) to 5 (true) with 

higher values representing higher perceived instructional quality. As opposed to the 

original scale, where ratings of frequencies of the observed teaching behavior were re-

quested (i.e., ranging from never [in no lesson] to always [in every lesson]), we 

changed the target of assessment (i.e., specific situations to be agreed or not agreed 

with versus an aggregated frequency estimation across multiple situations) as a nec-

essary step to achieve the desired state-trait distinction. All items can be found in Ger-

man and their English translations in Table S1 in the Online Supplementary Material. 

Trait measures 

Trait SPIQ. In the pre- and post-assessments, we assessed trait SPIQ for the 

TBDs, teacher support, cognitive activation, and classroom management, for the four 

subjects. We used the full five- (for teacher support and classroom management each) 

and nine-item scales (for cognitive activation) as implemented in PISA 2012 (Mang et 

al., 2018), where items were introduced with the question “How often do these things 

happen in your [subject] lessons?” Example items include “The teacher helps students 

with their learning” (for teacher support), “The teacher gives problems that require 

us to think for an extended time” (for cognitive activation), and “There is noise and 

disorder” (for classroom management; negative indicator). Students responded on a 

six-point Likert scale ranging from 0 [never (in no lesson)] to 5 [always (in every les-

son)]. All items were scored such that higher values represented higher perceived in-

structional quality. Mang et al. (2018) reported internal consistencies of α = .84 

(teacher support), α = .79 (cognitive activation), and α = .89 (classroom management) 

for the PISA German student sample. 

Report Card Grades. In the pre-assessment, students reported their mathe-

matics, physics, German, and English grades from their last report card. Self-reported 
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grades have been shown to be reliable achievement indicators in German student sam-

ples as indicated by high relations between self-reported and actual grades (r ≥ .90; 

Sparfeldt et al., 2008). Additionally, overestimations were not systematically corre-

lated with achievement or other educational variables (Dickhäuser & Plenter, 2005). 

School grades in Germany are based on a six-point scale, which was recoded such that 

higher values represented better grades, ranging from 1 (insufficient) to 6 (very good).  

Academic Interest. In the pre- and post-assessment, we assessed academic 

interest in the four subjects using six parallel-worded items adapted from Pohlmann 

et al. (2005). The conceptualization of interest was based on the person-object ap-

proach to interest (Krapp, 2002), which is closely linked to self-determination theory 

(Ryan & Deci, 2000). An example item is “I look forward to [subject] lessons”. Stu-

dents responded on a six-point Likert scale ranging from 0 (false) to 5 (true), with 

higher values representing higher interest. Pohlmann et al. (2005) reported an inter-

nal consistency of α = .94 for their interest scale in a German secondary school student 

sample. 

Statistical Analyses 

To address our research questions, we conducted a series of multilevel confirmatory 

factor analyses (MCFA) within the multilevel structural equation modeling (MSEM) 

framework using the software package Mplus 8.3 (Muthén & Muthén, 1998-2017). Us-

ing MCFA enabled us to consider different sources of variance at the same time. Meas-

urement points were nested within students. Thus, to take account of this hierarchical 

data structure, we specified subject-specific two-level models examining variation be-

tween measurement points within students (i.e., Level 1) and variation between stu-

dents (i.e., Level 2). In MCFA, the total covariance matrix is decomposed into within- 

and between-level matrices, which form the basis for the within- and between-level 

structural equation models (Muthén, 1994). Within-student variance represented de-

viations of scores at specific time points from the student mean, while between-stu-

dent variance represented differences between student means across students. This 

approach allowed us to estimate potentially different factor structures across levels 

(Marsh et al., 2012; Stapleton et al., 2016) to ensure that the hypothesized three-factor 

structure fit best within and between students against competing, more parsimonious 

factor solutions (RQ1). We conducted separate analyses for each of the four school 
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subjects to align with prior domain-specific research (see Praetorius et al., 2018). To 

control for Level 3 (i.e., class level) effects, we included a set of 17 dummy variables 

(based on 18 classrooms) at Level 2 (Hox et al., 2018). Although three-level modeling 

would clearly be appropriate in evaluating SPIQ (Marsh et al., 2012), in our case, only 

the option implementing dummy-coded classroom variables at Level 2 was possible 

given the small number of classrooms in the sample (Huang, 2016).3 Cases of teachers 

teaching the same subject to more than one class could not be considered in the anal-

yses as there were only few such combinations (i.e., a maximum of three; see Section 

Procedure and Participants). We estimated the two-level models with the MLR esti-

mator to obtain robust standard errors of model parameters and an adjusted chi-

square statistic. To estimate the level-inherent variance and extent of data dependency 

due to the hierarchical structure, we calculated item-based intraclass correlation coef-

ficients (ICC[1]; Kim et al., 2016). After detecting substantial Level 1 variation, we 

identified the best-fitting level-specific factor structure. Since Mplus mostly provides 

indices of global model fit, which are mainly determined by the fit of the Level 1 model 

due to its larger sample size, we used a partially saturated model approach in evaluat-

ing the factor structures at each level (e.g., Hox et al., 2018; Janis et al., 2016; Ryu & 

West, 2009). Specifically, we tested both three-factor (as hypothesized by the TBDs 

framework) and more parsimonious factor solutions at Level 1 and Level 2. We speci-

fied a saturated model estimating only item (co)variances at one level (i.e., a model 

with zero degrees of freedom and perfect model fit), while modeling one-factor and 

three-factor solutions at the respective other level. The two-level models were evalu-

ated according to recommended cut-off criteria in the absolute model fit indices CFI, 

RMSEA, and SRMR (i.e., CFI ≥ .95, RMSEA ≤ .06, and SRMR ≤ .08; Hu & Bentler, 

1999) as well as the change in the relative model fit indices AIC and BIC, where lower 

values are preferred (e.g., Kline, 2016). However, we note that these criteria may not 

fully apply to MSEM and must therefore not be considered “golden rules” (Greiff & 

                                                   

3 To check the robustness of the results we obtained using the dummy-coding approach, we additionally 

ran all analyses using the TYPE = COMPLEX option in Mplus, which adjusts standard errors for the 

nested data structure. The results were virtually the same. 
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Heene, 2017). As expected with structural equation modeling using only two indica-

tors per factor (in the three-factor solutions), occasional negative error variances oc-

curred, which we fixed to small non-negative values (Kline, 2016). 

Having identified the best-fitting level-specific factor structures, we noted that these 

comprised an identical number of factors across levels, and thus required cross-level 

measurement invariance for meaningful construct interpretation at both levels (Sta-

pleton et al., 2016). We specified comprehensive two-level models with a structure of 

three correlated factors represented by six manifest indicators at Level 1, and the item 

intercepts at Level 2. Indicators were restricted to load on their proposed factor only, 

and correlations between factors across levels were not allowed (Dyer et al., 2005). See 

Figure 1 for an illustration of the two-level models. To test for cross-level measurement 

invariance, we first specified unconstrained two-level models in which factor loadings 

were estimated freely, and factor variances were fixed to 1. Second, we added cross-

level invariance constraints by setting the indicators’ factor loadings to equality across 

both levels while freely estimating factor variances at Level 2 (Jak & Jorgensen, 2017). 

We compared the unconstrained and constrained models using Satorra-Bentler scaled 

χ2-difference tests in addition to common criteria of model fit deterioration (Hox et 

al., 2018). 
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Figure 1 

Hypothesized Two-level Factor Model for State SPIQ within the TBDs 

 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring per-

ceived cognitive activation; CM1 and CM2 = Items measuring perceived classroom management (see 

Table S1 for item wordings). Subscripted indices i and j denote the measurement points and students, 

respectively. Superscripted letters W and B indicate the within- and between-student level, respectively. 

Dummy-coded classroom variables served as predictors at the between-students level but are not ex-

plicitly represented for better clarity of presentation. The mean structure is not shown in the model. 

This model assumes cross-level metric invariance between the levels 1 and 2. 
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Having established cross-level measurement invariance, we estimated level-specific 

reliability indices with Level 1 and Level 2 omega coefficients (Geldhof et al., 2014) to 

determine whether the two-item based state measure can reliably assess situational 

perceptions of the TBDs (RQ2). As McDonald’s ω is calculated based on factor load-

ings, we removed the cross-level invariance constraints and estimated factor loadings 

freely, while fixing factor variances to 1 at both levels. Additionally, we examined the 

reliability of the student means—that is, the extent of agreement between perceptions 

at different measurement points within students—by estimating ICC[2] indices 

(Bliese, 2000; see also Lüdtke et al., 2009). The index ks indicating the number of 

measurement points within students varied across students and subjects due to our 

sampling design. Therefore, we used the average number of measurement points 

within students, which was ks = 7.21 (mathematics), ks = 4.39 (physics), ks = 5.49 

(German), and ks = 5.00 (English). 

To provide evidence for convergent validity, we examined the relations between ag-

gregated state SPIQ within the TBDs and (a) trait SPIQ within the TBDs at both the 

pre- and post-assessment, (b) students’ reported grades at the pre-assessment, and (c) 

academic interest at both the pre- and post-assessment in the four subjects (RQ3). To 

this end, we estimated correlations within the MSEM framework. School grades en-

tered the model as latent single-item factors by fixing the factor loading to 1 and fixing 

the residual variance to a value based on sample variance and a reliability estimate 

found in previous studies (Kline, 2016). 

Complementary to our MCFA analyses, we conducted additional, cross-classified anal-

yses in a second step. Arguably, SPIQ gathered within shared situations (i.e., all stu-

dents within classes rating the instructional quality in a given lesson) comprise shared 

situation-specific variance. Thus, to control for this shared variance (i.e., consensual 

student perceptions within lessons), we specified two-level cross-classified models ex-

amining variation between measurement points (i.e., Level 1) and variation between 

students (i.e., Level 2a) while additionally estimating variation between shared lessons 

(i.e., Level 2b). By extracting the overlapping shared lesson variance in these cross-

classified models, we obtained estimates for idiosyncratic SPIQ that were controlled 

for shared lesson variance. We used these to test the robustness of our results obtained 

by the two-level models. In doing so, our results were confirmed. Due to the wide-

spread and well-established use of MCFA in multilevel factorial validation in general 



 

 

68 

(e.g. Kim et al., 2016) and with regard to the TBDs in particular (e.g., Fauth et al., 

2014), we focally report the MCFA results and refer to the Online Supplementary Ma-

terial for a detailed illustration of the cross-classified model results. 

In the cross-classified analyses, we addressed the same three RQs as we did with the 

MCFA. Specifically, we repeated the entire procedure described above with the follow-

ing adjustments. We estimated the within-student level (i.e., Level 1) and between-

student level (i.e., Level 2a) explicitly, thus testing different factor structures as out-

lined above. In addition, to consider shared lesson variance, we specified the between-

lesson level (i.e., Level 2b) where item (co)variances were estimated. For the cross-

classified models, we used the option TYPE = CROSSCLASSIFIED with the Bayes es-

timator in Mplus. We evaluated models according to the posterior predictive p value 

(PPPχ2), where values above .05 indicate a good fittig model. We considered the devi-

ance information criterion (DIC) for model comparison, where lower values are pre-

ferred (e.g., Kaplan & Depaoli, 2012). To estimate the reliabilities of SPIQ within les-

sons, we calculated ICC[2] values based on the respective ICC[1] values and the index 

kl indicating the average number of student perceptions in a given lesson. These were 

kl = 15.23 (mathematics), kl = 14.81 (physics), kl = 15.46 (German), and kl = 16.68 

(English). All other actions described in the first set of models (i.e., two-level models) 

were performed analogously in the second set of models (i.e., cross-classified models). 

See an illustration of the cross-classified models in Figure S10 in the Online Supple-

mentary Material. 

Results 

Preliminary Analyses 

Before addressing our research questions, we examined descriptive and psychometric 

properties of the trait measures, which were assessed at the pre-assessment only 

(grades) or the pre- and post-assessment (trait SPIQ and interest), respectively. , 

Single-level McDonald’s ω coefficients for trait SPIQ ranged from ω = .85 to ω = .94 

for teacher support, ω = .65 to ω = .90 for cognitive activation, and ω = .76 to ω = .92 

for classroom management across subjects and the pre- and post-assessment. To ex-

amine the class mean reliability of trait SPIQ, we additionally calculated ICC[2] values 
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based on ICC[1] values of trait SPIQ items and the average number of students within 

classrooms. ICC[2] values ranged from ICC[2] = .81 to ICC[2] = .91 (for teacher sup-

port), from ICC[2] = .51 to ICC[2] = .87 (for cognitive activation), and from ICC[2] = 

.64 to ICC[2] = .94 (for classroom management) across subjects. Test-retest stabilities 

of trait SPIQ between the pre- and post-assessment ranged between ρ = .62 and 

ρ = .70 for teacher support, ρ = .55 and ρ = .74 for cognitive activation, and ρ = .47 and 

ρ = .67 for classroom management across subjects. Coefficients were similar across 

subjects. Thus, trait SPIQ were measured reliably at each point in time (i.e., the pre- 

or post-assessment) with sufficient reliability at the class level, yet the correlations be-

tween these two assessments over an interval of four weeks were comparably lower, 

indicating some variability in trait SPIQ. Single-level McDonald’s ω for academic in-

terest ranged from ω = .85 to ω = .92 across subjects and the pre- and post-assess-

ment, whereas test-retest stabilities were somewhat lower, ranging between ρ = .76 to 

ρ = .84. 

Factor Structures of SPIQ Within and Between Students (RQ 1 and RQ 2) 

Means, Level 1 and Level 2 variances, and ICC[1] values for all state SPIQ items across 

the four subjects are displayed in Table 1. Notably, the proportions of Level 2 (be-

tween-student) and total variance were MICC[1] = .49 on average across items and sub-

jects, leaving about 51 % of Level 1 (+ error) variation unexplained in the two-level 

models.4 

                                                   

4 To estimate variance between teachers (i.e., Level 3), we additionally calculated ICC[1] values for Level 

3. These ranged from ICC[1] = .04 to ICC[1] = .20. Level 3 variance reduced the amount of Level 2 but 

not Level 1 variance, still leaving an average of 51 % of Level 1 variance (i.e., 1- (MICC[1]Level 2 + MICC[1]Level 

3)) unexplained. 
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Table 1 

Means, Variance Components, ICC[1], and ICC[2] Within Students (Level 1) and Between Students (Level 2) for State SPIQ Items 

in Four Subjects 

Item M s2withi

n (SE) 
s2be-

tween 
(SE) 

ICC[1] ICC[2
] 

M s2withi

n 
(SE) 

s2be-

tween 
(SE) 

ICC[1] ICC[2
] 

M s2withi

n 
(SE) 

s2be-

tween 
(SE) 

ICC[1] ICC[2
] 

M s2withi

n 
(SE) 

s2be-

tween 
(SE) 

ICC[1] ICC[2] 

 Mathematics Physics German English 
TS1 3.27 1.11 

(.06) 
0.89 
(.08) 

.45 .86 3.14 0.80 
(.06) 

1.09 
(.10) 

.57 .85 3.24  0.96 
(.06) 

1.03 
(.10) 

.52 .86 3.14  0.92 
(.06) 

0.98 
(.09) 

.51 .84 

TS2 3.0
0 

1.10 
(.06) 

1.00 
(.08) 

.47 .86 2.85 0.87 
(.07) 

1.13 
(.10) 

.57 .85 2.99  0.95 
(.06) 

1.12 
(.10) 

.54 .87 2.87  0.91 
(.06) 

1.06 
(.09) 

.54 .85 

CA1 3.0
6 

1.11 
(.05) 

0.72 
(.07) 

.39 .82 2.86 1.07 
(.07) 

0.85 
(.09) 

.44 .78 2.80  1.25 
(.07) 

0.85 
(.08) 

.39 .79 2.73  1.18 
(.07) 

0.78 
(.08) 

.40 .77 

CA2 3.0
3 

1.08 
(.06) 

0.79 
(.07) 

.42 .84 2.94 0.93 
(.07) 

0.87 
(.09) 

.48 .80 2.85  1.15 
(.07) 

0.91 
(.09) 

.44 .81 2.75  1.08 
(.07) 

0.86 
(.08) 

.44 .80 

CM1 3.35 1.01 
(.06) 

1.18 
(.09) 

.54 .89 3.38 1.06 
(.07) 

0.97 
(.09) 

.47 .79 3.24  1.04 
(.06) 

1.39 
(.10) 

.57 .88 3.63  1.04 
(.07) 

0.83 
(.09) 

.45 .80 

CM2 3.45 0.87 
(.05) 

1.18 
(.09) 

.57 .91 3.49 0.95 
(.07) 

0.96 
(.09) 

.50 .81 3.38  0.91 
(.06) 

1.33 
(.11) 

.60 .89 3.74  0.86 
(.06) 

0.80 
(.08) 

.48 .82 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring perceived cognitive activation; CM1 and CM2 = Items meas-

uring perceived classroom management (see Table S1 for item wordings). ICC[1] = The proportion of between-student to total variance. ICC[2] = Reliability of 

the student means as derived from the ICC[1] and the number of measurement points within students. 

Means are estimated at the between-student level.
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All partially saturated models (i.e., two-level models specifying a one- or three-factor 

solution at one level, and a saturated model at the other level) showed unacceptable 

fits in the one-factor solutions across levels and subjects (see Table 2). On the contrary, 

the three-factor solutions exhibited very good fit to the data, ranging from CFI = .983 

to CFI = 1.000, RMSEA = .000 to RMSEA = .033, SRMRwithin = .001 to SRM-

Rwithin = .020, and SRMRbetween = .001 to SRMRbetween = .021. The relative indices AIC 

and BIC confirmed this finding, displaying lower values in the three-factor solutions 

than in the one-factor solutions. Combining a one-factor solution at one level with a 

three-factor solution at the respective other level (Models e and f in Table 2) further 

supported the misfit of one-factor conceptualizations at both levels. Therefore we dis-

carded the one-factor solutions in all instances and accepted the MCFA models with 

three correlated factors at each level for further analyses. 

To ensure a meaningful construct interpretation at both levels, we applied cross-level 

measurement invariance constraints to the two-level, three-factor models. Across all 

subjects, the constrained models fitted the data equally well compared to the uncon-

strained models (see Table 3). None of the differences in χ2 statistics were statistically 

significant, and changes in model fit indices were only minor, ranging from ΔCFI = -

.001 to ΔCFI = .001, ΔRMSEA = -.001 to ΔRMSEA = .000, ΔSRMRwithin = .000 to 

ΔSRMRwithin = .002, and ΔSRMRbetween = .000 to ΔSRMRbetween = .003. In other 

words, cross-level measurement invariance held across subjects, indicating that the 

three dimensions had the same meaning—as reflected by the item-factor relation-

ship—within and between students.
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Table 2 

Testing Alternative Factor Structures at the Within- and Between-Students Levels 

for each Subject via the Partially Saturated Modeling Approach 

Model Within Between MLR χ2 (df) CFI RMSEA SRMRw SRM
Rb 

AIC BIC 

Mathematics 
1a saturated 3 factors  108.564 (59) .991 .018 .001 .019 43436.695 43973.044 
1b saturated 1 factor 947.590 (94) .843 .058 .024 .120 44250.528 44580.589 
1c 3 factors saturated 6.286 (7) 1.000 .000 .007 .001 43624.108 43865.760 
1d 1 factor saturated 1156.596 (9) .621 .218 .155 .023 45528.434 45758.298 
1e 1 factor 3 factors 1813.726 (68) .679 .098 .155 .020 45336.060 45819.363 
1f 3 factors 1 factor 924.278 (101) .849 .055 .024 .120 44246.587 44535.391 

Physics 
2a saturated 3 factors  120.882 (58) .983 .026 .003 .021 24920.470 25412.600 
2b saturated 1 factor 766.509 (94) .817 .068 .056 .131 25488.297 25787.854 
2c 3 factors saturated 1.502 (7) 1.000 .000 .008 .002 25062.342 25281.660 
2d 1 factor saturated 1249.244 (9) .443 .298 .155 .028 26109.460 26318.080 
2e 1 factor  3 factors 1204.252 (67) .691 .104 .155 .024 25956.116 26400.102 
2f 3 factors 1 factor 741.879 (101) .826 .064 .056 .131 25475.251 25737.363 

German 
3a saturated 3 factors  122.545 (57) .986 .024 .002 .019 32969.370 33491.456 
3b saturated 1 factor 960.655 (94) .821 .067 .044 .116 33721.553 34035.926 
3c 3 factors saturated 15.106 (6) .997 .027 .016 .003 33200.104 33435.884 
3d 1 factor saturated 1242.710 (9) .571 .260 .157 .020 34646.688 34865.627 
3e 1 factor  3 factors 1631.718 (68) .677 .107 .157 .022 34420.690 34881.023 
3f 3 factors 1 factor 945.371 (101) .825 .064 .048 .117 33723.078 33998.155 

English 
4a saturated 3 factors  85.493 (58) .993 .016 .002 .019 29465.353 29972.714 
4b saturated 1 factor 611.300 (94) .874 .055 .049 .116 29937.977 30246.806 
4c 3 factors saturated 21.316 (7) .995 .033 .020 .004 29614.720 29840.827 
4d 1 factor saturated 1209.840 (9) .546 .270 .152 .029 30798.816 31013.893 
4e 1 factor 3 factors 1172.004 (68) .730 .094 .152 .022 30665.094 31117.307 
4f 3 factors  1 factor 630.073 (101) .871 .053 .052 .116 29959.546 30229.771 

Note. MLR = Maximum likelihood estimation with robust standard errors; CFI = Comparative Fit In-

dex; RMSEA = Root Mean Square Error of Approximation; SRMRw = Standardized Root-Mean-Square 

Residual value for within; SRMRb = Standardized Root-Mean-Square Residual value for between; 

AIC = Akaike’s Information Criterion; BIC = Bayesian Information Criterion.  

Models specified at the between-student level (Models a, b, e, and f) consider classroom effects by in-

cluding dummy-coded classroom variables. Cases of negative item error variances were fixed to small 

non-negative values (i.e., 0.0001).
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Table 3 

Testing Cross-Level Measurement Invariance in Factor Models with 3 Factors at the Within- and Between-Students Levels 

Model Specification MLR 
χ2 (df) 

CFI RMSEA SRMRw SRMR
b 

ΔCFI ΔRMSEA ΔSRMRw ΔSRMR
b 

TRd 
(Δdf) 

p Decision 

Mathematics 
1g 3 / 3 factor model  111.483 

(66) 
.992 .016 .007 .019 - - - - - - - 

1h 3 / 3 cross-level in-
variant factor model 

112.84
9 (68) 

.992 .016 .009 .019 .000 .000 .002 .000 1.566 
(2) 

.457 Accept 

Physics 
2g 3 / 3 factor model 116.751 

(65) 
.986 .023 .008 .021 - - - - - - - 

2h 3 / 3 cross-level in-
variant factor model 

119.811 
(67) 

.986 .023 .009 .022 .000 .000 .001 .001 3.087 
(2) 

.214 Accept 

German 
3g 3 / 3 factor model 138.41

2 (64) 
.985 .024 .016 .019 - - - - - - - 

3h 3 / 3 cross-level in-
variant factor model 

134.161 
(66) 

.986 .023 .016 .020 .001 -.001 .000 .001 -7.651 
(2) 

1.00
0 

Accept 

English 
4g 3 / 3 factor model 113.195 

(65) 
.988 .020 .019 .019 - - - - - - - 

4h 3 / 3 cross-level in-
variant factor model 

118.32
8 (67) 

.987 .020 .022 .019 -.001 .000 .000 .003 4.861 
(2) 

.088 Accept 

Note. MLR = Maximum likelihood estimation with robust standard errors; CFI = Comparative Fit Index; RMSEA = Root Mean Square Error of Approximation; 

SRMRw = Standardized Root-Mean-Square Residual value for within; SRMRb = Standardized Root-Mean-Square Residual value for between; TRd = Satorra-

Bentler-scaled χ2-difference test. 

Cases of negative item error variances were fixed to small non-negative values (i.e., 0.0001)
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The level-specific reliability coefficients ω for the two-item scales were estimated 

based on the models without cross-level invariance constraints (Table 4). They ranged 

between ωwithin = .69 and ωwithin = .86 across dimensions and subjects at the within-

student level. In other words, 69 % to 86 % of the total variance at Level 1 could be 

considered true score variance. Reliability coefficients at the between-student level 

ranged from ωbetween = .94 to ωbetween = .98 across dimensions and subjects, indicating 

that 94 % to 98 % of total between-student variance represents true score variance. 

ICC[2] indices, which express the reliability of the student means, ranged between 

ICC[2] = .77 and ICC[2] = .91 across items and subjects (Table 1), indicating sufficient 

reliability of the student means and thus agreement within students (Lüdtke et al., 

2009). 

Table 4 

McDonald’s ω Within and Between Students as Reliability Indices for State SPIQ 

Across Subjects 

 Mathematics Physics German English 
 TS CA CM TS CA CM TS CA CM TS CA CM 
ω within .84 .83 .76 .83 .82 .76 .84 .86 .69 .85 .83 .74 
ω between .97 .97 .94 .96 .98 .95 .96 .97 .94 .95 .97 .94 

Note. TS = Teacher support; CA = Cognitive activation, CM = Classroom management.  

In conclusion, the hypothesized three-factor structure at both levels fitted the data best 

in all subjects. Model fit indices ranged from CFI = .986 to CFI = .992, RMSEA = .016 

to RMSEA = .023, SRMRwithin = .009 to SRMRwithin = .022, and SRMRbetween = .019 to 

SRMRbetween = .022 (see Models 1h, 2h, 3h and 4h in Table 3). Furthermore, all items 

loaded significantly (p < .05) and substantially on their proposed factor, with factor 

loadings ranging between λ = .66 to λ = .91 at the within-student level, and λ = .91 to 

λ = .99 at the between-student level across subjects (see Table 5). Note that between-

level factor loadings were considerably higher than within-level factor loadings due to 

removing most measurement error at the between-level (Zyphur et al., 2008). Three 

factor loadings at the between-student level had to be fixed to 1 to avoid negative re-

sidual variances. Factor correlations for the TBDs as state SPIQ within and between 

students are displayed in Table 6. In all subjects, a remarkably similar picture 
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emerged: Teacher support and cognitive activation were moderately to highly corre-

lated (i.e., ρ = .50 to ρ = .53 within and ρ = .73 to ρ = .78 between students), whereas 

classroom management was correlated with teacher support in mathematics and 

physics between students only (i.e., ρ = .19 and ρ = .21). 

Table 5 

Standardized Factor Loadings at the Within- and Between-Students Levels in the 

Four Subjects 

 Factor Loadings (Within / Between) 

Item Mathematics Physics German English 

Teacher Support 

TS1 .84 / .99 .83 / .97 .86 / .99 .84 / .97 

TS2 .87 / .97 .85 / .98 .85 / .95 .88 / .97 

Cognitive Activation 

CA1 .78 / .94 .80 / .98 .83 / .98 .79 / .98 

CA2 .90 / 1.00* .88 / .98 .91 / .98 .89 / .98 

Classroom Management 

CM1 .74 / 1.00* .70 / .94 .70 / .97 .66 / .91 

CM2 .74 / .93 .78 / 1.00* .73 / .96 .78 / 1.00* 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring 

perceived cognitive activation; CM1 and CM2 = Items measuring perceived classroom management 

(see Table S1 for item wordings). 

All reported standardized factor loadings were statistically significant at p < .05. 

* Factor loadings were fixed to 1 to avoid negative item error variances. 
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Table 6 

Factor Correlations Between Three Basic Dimensions at the Within- and Between-

Students Levels in the Four Subjects 

 Factor Correlations 

Dimension Teacher Support Cognitive Activation Classroom  

Management 

Mathematics 

Teacher Support - .76** .19* 

Cognitive Activation .53** - .06 

Classroom Management .01 -.03 - 

Physics 

Teacher Support - .78** .21* 

Cognitive Activation .51** - .05 

Classroom Management -.01 -.09 - 

German 

Teacher Support - .74** .11 

Cognitive Activation .50** - .05 

Classroom Management .09 -.04 - 

English 

Teacher Support - .73** .03 

Cognitive Activation .51** - -.11 

Classroom Management -.02 -.06 - 

Note. Correlations below the diagonals represent within-students correlations, and correlations above 

the diagonals represent between-students correlations. 

* p < .05; ** p < .01 

The pattern of results was virtually the same when applying the cross-classified mod-

els. Detailed results for the cross-classified models are presented in the Online Sup-

plementary Material. ICC[1] and ICC[2] values for the between-student level virtually 

did not change as compared to the MCFA models (see Table S2). The ICC[1] values for 

the between-lesson level ranged between .04 and .17, indicating comparably lower 

shared lesson variance than variance attributable to the student. ICC[2] values for the 

between-lesson levels were lower than ICC[2] values for the between-student level, 

suggesting a higher reliability of measurement points within students than that be-

tween different SPIQ within lessons, which mostly showed indices below acceptable 

reliability. The cross-classified models showed the best data fit when a three-factorial 
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solution was specified within- and between-students when considering shared lesson 

variance (RQ1; Table S3). Both models with and without cross-level measurement in-

variance constraints showed a good data fit (Table S4). DIC values show only marginal 

discrepancies contradicting the assumption of a significant decrease of model fit due 

to cross-level measurement invariance constraints (see also Asparouhov & Muthén, 

2020). The ω coefficients indicated that the TBDs were measured reliably within and 

between students (RQ2; Table S5). Factor loadings and factor correlations did not 

change noticeably in the cross-classified as compared to the MCFA models (see Tables 

S6 and S7). However, in the cross-classified models, no negative residual variances 

occurred. In conclusion, the results of the cross-classified models clearly strengthen 

the MCFA results in accordance to our RQs, rendering support for the multilevel fac-

torial validation of SPIQ within the TBDs framework when extracting shared percep-

tions.  

Relations to Trait SPIQ, Grades, and Academic Interest (RQ 3) 

To obtain convergent validity evidence, we examined aggregated state SPIQ’s correla-

tions with trait SPIQ as well as educational outcomes the TBDS framework aims to 

predict (i.e., school grades and academic interest) at the between-student level (see 

Table 7). With regard to the four different subjects, we noted that relations were sub-

stantially higher within matching subjects than across different subjects, underscoring 

the TBDs’ domain-specificity and, therefore, providing preliminary support for con-

vergent and discriminant validity. Here, we only report significant relations within the 

same subject for increased clarity of results. However, we present cross-domain rela-

tions in Table S8 in the Online Supplementary Material.  

  



 

 

78 

Table 7 

Latent Correlations Between Aggregated State SPIQ and Trait SPIQ to Trait SPIQ, 

Grades and Interest at the Pre- and Post-Assessment in Four Subjects 

 Aggregated State SPIQ Trait SPIQ 
Trait Di-
mension 

TS CA CM TS 
(Pre) 

TS 
(Post) 

CA 
(Pre) 

CA 
(Post) 

CM 
(Pre) 

CM 
(Post) 

 Mathematics 
TS (Pre) .62** .36** .21** --      
TS (Post) .69** .43** .25** .68** --     
CA (Pre) .66** .54** .33** .78** .60** --    
CA (Post) .53** .62** .31** .43** .63** .72** --   
CM (Pre) .14 .05 .42** .20** .15* .23** .08 --  
CM (Post) .21** .08 .70** .26** .22** .30** .16** .67** -- 
Grade (Pre) .23** .18* .08 .13* .14* .17* .16* -.01 .08 
INT (Pre) .41** .28** .19** .29** .26** .31** .18** .03 .25** 
INT (Post) .39** .26** .14 .19** .26** .26** .23** -.04 .10 
 Physics 
TS (Pre) .69** .43** .10 --      
TS (Post) .70** .47** .30** .70** --     
CA (Pre) .63** .54** .24** .63** .52** --    
CA (Post) .59** .65** .20* .38** .60** .60** --   
CM (Pre) .26** .15* .52** .14* .12 .25** .13 --  
CM (Post) .26** .13 .76** .20** .26** .28** .19** .47** -- 
Grade (Pre) .69** .43** .10 .12 .12 .21* .27** .15 .03 
INT (Pre) .70** .47** .30** .37** .37** .33* .41** .19** .19** 
INT (Post) .63** .54** .24** .33** .41** .24** .37** .11 .16** 
 German 
TS (Pre) .59** .36** .11 --      
TS (Post) .56** .39** .17* .70** --     
CA (Pre) .40** .33** .08 .71** .41** --    
CA (Post) .48** .52** .20** .53** .62** .55** --   
CM (Pre) .17* .10 .49** .24** .14* .27** .17* --  
CM (Post) .18* .12 .54** .19** .26** .15* .21** .53** -- 
Grade (Pre) .12 .30** .10 .20** .24** .18** .24** .15* .10 
INT (Pre) .35** .29** .16* .46** .40** .39** .40** .28** .20** 
INT (Post) .39** .26** .16* .43** .38** .33** .40** .21** .20** 
 English 
TS (Pre) .54** .37** .07 --      
TS (Post) .44** .32** .29** .62** --     
CA (Pre) .41** .40** .07 .69** .50** --    
CA (Post) .39** .47** .20** .56** .68** .74** --   
CM (Pre) .14 .08 .27* .26** .19** .23** .14* --  
CM (Post) .05 .06 .55** .15* .33** .13* .22** .56** -- 
Grade (Pre) .07 .00 .10 .07 .13 .10 .20** .01 .03 
INT (Pre) .29** .19** .26** .35** .36** .47** .44** .06 .12 
INT (Post) .20** .16* .33** .34** .41** .42** .45** .14* .14* 

Note. TS = Teacher support; CA = Cognitive activation; CM = Classroom management; INT = Academic 

interest; Pre = Pre-assessment (i.e., week 1); Post = Post-assessment (i.e., week 5). State SPIQ were 

aggregated via latent aggregation, and all correlations were estimated at the between-students level. 

* p < .05; ** p < .01 
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Relations with trait SPIQ (e.g., aggregated state teacher support in mathematics with 

trait teacher support in mathematics) were positive and moderate to large, ranging 

between ρ = .27 to ρ = .76 across dimensions and subjects. It is worth noting that the 

relations between aggregated state SPIQ of teacher support [cognitive activation] and 

trait SPIQ of cognitive activation [teacher support] often were of similar strength or 

only somewhat lower as the relations within these dimensions, reflecting the two di-

mensions’ conceptual overlap. To estimate the effect of shortening the SPIQ scale to 

two items per dimension, we additionally repeated all analyses of the three trait SPIQ 

scales with short trait SPIQ scales consisting of only the two items that were adapted 

and used in the e-diary. The results were virtually the same. 

Examining the relations to school grades and academic interest made it possible to 

test essential assumptions of the TBDs framework using the aggregated state measure. 

As hypothesized by the framework, grades were positively related to state SPIQ of 

teacher support in two subjects (mathematics and physics; ρ = .23 and ρ = .29) as well 

as to state SPIQ of cognitive activation in two subjects (mathematics, and German; 

ρ = .18 and ρ = .30). State SPIQ of classroom management were not related to grades 

in any subject. Interest was positively related to state SPIQ of teacher support and 

cognitive activation in all subjects (ranging from ρ = .16 to ρ = .50), and to state SPIQ 

of classroom management in mathematics, physics, and English (ranging from ρ = .16 

to ρ = .34), generally confirming the predictions derived from the TBDs framework. 

Again, the same procedure was applied to the cross-classified models. In doing so, the 

relations of aggregated state SPIQ that were controlled for shared lesson perceptions 

to trait SPIQ, interest, and achievement were virtually the same (see Table S9).  

Discussion 

Frameworks on SPIQ are critical to defining, assessing, and ultimately improving in-

structional quality, a key educational construct that is directly linked to relevant edu-

cational outcomes. The TBDs, as one of the most widely employed frameworks, have 

received considerable attention in factorial and predictive validation studies. Recently, 

multiple scholars have stressed the importance of multilevel validation studies of SPIQ 

as a hierarchical construct (e.g., Wisniewski et al., 2020). However, all available mul-

tilevel validation studies exclusively examine the between-student and class or school 
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level, even though instruction itself and thus also SPIQ take place within lessons and 

are subject to substantial within-person dynamics on the part of both teachers and 

students. To address this shortcoming, we conducted an experience sampling study 

and assessed state SPIQ within the TBDs in every mathematics, physics, German, and 

English lesson over three weeks of everyday school life, capturing within-student var-

iation in SPIQ. In doing so, we confirmed the three-factor structure of state SPIQ 

within- and between students (RQ1) that were assessed reliably in our experience sam-

pling design (RQ2) and showed significant relations to crucial educational outcomes 

(RQ3). 

Factorial Validity of SPIQ Within and Between Students 

The approximately 50 % within-person variation found in our study is in line with re-

cent findings across a variety of psychological constructs (e.g., job performance, self-

efficacy, or stressors; Podsakoff et al., 2019. Additionally, the relatively low test-retest 

stabilities in the trait conceptualization of SPIQ over a rather short period of time were 

of comparable size to prior research (Wagner et al., 2016), hinting at variability in the 

construct (but see also Marsh, 2007, who found high stabilities of SPIQ at the class 

level over a long period of time). In the present study, we shed light on within-student 

variation in SPIQ over time to provide valuable theoretical insights on the TBDs as 

well as novel practical implications for teaching effectiveness. Note that we focus on 

the within- and between-student level in the present study, but want to emphasize the 

need to analyze SPIQ at the class level (see Section Limitations).  

Our results yielded strong support for the factor structure hypothesized by the TBDs 

framework both within and between students (RQ 1). In other words, the three dimen-

sions of teacher support, cognitive activation, and classroom management are distin-

guishable both in individual lessons and as aggregated perceptions across points in 

time. Changes in perceptions of these dimensions are thus expressed as changes in 

state measurement instruments, suggesting the relevance of situational perceptions in 

real time in addition to trait-like perceptions. As this structure held across the four 

investigated subjects, the understanding of the TBDs as a generic construct was sup-

ported. Goetz et al. (2013; 2020) showed that real-time perceptions of instructional 

quality are relevant with respect to situational emotions. We added to this reasoning 

by demonstrating the situational existence and importance of the TBDs. Without this 
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knowledge, one might have assumed, for example, that classroom management, which 

is considered to be relatively stable, is not prone to situational changes at all and loses 

its relevance in individual lessons in everyday school life, but rather operates as a trait-

like construct. Another misconception might have concerned differing factor struc-

tures across subjects other than mathematics. In contrast, our findings indicate that 

all three dimensions are relevant in individual lessons and similarly associated in 

mathematics, physics, German, and English. For instance, we found that teacher sup-

port and cognitive activation were moderately to highly related to one another; teach-

ers who are perceived to be more supportive also tend to be perceived as more cogni-

tively engaging, both in individual lessons and in general. This relation is consistent 

with prior research results and theoretical assumptions regarding the conceptual over-

lap between these two dimensions (Fauth et al., 2014; Jonassen, 2011; Scherer et al., 

2016; Wagner et al., 2013), while substantially extending existing findings to a broader 

range of subject areas.  

To assess the trustworthiness of these findings, we investigated the psychometric 

properties of the implemented state measure (RQ 2). In experience sampling, one of 

the most prominent methodological issues lies in developing reduced scales suitable 

for high-frequent assessment, often leading to the use of single-item measures (e.g., 

Goetz et al., 2020; Klumb et al., 2009). In contrast, we used two items per factor, which 

limited us in terms of model estimation compared to traditional longer scales (e.g., 

resulting in occasional negative error variances in the specified MCFA but not in the 

cross-classified models), but nevertheless enabled latent modeling and thus the elim-

ination of measurement error and the estimation of scale reliability. Furthermore, 

good reliability estimates were found within and between students, indicating that stu-

dents reliably differentiated between the three dimensions in individual lessons, and 

different students reliably differentiated between the three dimensions in their aggre-

gated, overall perceptions. These psychometric properties were especially satisfactory 

given the rather strict MCFA model assumptions (i.e., perfect item-factor associa-

tions)—particularly when including cross-level invariance constraints (i.e., the same 

strength of item-factor relations in individual lessons as overall). Our results thus 

seem to provide strong support for the generalizability of the three-dimensional factor 

structure across levels. Returning to the taxonomy of multilevel constructs introduced 

by Stapleton and colleagues (2016), we, therefore, argue for considering SPIQ as a 
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configural multilevel construct, displaying a cross-level invariant structure within- 

and between-students (i.e., Levels 1 and 2 in the two-level models, and Levels 1 and 2a 

in the cross-classified models, respectively). We have demonstrated substantial, 

meaningful within-student variation—also after extracting shared situational percep-

tions—weakening the notion of students’ interchangeability as mere informants for a 

higher-level construct. 

Convergent Validity of State SPIQ 

To obtain insights into whether assumptions made by the TBDs framework also apply 

to state SPIQ, we investigated relations with the key educational outcomes of grades 

and interest in addition to trait SPIQ (RQ 3). Aggregating state SPIQ emphasized its 

trait-like component, which was reflected in the relations to ‘pure’ trait SPIQ, which 

indicated a substantial overlap between these two constructs. Yet, the correlations 

were far from perfect, reflecting the hypothesized distinction between state and trait 

we wanted to achieve. However, it is important to note that the state and trait scales 

differed due to the adaptation to the experience sampling design (i.e., change of refer-

ence from multiple lessons to specific lessons and according change of response for-

mat along with shortening and wording adaptation). These changes were undertaken 

to transform the trait scale into the state scale, yet, have to be kept in mind when in-

terpreting the respective scale scores (i.e., responses of state scale reflect the extent of 

agreement with a statement for a specific situation whereas responses of the trait scale 

reflect an aggregated evaluation of instructional quality in an unknown number of les-

sons by the student). We also showed that the selection of two items for the state scale 

proved to be straightforward when contrasting state relations to trait relations with 

the same two items versus to trait relations with all items.  

As assumed by the TBDs framework, teacher support should predict interest, whereas 

cognitive activation should predict grades, and classroom management should predict 

grades and possibly interest. These theory-driven expectations could largely be con-

firmed, with some differences across subjects as well as other positive relations that 

had not been hypothesized. In general, we found positive relations between state SPIQ 

of teacher support and cognitive activation with grades and interest, and between state 

SPIQ of classroom management with interest only. This indicates that the TBDs are 
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not only present in individual lessons and undergo situational variation, they are also 

differentially related to crucial outcomes, further underscoring their relevance. 

Limitations 

The present study has several limitations: First, SPIQ are hierarchical, referring to the 

teacher or classroom, which is visible in the item wordings accordingly. Although we 

highlighted the importance of a multilevel approach in analyzing SPIQ, we were not 

able to explicitly model the class level, as we reached the statistical limits of our sample 

at Level 3 (i.e., 18 clusters). Note that the present study does not aim to discount 

teacher / classroom effects in SPIQ, or even argue against analyzing SPIQ on the class 

level. For instance, class level aggregated SPIQ are crucial to provide information on 

teaching effectiveness. Instead, the present study seeks to enhance awareness of les-

son-to-lesson variation in SPIQ to validate the framework of TBDs at the within-stu-

dent level. SPIQ are affected by student traits and states, but also teacher traits and 

states as well as external factors. We did not assess teacher traits and states, and can 

therefore only speak about student perceptions but not actual instructional quality. It 

is conceivable that we underestimate teacher effects by design, as all variation at Level 

1 is attributed to student states in the two-level models. However, the resulting pattern 

did not change remarkably when employing the cross-classified models, that is when 

extracting shared classroom perceptions as an approximation to considering actual 

teaching behavior. Still, the present study clearly focused on the student and not the 

teacher to raise awareness of meaningful lesson-to-lesson variation in SPIQ and thus 

also consider the within-student level in studies on instructional quality. To extract 

idiosyncratic SPIQ and with this, to consider teacher effects, we (a) added dummy-

coded classroom variables as predictors at the between-student level and (b) added a 

cross-classified between-lesson level to clear idiosyncratic situational perceptions by 

shared, consensual situational perceptions. ICC[1] values for both the class level and 

the between-lesson level proved to be lower compared to the between-student level, 

indicating lower SPIQ variance proportions at these levels compared to the between-

student level. Still, the approach we realized is not optimal and only a compromise. 

We acknowledge that (a) we only have a near-perfect match between classrooms and 

teachers, leaving some double combinations of teachers teaching in multiple class-
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rooms unconsidered (see Fauth et al., 2020). Further, (b) there are still variance com-

ponents that we cannot explain (e.g., student*teacher interactions; see Feistauer & 

Richter, 2017). The distribution of these additional variance components and their im-

pact on the current explained variance components remains unclear. Thus, future re-

search is indicated here. Nevertheless, our results show that a large proportion of var-

iance in SPIQ is attributable to the student—even after controlling for the ‘actual’ in-

structional quality as operationalized by shared lesson perceptions. This further sup-

ports research efforts to focus on the student in student perceptions of instructional 

quality (see also Kunter & Baumert, 2007). As such, the present study contributes to 

the understanding that substantial systematic variance in SPIQ (i.e., within-student 

variance) is largely ignored if the within-student level is not taken into account (i.e., 

when conducting between-person analyses relying on the between-student and class 

levels only).  

As another limitation, it is important to keep in mind that our results are correlational. 

We did not perform experimental manipulations of instructional quality to assess state 

SPIQ and its effects on outcomes. Therefore, we cannot draw any conclusions concern-

ing causality. In particular, the relations to trait SPIQ, school grades, and interest do 

not imply a direction and could also potentially be explained by third variables not 

considered here. Future research could build upon our findings by manipulating state 

instructional practices or including other situational variables hypothesized to be di-

rectly or indirectly linked to SPIQ according to the TBDs framework, thus transform-

ing between-person-based knowledge to the within-person level. 

Further, we note that our results are based on a sample of 9th and 10th grade German 

secondary school students attending six highest ability track schools in four German 

federal states. As is common in psychological research, we cannot claim that our sam-

ple and, with this, our results are representative, and thus call for further research 

based on different samples (e.g., different cultures, school systems, ability tracks, and 

age groups).  

At the same time, we investigated four different school subjects to enhance generali-

zability across subjects. Thus, we included other domains of interest to the mathemat-

ics-focused TBDS research and found similar result patterns across different domains. 

Specifically, we established a three-factor structure across the subjects math, physics, 
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German and English. For comparative research on SPIQ across subjects, however, as-

sumptions of measurement invariance need to be tested in future studies (see Schnei-

der et al., 2022). In the present study, student grades and interest as central achieve-

ment and motivation indicators were used as convergent validity criteria. One could 

examine further crucial outcome variables such as academic self-concept (e.g., Scherer 

et al., 2016) or emotions (e.g., Goetz et al., 2020; see also Praetorius et al., 2018 for an 

overview of examined criteria). 

Finally, note that we used school grades as achievement indicators rather than stand-

ardized test scores. The distinction between these two indicators has been discussed 

in prior work (Arens, Marsh, et al., 2017). On the one hand, school grades are commu-

nicated by the teacher, increasing their salience to the student. On the other hand, 

grades seem more biased (e.g., the class as the frame of reference). We chose grades 

as achievement indicators due to our idiosyncratic approach, as well as the fact that 

information on the teacher and classroom are highly salient in SPIQ. Moreover, it has 

recently been shown that grades affect SPIQ in the same subject and across subjects 

after controlling for standardized achievement test scores (Jaekel et al., 2021).  

Implications and Conclusion 

We could confirm the three-dimensional structure of the TBDs within (i.e., from les-

son to lesson) and between students in four core school subjects (mathematics, phys-

ics, German, and English). Our findings suggest that the student plays a pivotal role 

when examining (perceptions of) instructional quality. Knowledge of the relevance of 

all TBDs in individual lessons and the relevance of individual student characteristics 

in SPIQ could help teachers not only design their lessons but also enhance their teach-

ing effectiveness by raising their awareness of classroom dynamics. Acknowledging 

the classroom as a highly interactional and situational system makes it possible to 

identify the circumstances under which certain instructional practices are linked to 

corresponding outcomes. In this way, teaching can be adaptive instead of fixed. Bring-

ing daily fluctuations to attention also makes it possible to shed light on the roles of 

student traits and states as well as teacher traits and states in (perceptions of) instruc-

tion. Both teachers and students could benefit from a more dynamic view of classroom 

interactions in these core subjects that weakens rigid dysfunctional attribution styles 

(e.g., “I am a bad teacher”). Realizing that daily states operate alongside general traits 



 

 

86 

has the potential to encourage the adoption of a more constructive mindset by both 

students and teachers in which each lesson is treated as a new opportunity. Hence, 

future research could focus on the effects of SPIQ not only within but also between 

subjects (Jaekel et al., 2021), which could hold further potential for teacher trainings 

and school administration. 

Overall, our results significantly contributed to existing literature on SPIQ within the 

TBDs framework by extending the level of analysis to the within-student level. We ar-

gue that this framework can inform researchers and practitioners about the perceived 

quality of instruction over time and across lessons and thus has the potential to shed 

light on the dynamics and processes that underlie perceptions of instruction. 
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Online Supplementary Material 

Table S1 

The German-language Scale to Assess State SPIQ within the TBD and its English 

Translation 

Item German version English version 

Teacher Support 

TS1 In der Stunde eben hat unsere Lehrerin 

/ unser Lehrer uns beim Lernen unter-

stützt. 

During this lesson, the teacher helped 

students with their learning. 

TS2 In der Stunde eben hat unsere Lehrerin 

/ unser Lehrer sich für den Lernfort-

schritt jeder einzelnen Schülerin / jedes 

einzelnen Schülers interessiert. 

During this lesson, the teacher showed 

an interest in every student’s learning. 

Cognitive Activation 

CA1 In der Stunde eben hat unsere Lehrerin 

/ unser Lehrer uns Aufgaben gegeben, 

bei denen wir einige Zeit darüber nach-

denken mussten. 

During this lesson, the teacher gave 

problems that required us to think for 

an extended time. 

CA2 In der Stunde eben hat unsere Lehrerin 

/ unser Lehrer Fragen gestellt, die uns 

angeregt haben, über die Aufgabe 

nachzudenken. 

During this lesson, the teacher asked 

questions that made us reflect on the 

problem. 

Classroom Management 

CM1 In der Stunde eben war es oft laut, und 

es ging drunter und drüber. 

During this lesson, there was noise and 

disorder. 

CM2 In der Stunde eben musste unsere Leh-

rerin / unser Lehrer lange warten, bis 

die Schülerinnen und Schüler ruhig 

wurden. 

During this lesson, the teacher had to 

wait for a long time for students to 

quiet down. 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring per-

ceived cognitive activation; CM1 and CM2 = Items measuring perceived classroom management.  
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Table S2 

Cross-Classified Models: Variance Components, ICC[1], and ICC[2] Within Students 

and Within Lessons (Level 1), Between Students (Level 2a), and Between Lessons 

(Level 2b) for State SPIQ in Four Subjects 

 s2within (SE) s2between-students 
(SE) 

s2between-lessons 
(SE) 

Between-Student 
Level 

Between-Lesson 
Level 

    ICC[1] ICC[2] ICC[1] ICC[2] 
 Mathematics 
TS1 0.96 (.03) 0.80 (.08) 0.22 (.04) .40 .83 .11 .65 
TS2 0.97 (.03) 0.92 (.08) 0.20 (.03) .44 .85 .10 .63 
CA1 1.02 (.03) 0.70 (.07) 0.12 (.02) .38 .82 .07 .53 
CA2 1.01 (.03) 0.78 (.07) 0.10 (.02) .41 .83 .05 .44 
CM1 0.92 (.03)  1.11 (.09) 0.13 (.03) .51 .88 .06 .49 
CM2 0.77 (.02) 1.08 (.10) 0.15 (.03) .54 .89 .07 .53 
 Physics 
TS1 0.75 (.03) 1.00 (.10) 0.14 (.04) .52 .83 .08 .56 
TS2 0.80 (.03) 1.03 (.10) 0.18 (.05) .51 .82 .09 .59 
CA1 0.93 (.04) 0.83 (.09) 0.21 (.05) .42 .76 .11 .65 
CA2 0.90 (.04) 0.89 (.09) 0.07 (.03) .48 .80 .04 .38 
CM1 0.97 (.04) 0.81 (.09) 0.22 (.06) .41 .75 .11 .64 
CM2 0.88 (.04) 0.81 (.09) 0.19 (.06) .43 .77 .10 .62 
 German 
TS1 0.90 (.03) 0.95 (.09) 0.14 (.03) .48 .84 .07 .54 
TS2 0.89 (.03) 1.06 (.10) 0.12 (.03) .51 .85 .06 .50 
CA1 1.12 (.04) 0.73 (.08) 0.25 (.05) .35 .74 .12 .68 
CA2 1.04 (.04) 0.81 (.09) 0.20 (.04) .40 .78 .10 .63 
CM1 0.92 (.04) 1.24 (.12) 0.22 (.05) .52 .86 .09 .60 
CM2 0.80 (.03) 1.23 (.11) 0.18 (.04) .56 .87 .08 .57 
 English 
TS1 0.80 (.03) 0.73 (.08) 0.32 (.07) .39 .76 .17 .77 
TS2 0.83 (.03) 0.86 (.08) 0.23 (.06) .45 .80 .12 .69 
CA1 1.08 (.04) 0.70 (.07) 0.19 (.05) .35 .73 .10 .65 
CA2 0.99 (.04) 0.76 (.08) 0.19 (.05) .39 .76 .10 .65 
CM1 0.95 (.04) 0.83 (.07) 0.17 (.04) .43 .79 .09 .62 
CM2 0.80 (.03) 0.76 (.07) 0.14 (.04) .45 .80 .08 .59 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring per-

ceived cognitive activation; CM1 and CM2 = Items measuring perceived classroom management (see 

Table S1 for item wordings). ICC[1] = The proportion of between-level to total variance. ICC[2] = Reli-

ability of the level means as derived from the ICC[1] and the number of measurement points within 

students (for the between-student level) or the number of different student perceptions within lessons 

(for the between-lesson level).  
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Table S3 

Cross-Classified Models: Testing Alternative Factor Structures at the Within- and 

Between-Students Levels for each Subject via the Partially Saturated Modeling Ap-

proach 

Model Within 
 

Between Stu-
dent Level 

Between Les-
son Level 

PPPχ2  pD DIC 

Mathematics 
1i saturated 3 factors  saturated 0.418 1972.817 41326.810 
1j saturated 1 factor saturated 0.000 2073.550 41677.753 
1k 3 factors saturated saturated 0.421 1956.117 41295.843 
1l 1 factor saturated saturated 0.000 1714.140 42662.242 
1m 1 factor 3 factors saturated 0.000 1699.154 42675.699 
1n 3 factors 1 factor saturated 0.000 2057.618 41657.463 

Physics 
2i saturated 3 factors  saturated 0.438 1452.183 23643.086 
2j saturated 1 factor saturated 0.002 1450.767 24085.249 
2k 3 factors saturated saturated 0.465 1467.462 23634.187 
2l 1 factor saturated saturated 0.000 1273.673 24298.770 
2m 1 factor 3 factors saturated 0.000 1257.933 24282.238 
2n 3 factors 1 factor saturated 0.001 1451.124 24068.202 

German 
3i saturated 3 factors  saturated 0.390 1743.600 31267.544 
3j saturated 1 factor saturated 0.000 1809.555 31623.656 
3k 3 factors saturated saturated 0.344 1764.343 31260.152 
3l 1 factor saturated saturated 0.000 1515.344 32330.635 
3m 1 factor 3 factors saturated 0.000 1497.365 32334.972 
3n 3 factors 1 factor saturated 0.000 1781.940 31589.293 

English 
4i saturated 3 factors  saturated 0.371 1630.529 28040.110 
4j saturated 1 factor saturated 0.000 1651.425 28396.922 
4k 3 factors saturated saturated 0.177 1624.347 28035.690 
4l 1 factor saturated saturated 0.000 1438.296 28873.309 
4m 1 factor 3 factors saturated 0.000 1422.122 28831.078 
4n 3 factors 1 factor saturated 0.000 1644.300 28402.065 

Note. PPPχ2  = Posterior predictive p-value; pD = estimated number of parameters; DIC = Deviance 

Information Criterion. Models specified at the between-student level (models i, j, m, and n) consider 

classroom effects by including dummy-coded classroom variables. 



 

 

90 

Table S4 

Cross-Classified Models: Testing Cross-Level Measurement Invariance in Factor 

Models with 3 Factors at the Within- and Between-Students Levels and Saturated 

Models at the Between-Lessons Level 

Model Specification PPPχ2  pD DIC 
Mathematics 

1o 3 / 3 / saturated factor model  0.373 1949.358 41299.117 
1p 3 / 3 / saturated cross-level invariant factor 

model 
0.395 1965.332 41296.103 

Physics 
2o 3 / 3 / saturated factor model  0.475 1441.497 23649.864 
2p 3 / 3 / saturated cross-level invariant factor 

model 
0.450 1456.738 23608.595 

German 
3o 3 / 3 / saturated factor model  0.314 1717.908 31237.835 
3p 3 / 3 / saturated cross-level invariant factor 

model 
0.297 1744.844 31245.894 

English 
4o 3 / 3 / saturated factor model  0.191 1592.707 28008.119 
4p 3 / 3 / saturated cross-level invariant factor 

model 
0.188 1629.263 28023.023 

Note. PPPχ2  = Posterior predictive p-value; pD = estimated number of parameters; DIC = Deviance 

Information Criterion; BCFI = Bayesian Comparative Fit Index; BRMSEA = Bayesian Root Mean 

Square Error of Approximation. 

3 / 3 / saturated factor models specify 3 factors within, 3 factors between students as well as item 

(co)variances between lessons. 3 / 3 / saturated cross-level invariant factor models specify 3 factors 

within and 3 factors between students with equal item factor loadings across those levels, as well as 

item (co)variances between lessons.  
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Table S5 

Cross-Classified Models: McDonald’s ω Within and Between Students as Reliability 

Indices for State SPIQ Across Subjects 

 Mathematics Physics German English 
 TS CA CM TS CA CM TS CA CM TS CA CM 
ω within .82 .82 .69 .82 .82 .70 .84 .85 .65 .84 .82 .67 
ω between 
students 

.86 .89 .87 .91 .89 .86 .90 .85 .88 .85 .87 .86 

Note. TS = Teacher support; CA = Cognitive activation, CM = Classroom management.  
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Table S6 

Cross-Classified Models: Standardized Factor Loadings at the Within- and Between-

Students Levels in the Four Subjects 

 Factor Loadings (Within / Between) 

Item Mathematics Physics German English 

Teacher Support 

TS1 .82 / .99 .82 / .97 .84 / .99 .82 / .97 

TS2 .85 / .98 .83 / .98 .85 / .96 .87 / .98 

Cognitive Activation 

CA1 .78 / .96 .80 / .98 .83 / .98 .78 / .98 

CA2 .87 / .99 .85 / .99 .89 / .98 .87 / .98 

Classroom Management 

CM1 .68 / .96 .68 / .96 .64 / .97 .64 / .94 

CM2 .74 / .97 .73 / .98 .68 / .97 .73 / .99 

Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring per-

ceived cognitive activation; CM1 and CM2 = Items measuring perceived classroom management (see 

Table S1 for item wordings). 

All reported standardized factor loadings were statistically significant at p < .05. 
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Table S7 

Cross-Classified Models: Factor Correlations Between Three Basic Dimensions at the 

Within- and Between-Students Levels in the Four Subjects 

 Factor Correlations 

Dimension Teacher Support Cognitive Activation Classroom Manage-

ment 

Mathematics 

Teacher Support - .75** .18* 

Cognitive Activation .56** - .04 

Classroom Management .04 -.02 - 

Physics 

Teacher Support - .75** .20* 

Cognitive Activation .52** - .05 

Classroom Management -.04 -.14** - 

German 

Teacher Support - .73** .12 

Cognitive Activation .49** - .04 

Classroom Management .04 -.06 - 

English 

Teacher Support - .71** .02 

Cognitive Activation .50** - -.11 

Classroom Management -.04 -.08 - 

Note. Correlations below the diagonals represent within-students correlations, and correlations above 

the diagonals represent between-students correlations. 

* p < .05; ** p < .01 
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Table S8 

Within- and Cross-Domain Factor Correlations Between Aggregated State SPIQ, 

Trait SPIQ, Grades and Interest at Pre- and Post-Assessment in Two-Level Models 

  Aggregated State SPIQ 
 Trait Di-

mension 
Mathematics Physics German English 

  TS CA CM TS CA CM TS CA CM TS CA CM 

M
at

h
em

at
ic

s 

TS (Pre) .62** .36** .21** .34** .23** .14 .24** .25** .10 .29** .15** .07 
TS (Post) .69** .43** .25** .26** .22** .11 .26** .26** .16* .28** .23** .17* 
CA (Pre) .66** .54** .33** .36** .29** .30** .16 .23** .21* .20** .12* .17* 
CA (Post) .53** .62** .31** .24** .37** .20* .20** .31** .21** .24** .37** .28** 
CM (Pre) .14 .05 .42** .00 -.10 .30** -.05 -.09 .22* .01 .02 .11* 
CM (Post) .21** .08 .70** .06 -.07 .43** .13 .03 .26** -.01 -.04 .35** 
Grade 
(Pre) 

.23** .18* .08 .17 .16 .11 .01 .19* -.06 .04 .01 -.07 

INT (Pre) .41** .28** .19** .28** .21** .14 .26** .26** .07 .16* .05 -.05 
INT (Post) .39** .26** .14 .31** .26** .16* .19** .20** .12 .14* .03 .02 

P
h

ys
ic

s 

TS (Pre) .35** .24** -.03 .69** .43** .10 .25** .29** -.07 .29** .21** -.11 
TS (Post) .36** .20** .13 .70** .47** .30** .16* .07 .04 .25** .17* .09 
CA (Pre) .28** .26** .06 .63** .54** .24** .13 .24** .01 .26** .25** .01 
CA (Post) .35** .41** .18 .59** .65** .20* .13 .36** -.03 .24** .39** .00 
CM (Pre) .10 .04 .26** .26** .15* .52** .13 .16* .36** .14 .05 .24** 
CM (Post) .09 .05 .40** .26** .13 .76** .09 .06 .48** -.05 .00 .35** 
Grade 
(Pre) 

.06 -.02 -.06 .69** .43** .10 .00 .19* -.03 -.04 -.11 -.03 

INT (Pre) .37** .37** .07 .70** .47** .30** .27** .34** .08 .23** .24** -.05 
INT (Post) .28** .28** -.02 .63** .54** .24** .19** .24** .03 .16* .14* -.03 

G
er

m
an

 

TS (Pre) .34** .26** .04 .28** .24** .02 .59** .36** .11 .24** .22** .13 
TS (Post) .31** .25** .09 .25** .29** .04 .56** .39** .17* .19* .24** .14 
CA (Pre) .17* .28** -.06 .30** .34** .10 .40** .33** .08 .15 .27** .04 
CA (Post) .35** .38** .10 .35** .38** .01 .48** .52** .20** .24** .35** .09 
CM (Pre) .06 -.04 .29** .06 -.02 .31** .17* .10 .49** .06 .09 .30** 
CM (Post) .12 .02 .35** .11 -.02 .40** .18* .12 .54** -.03 .04 .33 
Grade 
(Pre) 

.08 .17* .16* .13 .15* .14 .12 .30** .10 .04 .13 .15 

INT (Pre) .11 .17* .07 .07 .10 .09 .35** .29** .16* .12 .23** .11 
INT (Post) .12 .16* -.03 .02 .10 .05 .39** .26** .16* .03 .13 .12 

E
n

gl
is

h
 

TS (Pre) .31** .20** .07 .28** .20** .10 .17* .18* -.05 .54** .37** .07 
TS (Post) .34** .26** .25** .24** .17* .16* .27** .21** .19** .44** .32** .29** 
CA (Pre) .32** .37** .10 .30** .27** .10 .13 .19* -.03 .41** .40** .07 
CA (Post) .32** .35** .21** .17* .22** .11 .11 .19* .13 .39** .47** .20** 
CM (Pre) .15 .06 .33** .07 -.08 .36** .11 .15 .16 .14 .08 .27* 
CM (Post) .09 -.03 .47** -.02 -.14 .38** .08 .07 .47** .05 .06 .55** 
Grade 
(Pre) 

-.03 -.04 -.03 -.03 -.02 .01 -.08 .06 -.05 .07 .00 .10 

INT (Pre) .07 .05 .18* -.07 -.05 .21** -.01 -.02 .20** .29** .19** .26** 
INT (Post) -.01 .06 .15* .02 .02 .24** -.02 -.02 .20** .20** .16* .33** 

Note. TS = Teacher support; CA = Cognitive activation; CM = Classroom management; INT = Aca-

demic interest; Pre = Pre-assessment (in week 1); Post = Post-assessment (in week 5). State SPIQ were 

aggregated via latent aggregation, and all correlations were estimated at the between-students level. 

* p < .05; ** p < .01  
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Table S9 

Cross-Classified Models: Factor Correlations Between Aggregated State SPIQ and 

Trait SPIQ, Grades and Interest at the Pre- and Post-Assessment in Four Subjects 

 Aggregated State SPIQ Trait SPIQ 
Trait Di-
mension 

TS CA CM TS 
(Pre) 

TS 
(Post) 

CA 
(Pre) 

CA 
(Post) 

CM 
(Pre) 

CM (Post) 

 Mathematics 
TS (Pre) .60** .35** .22** --      
TS (Post) .68** .42** .25** .68** --     
CA (Pre) .63** .52** .33** .78** .60** --    
CA (Post) .52** .62** .29** .43** .63** .72** --   
CM (Pre) .14 .05 .42** .20** .15* .23** .08 --  
CM (Post) .21** .09 .69** .26** .22** .30** .16** .67** -- 
Grade (Pre) .22** .18** .05 .13* .14* .17* .16* -.01 .08 
INT (Pre) .39** .28** .17** .29** .26** .31** .18** .03 .25** 
INT (Post) .37** .26** .13* .19** .26** .26** .23** -.04 .10 
 Physics 
TS (Pre) .68** .42** .10 --      
TS (Post) .68** .45** .30** .70** --     
CA (Pre) .61** .52** .23** .63** .52** --    
CA (Post) .57** .62** .21** .38** .60** .60** --   
CM (Pre) .26** .15* .50** .14* .12 .25** .13 --  
CM (Post) .27** .14* .74** .20** .26** .28** .19** .47** -- 
Grade (Pre) .28** .18* .06 .12 .12 .21* .27** .15 .03 
INT (Pre) .50** .45** .22** .37** .37** .33* .41** .19** .19** 
INT (Post) .46** .39** .16* .33** .41** .24** .37** .11 .16** 
 German 
TS (Pre) .57** .34** .11 --      
TS (Post) .55** .37** .18** .70** --     
CA (Pre) .38** .31** .08 .71** .41** --    
CA (Post) .46** .49** .21** .53** .62** .55** --   
CM (Pre) .17** .10 .46** .24** .14* .27** .17* --  
CM (Post) .18** .12 .52** .19** .26** .15* .21** .53** -- 
Grade (Pre) .11 .29** .09 .20** .24** .18** .24** .15* .10 
INT (Pre) .34** .27** .16* .46** .40** .39** .40** .28** .20** 
INT (Post) .38** .25** .16* .43** .38** .33** .40** .21** .20** 
 English 
TS (Pre) .53** .35** .07 --      
TS (Post) .43** .32** .28** .62** --     
CA (Pre) .40** .38** .08 .69** .50** --    
CA (Post) .38** .46** .20** .56** .68** .74** --   
CM (Pre) .15* .09 .27** .26** .19** .23** .14* --  
CM (Post) .06 .05 .53** .15* .33** .13* .22** .56** -- 
Grade (Pre) .07 -.01 .09 .07 .13 .10 .20** .01 .03 
INT (Pre) .27** .17** .25** .35** .36** .47** .44** .06 .12 
INT (Post) .19** .14* .33** .34** .41** .42** .45** .14* .14* 

Note. TS = Teacher support; CA = Cognitive activation; CM = Classroom management; INT = Academic 

interest; Pre = Pre-assessment (i.e., week 1); Post = Post-assessment (i.e., week 5). State SPIQ were 

aggregated via latent aggregation, and all correlations were estimated at the between-students level. * 

p < .05; ** p < .01 
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Figure S10 

Hypothesized Cross-Classified Factor Model for State SPIQ within the TBD 
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Note. TS1 and TS2 = Items measuring perceived teacher support; CA1 and CA2 = Items measuring perceived cognitive activation; CM1 and CM2 = Items meas-

uring perceived classroom management (see Table S1 for item wordings). Subscripted indices i, j, and k denote the measurement points, students, and lessons, 

respectively. Superscripted letters W and B indicate the within- and between-level, respectively. 

Dummy-coded classroom variables served as predictors at the between-students level but are not explicitly represented for better clarity of presentation. The 

mean structure is not shown in the model. This model assumes cross-level metric invariance between the levels 1 and 2a. 
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Chapter 4 

 

Students’ Personality and the Dynamics Between Lesson-Spe-

cific Perceived Instructional Quality and Learning Achieve-

ment: An Experience Sampling Approach 

 

 

 

This contribution is to be submitted as1: 

Talić, I., Rauthmann, J. F., Renner, K.-H., Möller, J., & Niepel, C. (to be submitted). 

Students’ personality and the dynamics between lesson-specific perceived instruc-

tional quality and learning achievement: An experience sampling approach.   

                                                   

1 The final version of this contribution published in the journal may differ due to revisions in the course 

of the peer-review process. 
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4. Students’ personality and the dynamics be-
tween lesson-specific perceived instructional 
quality and learning achievement: An expe-
rience sampling approach 

 

Abstract 

Students’ perceptions of instructional quality (SPIQ) are subjective and time-specific 

to some extent. Yet they are mostly assessed at one point in time and aggregated 

across students, thus largely neglecting student- and lesson-specific variance. The 

present study aimed at shedding light on the dynamics of students’ perceptions in 

specific lessons. Specifically, we examined the role of students’ personality traits in 

state SPIQ and their relation to perceived lesson-specific learning achievement (i.e., 

self-reported comprehension). Thereby, we distinguished between idiosyncratic and 

consensual (classroom) SPIQ. To this end, we assessed the three basic dimensions of 

instructional quality, that is, teacher support, cognitive activation, and classroom 

management, as state perceptions of all students within classrooms in mathematics’ 

instruction (Nobservations = 2,681) across three weeks of 372 German secondary school 

students’ (Mage = 15.3 years) daily life. Linear mixed effect models revealed (a) stu-

dents’ personality traits of agreeableness and negative emotionality predicting state 

SPIQ positively and negatively, respectively, (b) particularly pronounced positive re-

lations between the SPIQ dimension of teacher support and perceived learning 

achievement, which are (c) stronger for less agreeable students. Differences across 

idiosyncratic and consensual perceptions could hardly be detected. Thus, the present 

study sheds light on student characteristics that are related to SPIQ and examined 

(conditions of) within-student SPIQ–learning achievement relations, while demon-

strating a new application for classroom-based state SPIQ that bridges the gap be-

tween subjective perceptions and objective instructional behavior. 
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Introduction 

Teachers’ instructional quality substantially impacts students’ achievement (Kunter et 

al., 2013). Accordingly, students’ perceptions of instructional quality (SPIQ) are im-

plemented worldwide in educational large-scale assessments such as the Programme 

for International Student Assessment (PISA) to provide information on teaching ef-

fectiveness at the country level (OECD, 2014). Thus, major efforts have been directed 

toward assessing the validity of these perceptions (e.g., Fauth et al., 2014; Kunter et 

al., 2007; Ruzek et al., 2022; Wagner et al., 2013; Wisniewski et al., 2020; Wisniewski 

et al., 2022). In the majority of studies on SPIQ (Praetorius et al., 2018), student rat-

ings are assessed at one time point, aggregated to the class- or school-level, and related 

to correlates of interest such as achievement (Lüdtke et al., 2009). Such aggregated 

data neglect (a) individual student characteristics and (b) lesson-specific dynamics, 

although SPIQ are influenced by both the student raters and time points (Feistauer & 

Richter, 2017; Wagner et al., 2016). Why different students perceive the same instruc-

tional quality differently and the potential differential relations of these differing per-

ceptions to student outcome criteria remain poorly understood. By employing the ex-

perience sampling method, the present study demonstrates methodological and con-

tent-specific advances compared with cross-sectional, aggregated data with the goal of 

addressing individual student characteristics and lesson-specific dynamic associations 

of differential state SPIQ. 

To do so, the present study used an experience sampling design that assessed state 

SPIQ of all students within a classroom attending the same lessons. Assessing percep-

tions of multiple individuals (i.e., students) in the same situations (i.e., lessons) on the 

same target (i.e., instructional quality) enables us to transfer insights from situation 

perception research (Rauthmann et al., 2015) to instructional quality research by con-

ceptualizing perceptions of instructional quality in the classroom as situation percep-

tions. The SPIQ of multiple students, assessed within shared lessons, allow for bridg-

ing the gap between subjective perceptions and the objective instructional quality by 

differentiating idiosyncratic from consensual perceptions, where consensual, inter-

subjective perceptions approximate objective instructional quality (Rauthmann et al., 

2015). This adds valuable insight into SPIQ research that discussed the subjectiveness 

of such perceptions (e.g., Wagner et al., 2016; Wisniewski et al., 2022). In addition, 
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the present study sought to shed light on relevant associations of idiosyncratic and 

consensual components of state SPIQ. Specifically, we examined—for the first time—

both the role of students’ Big Five personality traits in relation to state SPIQ and the 

short-term relations between state SPIQ and students’ perceived learning achieve-

ment (i.e., self-reported comprehension) in the same lessons. While SPIQ–achieve-

ment relations are well-documented using higher-level aggregated data (Praetorius et 

al., 2018), we focus on the level of single lessons to uncover short-term, intraindividual 

relations between state SPIQ and self-reported comprehension that we used as a sub-

jective learning achievement indicator. In doing so, we differentiated idiosyncratic 

from consensual perceptions that may produce differential relation patterns. To this 

end, we used the popular and well-validated framework of Three Basic Dimensions 

(TBDs; teacher support, cognitive activation, and classroom management; Klieme et 

al., 2001) to operationalize SPIQ, and adapted it within an experience sampling study 

to assess lesson-specific perceptions. Ultimately, the present study thus provides in-

sight into the occurrence and relevance of individual SPIQ components, and, in doing 

so, highlights the role of the student in SPIQ.  

Differentiating Idiosyncratic and Consensual Components within SPIQ 

The TBDs describe SPIQ parsimoniously within the three dimensions of teacher sup-

port (i.e., providing support during the learning process by, e.g., being sensitive to 

student needs and avoiding achievement pressure), cognitive activation (i.e., encour-

aging students’ thinking and metacognition by, e.g., offering challenging tasks), and 

classroom management (i.e., efficiently using classroom time as learning time by, e.g., 

imposing clear rules and dealing with disruptions in class effectively; Klieme et al., 

2001). The TBDs framework is widely used and empirically well-validated, although 

most of the validation works use higher-level (e.g., classroom- or school-level) aggre-

gated, habitual (i.e., trait) perceptions (see Praetorius et al., 2018, for an overview), 

whose results cannot be transferred to the level of the individual (Molenaar, 2004; 

Murayama et al., 2017). Trait SPIQ that are only assessed at one point in time thus (a) 

lack the examination of within-student (i.e., intraindividual) variability (in contrast to 

between-student or interindividual variability) and (b) represent self-reported percep-

tions whose degree of subjectiveness cannot be estimated without further sources of 

information (e.g., teachers’ self-perceptions; Wisniewski et al., 2022). To overcome 
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(a), the experience sampling method can be implemented where individuals repeat-

edly report on their momentary (i.e., state) experiences in multiple situations in daily 

life (Bolger & Laurenceau, 2013). If these state experiences are assessed for multiple 

individuals regarding the same situation, one can also differentiate (b) idiosyncratic 

perceptions (that reflect subjectiveness) from overlapping, consensual perceptions 

(that approximate objectiveness; Rauthmann & Sherman, 2019). Drawing upon the 

same state SPIQ data as in the present study, Talić et al. (2022) conducted a first vali-

dation study on the state perceptions of the TBDs within an experience sampling de-

sign and showed a reliable differentiation of the TBDs from lesson to lesson and sig-

nificant relations to crucial trait outcomes of student motivation and achievement. 

State SPIQ were reported to entail up to 61 % within-student variance in mathematics 

lessons across three weeks that remained virtually the same after statistically control-

ling for shared lesson perceptions of all students in a specific lesson. These shared 

perceptions were not investigated in more detail. To overcome this drawback, the pre-

sent investigation uses insights from situation perception research (Rauthmann et al., 

2015) for the first time to differentiate idiosyncratic from consensual, shared SPIQ that 

are usually confounded in the raw SPIQ perception, and to examine students’ person-

ality traits and perceived lesson-specific learning achievement in relation to state SPIQ 

components.2 Specifically, based on the experience of instructional quality (i.e., stu-

dents’ perceptions as reflected in raw scores that are commonly used), one can differ-

entiate between the construal of instructional quality (i.e., the unique and idiosyn-

cratic personal reality of instructional quality irrespective of the actual instructional 

quality) and the consensus on instructional quality (i.e., the shared perceptions or so-

cial reality of all students within the classroom as indicator of the actual instructional 

quality; Rauthmann et al., 2015).3 This distinction enables a comparison of the relative 

                                                   

2 For more information on the data used in the present study, please see the Methods section below. 

3 Rauthmann et al. (2015) distinguish between liberal and conservative contact, where the former labels 

consensus as the shared perception among all perspectives of a situation, and the latter labels consensus 
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importance of subjective SPIQ versus actual instructional quality (as operationalized 

by the consensual SPIQ) when examining relations to outcome criteria. For instance, 

if we imagine the example of student A, who interprets (or construes) instructional 

behavior as cognitively engaging (whereas her classmates do not), her idiosyncratic, 

construed perception might be more decisive for her increase in lesson comprehension 

than is the classroom consensus on the degree of cognitive activation (as indicator of 

actual degree of cognitive activation). Thus, differentiating the three SPIQ compo-

nents4 of experience, construal, and consensus taps into the question of the im-

portance of perceptions as subjective versus social realities, emphasizing either the 

idiosyncratic meaning that individuals give situations (i.e., subjectivist views) or the 

consensually shared meanings (i.e., objectivist views; Rauthmann & Sherman, 2019). 

The Role of Students’ Personality in SPIQ 

The distinction between subjectivist and objectivist views implies that being exposed 

to the same situational stimuli (i.e., in our case, instructional quality in the classroom) 

does not mean that all individuals form the same psychological representation of that 

situation (Rauthmann & Sherman, 2019). To address the question of why different 

individuals form different perceptions based on the same situational stimuli, we ex-

amine personality traits as possible correlates of differences in information processing 

and subsequent ratings (Rauthmann & Sherman, 2019). For instance, it might be that 

student A, whose example we introduced in the previous paragraph, is more open-

minded than her classmate student B, and therefore construes innovative teaching 

methods as more cognitively activating than student B, who prefers more conservative 

teaching methods. The Big Five personality traits open-mindedness, conscientious-

                                                   

as a shared perception of only external perspectives. Throughout the remainder of this article, we use 

the term consensus in the sense of liberal contact.  

4 Throughout this article, we refer to the methodological distinction of SPIQ into experience, construal, 

and consensus as SPIQ components, and to the content-specific distinction (i.e., the framework of 

TBDs) into teacher support, cognitive activation, and classroom management as SPIQ dimensions.  
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ness, extraversion, agreeableness, and negative emotionality describe human person-

ality in broad and robust domains (John, 2021; McCrae & Costa, 1987). Open-mind-

edness reflects imaginative, intellectually curious, and flexible characteristics. Consci-

entiousness describes well-organized, systematic, and disciplined individuals. Extra-

version entails sociability, talkativeness, activity, and energy. Agreeableness pertains 

to the tendency of being cooperative, sympathetic, and trusting. Negative emotionality 

represents the tendency to experience stress, anxiety, and emotional volatility (Costa 

& McCrae, 1992). In the educational context, the Big Five traits were mostly examined 

with regard to academic achievement, where open-mindedness, conscientiousness, 

and agreeableness were significantly related to academic achievement with conscien-

tiousness as the most important predictor even after controlling for intelligence (e.g., 

Franzen, Arens, Greiff, van der Westhuizen, et al., 2022; see also meta-analyses from 

Mammadov, 2022; Poropat, 2009). With regard to SPIQ, teachers’ personality traits 

have been considered in some works to be relevant for SPIQ (e.g., Holzberger et al., 

2013; Roloff et al., 2020; Toropova et al., 2019). Yet the role of students’ personality 

traits in SPIQ has remained unclear, although substantial variance in SPIQ has been 

shown to be attributable to the student raters (Feistauer & Richter, 2017; Ruzek et al., 

2022; Wagner et al., 2016). In a study on perceptions of online learning experiences, 

conscientiousness has been shown to predict positive evaluations positively, and neg-

ative evaluations negatively, while agreeableness and open-mindedness additionally 

predicted the value of online courses positively (Keller & Karau, 2013), providing some 

initial insights into the impact of personality traits on learners’ perceptions. Yet rela-

tions between personality traits and perceptions of instructional quality remain poorly 

understood.  

Lesson-Specific Relations between SPIQ and Learning Achievement 

Revisiting the example of students A and B from the previous sections, their differen-

tial SPIQ might be differentially related to their learning achievements. If student A 

perceives a higher degree of cognitive activation than student B, it might be that stu-

dent A experiences an increase in her learning whereas student B does not. In addition, 

this relation might be particularly strong for certain students. For instance, a higher 

degree of cognitive activation might be more strongly related to higher learning 
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achievement for more open-minded students than for less open-minded students, be-

cause more open-minded students engage in the cognitively engaging thought process 

for a longer time than their less open-minded peers.  

Of the three TBDs, particularly the dimensions of cognitive activation and classroom 

management have theoretical and empirical relations to achievement, whereas teacher 

support is more closely related to student motivation (Praetorius et al., 2018). Cogni-

tive activation enhances student achievement by stimulating higher-order thinking, 

ultimately resulting in the construction of deep and flexible knowledge (Hardy et al., 

2006). Classroom management is related to student achievement by enhancing the 

time effectively spent on tasks (Seidel & Shavelson, 2007). Empirically, relations to 

achievement were demonstrated for cognitive activation (Klieme et al., 2001), class-

room management (Fauth et al., 2014; Scherer et al., 2016), yet also for teacher sup-

port (Fauth et al., 2014; for an overview see Praetorius et al., 2018). Thus, there is 

evidence for the TBDs’ relevance with regard to student achievement. Yet this evidence 

is based on between-person research designs, where interindividual variance (between 

students, classes, schools, or countries) is used and individual student deviations from 

mean perceptions are neglected. To gain initial insight into short-term, near immedi-

ate SPIQ–achievement relations that consider within-student variance, we examine 

within-student relations between lesson-specific SPIQ and perceived learning achieve-

ment (as a subjective state achievement indicator) that might reveal new insights, aid-

ing in fostering student achievement in individual lessons. 

Further, there is some inconsistency such that postulated relations cannot always be 

confirmed (Praetorius et al., 2018). One possible reason for inconsistencies in SPIQ–

achievement relations could be that these relations might be stronger or weaker for 

certain groups of students, yielding inconsistent or zero results at the group level (Ren-

ner et al., 2020). Therefore, the role of personality traits on the relationship between 

lesson-specific SPIQ and learning achievement is examined. Such interactive situation 

perception*trait effects have been found for state behavior (Breil et al., 2019), while 

other authors have not identified such effects (Abrahams et al., 2021). Thus, extant 

research on SPIQ–achievement relations is extended such that the within-student 

level is considered as well with regard to possible interactions with personality traits.  
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The Present Study 

This experience sampling study addresses three distinct yet interrelated research 

questions that—to the best of our knowledge—have never been examined before. In 

doing so, we focus on state measures of SPIQ and perceived learning achievement and 

on trait measures of students’ personality in German secondary school students in the 

domain of mathematics instruction, where the majority of research on the TBDs was 

conducted (Praetorius et al., 2018). First, students’ personality traits are examined as 

predictors of state SPIQ. Second, short-term, within-student relations between state 

SPIQ and perceived lesson-specific learning achievement are examined. Third, per-

sonality traits are tested as moderators of this short-term, lesson-specific SPIQ–learn-

ing achievement relation. In doing this, we apply insights from situation perception 

research (Rauthmann & Sherman, 2019), enabled by our experience sampling design, 

to perceptions of instructional quality research with the goal of disentangling purely 

subjective from consensual components (approximating objectivity) that are con-

founded within SPIQ raw scores that are typically used in SPIQ research. Thus, the 

present study considers subjective and intersubjective (consensual) perceptions to 

gain some insight into different state SPIQ components’ relevant differential relations. 

To provide data for comparing state/trait associations, we additionally provide inter-

correlations between all variables at the trait level (i.e., trait SPIQ, personality traits, 

and math grade and reasoning ability as general achievement indicators) and conduct 

all analyses using trait variables. We utilize the well-established and parsimonious 

TBDs framework (Klieme et al., 2001) to assess state SPIQ and perceived learning 

achievement (i.e., self-reported lesson-specific comprehension; Niepel et al., 2022), 

that we used as an achievement indicator across three weeks of German secondary 

school students’ daily life, as well as the popular, robust, and parsimonious Big Five 

framework (Costa & McCrae, 1992) to assess students’ enduring personality traits. To 

control for possible confounding effects, we included students’ gender, math grade, 

and reasoning ability as covariates. Prior research has shown students’ gender to in-

fluence self-perceived math abilities (Niepel et al., 2019). Gender differences in per-

sonality traits have also been reported (Costa et al., 2001). Reasoning ability was re-

lated to personality traits (Sutin et al., 2022), while school grades were associated with 

SPIQ (Jaekel et al., 2021).  
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In all examined relations, we differentiated between the SPIQ components of experi-

ence (i.e., raw SPIQ scores provided by the students), construal (i.e., the purely idio-

syncratic portion within the SPIQ that one respective student does not share with the 

classmates), and consensus (i.e., the intersubjective, overlapping classroom percep-

tion that approximates actual, objective instructional quality; Rauthmann et al., 2015) 

for each of the TBDs of teacher support, cognitive activation, and classroom manage-

ment.  

The present study thus complements and extends existing validation efforts of the 

TBDs that are mainly limited to the between-person level (Praetorius et al., 2018) by 

(a) considering intraindividual, within-student variation in addition to interindivid-

ual, between-student variation, (b) examining relations between state SPIQ on the one 

hand and personality traits and perceived lesson-specific learning achievement on the 

other hand, as well as interactions between state SPIQ and personality traits on per-

ceived lesson-specific learning achievement, respectively, all while (c) disentangling 

idiosyncratic from consensual perceptions within the raw state SPIQ scores in all anal-

yses. In doing so, we highlight the role of the individual student in SPIQ. To this end, 

we derived three research questions (RQs): 

RQ1. How are students’ personality traits associated with their state percep-

tions of instructional quality? 

RQ2. How are students’ state perceptions of instructional quality associated 

with their perceived learning achievement in the same lesson? 

RQ3. Do students’ personality traits moderate the relationship between state 

perceptions of instructional quality and perceived learning achievement in 

the same lesson? 
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Methods 

Procedure and Participants 

In the present study, we used data from the larger intensive longitudinal “DynASCEL” 

(Dynamics of Academic Self-Concept in Everyday Life) project (Niepel et al., 2022)5, 

where a three-week experience sampling study was conducted. Prior to and following 

the experience sampling phase, a pre- and post-assessment was carried out in paper-

and-pencil format that obtained exhaustive student trait variables (e.g., personality 

traits, SPIQ traits). To address the present RQs, we focused on the experience sam-

pling data on SPIQ and perceived learning achievement in every single mathematics 

lesson and used trait data from the pre-assessment. We drew on N = 372 German sec-

ondary school students attending the highest ability track (i.e., the German Gymna-

sium) who participated in the experience sampling part of the study of which n = 308 

students attended the 9th and n = 64 students attended the 10th grade. Our sample 

consisted of 34.1 % boys (from n = 301 students with available gender information). 

Students reported a mean age of 15.3 years (SD = 0.68; range = 13.3-17.4 years; based 

on n = 298 students with available age information) and were nested in 18 classes in 

six schools from four German states (Rhineland-Palatinate, North Rhine-Westphalia, 

Baden-Wuerttemberg, and Mecklenburg-Western Pomerania). Based on these 18 

classrooms, we assessed students’ perceptions of 17 different math teachers’ (58.8 % 

male) instructional quality (i.e., one teacher instructing math to two separate classes). 

On average, there were 20.6 students in a classroom (SD = 4.65; range = 10 – 27). 

Class constellations were stable across school grades. 

In the experience sampling phase, students completed e-diaries on smartphones. Spe-

cifically, students responded to a short electronic questionnaire assessing their per-

ceptions of this specific lesson on the application movisensXS (versions 1.3.0-1.3.4; 

                                                   

5 Data from the project have been and will be used in other manuscripts on different research questions 

(e.g., Hausen et al., 2022). The intensive longitudinal data examined in the present study (i.e., 

mathematics state SPIQ and perceived lesson-specific learning achievement) have been used in 

previous studies addressing different research questions (Niepel et al., 2022; Talić et al., 2022).  
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movisens GmbH, Karlsruhe, Germany). We preprogrammed the smartphones such 

that the experience sampling prompts were triggered three minutes prior to the regu-

lar ending of every single mathematics lesson during the three-week period according 

to the class-specific timetables. The number of math lessons thus varied between clas-

ses per design (i.e., M = 10.11 math lessons; SD = 3.39; range = 3 – 16). In total, we 

obtained 2,681 valid responses (i.e., at least one out of nine items of interest answered; 

see Measures section below), representing a compliance rate of 70.81 %. Causes of 

missingness included absences from lessons (e.g., student illness), cancellation of clas-

ses, exams or similar events, and technical issues (e.g., empty smartphone batteries).   

Students’ participation in the study was voluntary. Single items and prompts were 

skippable. Written parental consent was obtained for participating students and the 

local ethics review panel of the University of Luxembourg as well as all involved federal 

education authorities approved of all procedures. This study was not preregistered. 

Measures 

State Measures 

State SPIQ. In the three-week experience sampling phase, state SPIQ in math-

ematics instruction were assessed within the TBDs of teacher support, cognitive acti-

vation, and classroom management using the two-item state scales described by Talić 

et al. (2022). These were based on the PISA 2012 scales (Mang et al., 2018) and 

adapted for the use in intensive longitudinal designs. Example items are “During this 

lesson, the teacher helped students with their learning” (for teacher support), “During 

this lesson, the teacher gave problems that required us to think for an extended time” 

(for cognitive activation), and “During this lesson, there was noise and disorder” (for 

classroom management; negative indicator). Items were responded to on a scale rang-

ing from 0 (false) to 5 (true) such that higher ratings represented higher perceived 

instructional quality. Talić et al. (2022) reported two-level reliability coefficients for 

the state SPIQ scales for the present data in mathematics classes for teacher support 

at ω = .84 and ω = .97, for cognitive activation at ω = .83 and ω = .97, and for class-

room management at ω = .76 and ω = .94 within students and between students, re-

spectively. Further, validity evidence concerning the factor structure and relations to 

trait SPIQ scales, school grades, and interest were provided, altogether suggesting the 
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applicability of the state SPIQ scales in an experience sampling design (Talić et al., 

2022). The German-language items can be found in (Talić et al., 2022). 

Perceived Lesson-Specific Learning Achievement. Perceived lesson-

specific learning achievement was assessed in each mathematics lesson during the 

three-week experience sampling phase (i.e., in the same situations as state SPIQ). 

Three items that were shown to be applicable and meaningful in an experience sam-

pling design (Niepel et al., 2022) were used to assess perceived lesson-specific com-

prehension and learning progress. Niepel et al. (2022) derived the items from previous 

research that implemented similar items in e-diaries to assess perceived learning 

achievement (e.g., Peterson & Miller, 2004; Shernof et al., 2017). The item wordings 

were “I was able to follow the last lesson well”, “I understood a lot in the last lesson”, 

and “I learned a lot in the last lesson” and were responded to on a 6-point Likert scale 

ranging from 0 (false) to 5 (true) such that higher scores indicated higher perceived 

lesson-specific learning achievement. Niepel et al. (2022) reported two-level reliability 

coefficients of ω = .89 within students and ω = .95 between students.  

Trait measures 

All examined trait measures were assessed in the preassessment (i.e., prior to 

the three-week experience sampling phase). 

Personality Traits. We assessed personality traits using the German version 

(Danner et al., 2019) of the Big Five Inventory 2 (Soto & John, 2017). The Big Five 

personality traits were assessed with 12 items each that showed internal consistencies 

at α = .84 (for open-mindedness), α = .87 (for conscientiousness), α = .86 (for extra-

version), α = .81 (for agreeableness), and α = .88 (for negative emotionality) in a rep-

resentative German sample (Danner et al., 2019).6 Items were responded to on a five-

                                                   

6 Note that these five broad domain traits can be distinguished into three facets each (i.e., aesthetic 

sensitivity, intellectual curiosity, and creative imagination for open-mindedness, organization, 

productiveness, and responsibility for conscientiousness, sociability, assertiveness, and energy level for 
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point Likert scale ranging from 0 (disagree completely) to 4 (agree completely) such 

that higher scores indicate higher trait manifestations. 

Trait SPIQ. Trait SPIQ in mathematics instruction were assessed within the 

TBDs of teacher support, cognitive activation, and classroom management. We used 

the original full scales implemented in PISA 2012 (Mang et al., 2018), consisting of 

five (for teacher support and classroom management, each) and nine (for cognitive 

activation) items that assess general (habitual) perceived instructional quality that is 

not tied to specific lessons (i.e., aggregated perceptions). Example items are “The 

teacher helps students with their learning” (for teacher support), “The teacher gives 

problems that require us to think for an extended time” (for cognitive activation), and 

“There is noise and disorder” (for classroom management; negative indicator). Items 

were responded to on a scale ranging from 0 (never [in no lesson]) to 5 (always [in 

every lesson]) such that higher ratings represented higher perceived instructional 

quality. Internal consistencies for the PISA German student sample range between 

α = .79 to α = .89 (Mang et al., 2018). 

Report Card Mathematics Grade. We obtained students’ self-reported 

mathematics grade from their most recent report card. Prior research has shown that 

self-reported school grades serve as reliable achievement indicators in German stu-

dent samples that do not underlie systematic reporting biases (Dickhäuser & Plenter, 

2005; Sparfeldt et al., 2008). School grades in Germany are assigned on a six-point 

Likert scale which we recoded such that higher scores represented better achievement, 

thus ranging from 1 (insufficient) to 6 (very good). 

Reasoning Ability. Students’ reasoning ability was assessed using the Intel-

ligenz-Struktur-Test-Screening (IST-Screening; Liepmann et al., 2012), the short ver-

sion of the well-established Intelligenz-Struktur-Test (IST; Amthauer, 1970; 

                                                   

extraversion, compassion, respectfulness, and trust for agreeableness, and anxiety, depression, and 

emotional volatility for negative emotionality). Due to the explorative nature of analyses and a 

magnitude of multiple comparisons, the present study does not examine relations of personality traits 

at the facet level. For interested readers, intercorrelations between personality traits at the facet level 

and all other examined variables are provided in Table S1 in the Online Supplementary Material (OSM).  
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Liepmann et al., 2007). We used version A of the available versions A and B of the test. 

The IST-Screening measures students’ reasoning ability in the three task areas of ver-

bal analogies, number sequences, and figural matrices using 20 items each. The inter-

nal consistency of the composite score encompassing all three task areas (i.e., across 

all 60 items) was reported to be α = .87 by Liepmann et al. (2012). In the present study, 

we used the composite raw score across all task areas as an indicator of general rea-

soning ability.  

Statistical Analyses 

For the statistical analyses, we followed recommendations by a recent experience sam-

pling study that examined the three components experience, construal, and consensus 

in situation perceptions in an educational context (Abrahams et al., 2021). We con-

ducted all analyses using the statistical software R (R Core Team, 2021). Two-level ω 

reliability coefficients were calculated with the MplusAutomation package for R 

(Hallquist & Wiley, 2018). For fitting linear mixed effects models, we used the lme4 

package with the optimizer bobyqa to improve convergence (Bates et al., 2015). We 

used the confint() function to obtain bootstrapped 95 % confidence intervals. To ob-

tain standardized parameters, we used the effectsize package (Ben-Shachar et al., 

2020).  

To address our research questions, we first disentangled the three SPIQ components 

experience, construal, and consensus (see also Abrahams et al., 2021; Rauthmann et 

al., 2015). SPIQ experience is reflected by the raw individual SPIQ scores (as com-

monly used in previous SPIQ research). SPIQ construal and consensus needed to be 

calculated based on the raw SPIQ scores. To do this, we first calculated the lesson-

specific class means such that for each row in the dataset (i.e., for a specific student in 

a specific lesson), the respective lesson-specific student SPIQ mean was excluded. In 

other words, the individual SPIQ did not enter the class mean perception of instruc-

tional quality in the same lesson. By doing this, we ensured that the class mean en-

tailed only variance from all other students to avoid an artificial overemphasis of stu-

dent variance when relating lesson-specific student and class means. SPIQ construal 

was then obtained by extracting the standardized residual scores from regression anal-

yses, where lesson-specific individual SPIQ (i.e., experience) were regressed on lesson-

specific class-mean SPIQ. In other words, variance of the individual SPIQ experience 
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that were not explained by class SPIQ was considered to be purely idiosyncratic (i.e., 

SPIQ construal). SPIQ consensus reflected consensual perceptions of all students 

within a class in a specific lesson. SPIQ consensus was obtained by extracting the fac-

tor scores from factor analyses on individual SPIQ experience and class SPIQ. In other 

words, variance that was shared across individual and class SPIQ was considered as 

overlapping (i.e., SPIQ consensus). This procedure was conducted for all three SPIQ 

dimensions (i.e., the three TBDs teacher support, cognitive activation, and classroom 

management).  

The experience sampling produced data where measurement points (i.e., Level 1) were 

nested within students (i.e., Level 2) that were, in turn, nested within classes (i.e., 

Level 3). Clustering in 18 classes at Level 3 was controlled for by adding 17 dummy-

coded class-based predictor variables in each model (Hox et al., 2018). To estimate the 

reliability of our implemented measures, we computed single-level (for traits) and 

two-level (i.e, within- and between-student, for states) McDonald’s ω coefficients 

(Geldhof et al., 2014). To estimate dependency in the data due to repeated measure-

ments within persons, we calculated intraclass correlation coefficients (ICCs) for the 

state measures (Aarts et al., 2014). Due to model convergence issues when implement-

ing random slopes, we conducted random intercept models. Predictors at Level 1 were 

centered within students, while predictors at Level 2 were centered at the grand mean 

(Enders & Tofighi, 2007). To control for gender, math grade, and reasoning ability, we 

conducted two sets of models for each RQ that exclude or include these covariates, 

respectively. Results are presented for both model sets. We reported unstandardized 

fixed effects coefficients (bs) and their bootstrapped 95 % confidence intervals. To es-

timate the fixed effects’ fit to the model, we calculated marginal multiple Rs (Rm; Nak-

agawa & Schielzeth, 2013). We calculated standardized regression coefficients as a 

multilevel model effect size measure (Lorah, 2018). To interpret effect sizes, we draw 

on the guidelines recommended by Gignac and Szodorai (2016) with coefficients of .10 

as relatively small, .20 as typical, and .30 as relatively large. To adjust for multiple 

testing, we followed the procedure implemented by Abrahams et al. (2021) and used 

the more conservative level of p < .001 to test for significance. Additionally, findings 

at the level of p < .05 are highlighted in the tables to inform the readers on any mar-

ginal associations due to the explorative nature of analyses, yet these findings are not 

discussed in the article. The exact model specifications are described at the beginning 
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of the respective results section for enhanced clarity. Data cannot be made available 

because of data protection concerns. Readers interested in the data can contact the 

first author. 

Results 

Preliminary Analyses 

Prior to addressing our research questions, we examined the descriptive statistics of 

our implemented measures (see Table 1). McDonald’s ω coefficient was calculated a as 

single-level reliability estimate for trait measures and as a two-level reliability estimate 

for state measures. For state measures, within-student [between-student] ω coeffi-

cients ranged from ωwithin = .76 to ωwithin = .84 [ωbetween = .94 to ωbetween = .97] for SPIQ 

experience across the TBDs. Perceived lesson-specific learning achievement showed a 

reliability of ωwithin = .89 and ωbetween = .95. For trait measures, coefficients ranged be-

tween ω = .81 to ω = .93 for trait SPIQ and between ω = .85 to ω = .89 for personality 

traits.7 ICC values ranged between ICC = .40 and ICC = .62 across the SPIQ compo-

nents and perceived lesson-specific learning achievement, indicating a substantial 

amount of within-student variance in these constructs.8  

Having disentangled the three SPIQ components experience, construal, and consen-

sus for the TBDs for the first time, we preliminarily examined their intercorrelations 

at the within- and between-student level (see Table 2). Correlations at the between-

student level were higher than at the within-student level. Here, we will focus on the 

within-student level, where in general, the three components showed close to perfect 

correlations to one another across dimensions (e.g., teacher support experience and 

                                                   

7 Descriptive statistics for personality traits at the facet level can be found in Table S2 in the OSM. 

8 Please note that these analyses do not provide entirely new results. Drawing on DynASCEL data, Talić 

et al. (2022) reported ω and ICC coefficients for state SPIQ, and Niepel et al. (2022) reported ω and ICC 

coefficients for perceived lesson-specific learning achievement, yet the latter while drawing on a slightly 

different sample size. To provide all relevant information, we report these coefficients here anew. 
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teacher support construal), ranging between r = .88 to r = 1. Thus, the three compo-

nents experience, construal, and consensus show an extensive overlap in all three state 

SPIQ dimensions. Teacher support components were moderately related to cognitive 

activation components (ranges of r = .43 to r = .45, all ps < .001), while classroom 

management was uncorrelated with either of the two.  
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Table 1 

Descriptive Statistics 

 M SD ω ICC ωwithin ωbetween 

State SPIQ Experience       

Teacher Support 3.11 1.37 - .49 .84 .97 

Cognitive Activation 3.06 1.29 - .44 .83 .97 

Classroom Management 3.41 1.37 - .61 .76 .94 

State SPIQ Construal       

Teacher Support 0.00 1.29 - .47 - - 

Cognitive Activation 0.00 1.26 - .43 - - 

Classroom Management 0.00 1.20 - .53 - - 

State SPIQ Consensus       

Teacher Support 0.00 0.94 - .49 - - 

Cognitive Activation 0.00 0.82 - .44 - - 

Classroom Management 0.00 0.97 - .62 - - 

Lesson-Specific Achievement        

Perceived Learning Achievement 3.46 1.17 - .40 .89 .95 

SPIQ Traits 

Teacher Support 2.74 1.32 .93    

Cognitive Activation 2.94 0.72 .81    

Classroom Management 3.25 1.15 .90    

Personality Traits 

Open-Mindedness 2.24 0.63 .85 - - - 

Conscientiousness  2.36 0.60 .89 - - - 

Extraversion 2.37 0.61 .89 - - - 

Agreeableness 2.65 0.57 .82 - - - 

Negative Emotionality 1.70 0.62 .89 - - - 

Covariates 

Math Grade 4.36 1.09 - - - - 

Reasoning Ability 43.52 5.70 - - - - 

Note. Response formats: SPIQ experience [0, 5]; perceived lesson-specific learning achievement [0; 5]; 

SPIQ traits [0, 5]; personality traits [0, 4]; math grade [1, 6]; reasoning ability [0, 60].  
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Table 2 

Correlations between SPIQ Components within the TBDs and Perceived Learning Achievement 

 SPIQ Experience SPIQ Construal SPIQ Consensus Perceived 
Learning 

Achievement 
 Teacher 

Support 
Cognitive 
Activation 

Classroom 
Management 

Teacher 
Support 

Cognitive 
Activation 

Classroom 
Management 

Teacher 
Support 

Cognitive 
Activation 

Classroom 
Management 

SPIQ Experience           

Teacher Support — .72 .16 .94 .67 .14 1 .72 .16 .62 

Cognitive Activation .44 — .09 .68 .97 .05 .72 1 .09 .47 

Classroom Management .01 -.02 — .13 .06 .86 .16 .09 1 .23 

SPIQ Construal           

Teacher Support .95 .43 .02 — .70 .15 .94 .68 .13 .59 

Cognitive Activation .43 .97 -.02 .45 — .05 .67 .98 .06 .44 

Classroom Management .03 -.01 .92 .03 -.01 — .14 .05 .81 .19 

SPIQ Consensus           

Teacher Support 1 .44 .01 .95 .43 .03 — .72 .16 .62 

Cognitive Activation .44 1 -.02 .43 .97 -.01 .44 — .09 .47 

Classroom Management .00 -.03 1 .01 -.02 .88 .00 -.03 — .23 

Perceived Learning 

Achievement 

.49 .27 .07 .45 .27 .07 .49 .27 .07 — 

Note. Correlations below the diagonal represent within-student correlations, and correlations above the diagonal represent between-student correlations. 

Correlation coefficients printed in bold are significant at p < .05, and correlation coefficients printed in bold and gray shading are significant at p < .001. 
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To gain first insights into the relations between students’ personalities and SPIQ, we 

initially calculated correlations between personality traits and SPIQ traits (i.e., habit-

ual SPIQ not tied to specific lessons; see Table S1 in the OSM). Teacher support was 

mostly unrelated to the Big Five personality traits with the exception of negative emo-

tionality (r = -.13, p < .05). Cognitive activation showed positive relations to open-

mindedness, conscientiousness, extraversion, and agreeableness (ranges of r = .12 to 

r = .21, ps < .05). Classroom management showed positive relations to conscientious-

ness and extraversion (r = .13 and r = .15, ps < .05).1 Thus, trait SPIQ show some rela-

tions to personality traits, with the dimension of cognitive activation displaying the 

most relations as compared to the other two SPIQ dimensions. Across all dimensions, 

relations to personality traits were positive except for relations with negative emotion-

ality, which were negative in direction.  

Students’ Personality Traits as Predictors of State SPIQ (RQ 1) 

Before we addressed RQ1, we examined the correlations between personality traits and 

state SPIQ experience, construal, and consensus for the TBDs (see Table 3). First, we 

noted that SPIQ components’ relations to personality traits were similar across com-

ponents within dimensions (e.g., similar relations between teacher support experience 

and open-mindedness and teacher support construal and open-mindedness). Second, 

we detected some differences to the correlations between personality traits and SPIQ 

traits (see Preliminary Analyses). The trait correlations revealed substantial relations 

of teacher support to negative emotionality only, of cognitive activation to each per-

sonality trait except for negative emotionality, and of classroom management to con-

scientiousness and extraversion only. In comparison, relations of state SPIQ compo-

nents revealed that all teacher support components were only related to agreeableness 

(mean r = .19, p < .001) and negative emotionality (mean r = -.23, p < .001). Cognitive 

                                                   

1 To test the robustness of these results, we additionally conducted correlations of SPIQ traits using only 

the two corresponding items from the longer trait scales that were implemented in the state scales. The 

result pattern was almost identical to that of the long trait scales with the one exception that teacher 

support was completely unrelated to personality traits.  
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activation components were related to each personality trait except for extraversion 

(ranges of r = .10 to r = .16 for open-mindedness, conscientiousness, and agreeable-

ness, and ranges of r = -.19 to r = -.16 for negative emotionality, ps < .05). Classroom 

management components of experience and consensus were related to each personal-

ity trait except extraversion, while classroom management construal was only related 

to agreeableness and negative emotionality (ranges of r = .10 to r = .19 for open-mind-

edness, conscientiousness, agreeableness, and ranges of r = -.15 to r = -.10 for negative 

emotionality, ps < .05). Thus, with regard to state SPIQ components, agreeableness 

and negative emotionality seemed to be the most crucial personality traits, showing 

the most relations to SPIQ components, whereas extraversion was unrelated to all 

state SPIQ component.  

To address RQ1, we conducted linear mixed effect models with 17 dummy-coded var-

iables controlling for classroom membership (not displayed in the tables for the sake 

of brevity), personality traits (and covariates) as simultaneous predictors, and SPIQ 

components experience, construal, and consensus for the three dimensions teacher 

support, cognitive activation, and classroom management as outcome variables. Re-

sults are presented in Table 4. For all teacher support components, negative emotion-

ality was the only predictor that was significant at p < .001 in the model without co-

variates (mean b = -0.36) with a mean effect size of β = -.19. In other words, for every 

unit increase in negative emotionality, an average of 0.36 decrease in experienced, 

construed, and consensual teacher support is expected. However, after including the 

covariates gender, math grade, and reasoning ability, this effect no longer reached sta-

tistical significance, suggesting a confounding of negative emotionality with (some of) 

the covariates. Instead, in this model, agreeableness significantly predicted all three 

teacher support components positively (mean b = 0.34, mean β = .17, p < .001). The 

models predicting experience, construal, and consensus of cognitive activation and 

classroom management displayed no statistically significant prediction by personality 

traits at p < .001. Across models with teacher support as the outcome variable, the av-

erage model fit was Rm = 0.38, whereas the models with cognitive activation and class-

room management showed an average model fit of Rm = 0.35 although the latter reveal 

no significant fixed effect. It is important to note that 17 dummy-coded classroom pre-

dictor variables partly produced significant fixed effects that inflated estimations for 

the Rm values.
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Table 3 

Correlations between Covariates, Personality Traits, SPIQ Components and Perceived Learning Achievement 

 SPIQ Experience SPIQ Construal SPIQ Consensus Perceived 
Learning 

Achievement 
 Teacher 

Support 
Cognitive 
Activation 

Classroom 
Management 

Teacher 
Support 

Cognitive 
Activation 

Classroom 
Management 

Teacher 
Support 

Cognitive 
Activation 

Classroom 
Management 

Gender -.15 -.09 .03 -.19 -.12 .00 -.15 -.09 .03 -.23 

Math Grade .24 .22 .11 .20 .18 .04 .23 .22 .11 .40 

Reasoning Ability .08 .06 .07 .10 .05 .04 .08 .06 .07 .27 

Open-Mindedness .02 .10 .10 .02 .11 .04 .02 .10 .11 .15 

Conscientiousness  .09 .11 .16 .07 .11 .10 .09 .11 .16 .15 

Extraversion .09 .05 .10 .07 .04 .09 .09 .05 .10 .11 

Agreeableness .18 .13 .18 .21 .16 .15 .19 .13 .19 .18 

Negative Emotionality -.22 -.16 -.11 -.25 -.19 -.15 -.22 -.16 -.10 -.31 

Note. Gender is coded with 0 = male; 1 = female. 

Correlation coefficients printed in bold are significant at p < .05, and correlation coefficients printed in bold and gray shading are significant at p < .001. 
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Table 4 

Personality Traits as Predictors of SPIQ Components (RQ1) 

 Experience Construal Consensus 
Predictors b [95% CI] β [95% CI] t Rm b [95% CI] β [95% CI] t Rm b [95% CI] β [95% CI] t Rm 
 Outcome: Teacher Support (Model without Covariates) 
Open-Mindedness -0.09 [-0.27, 0.10] -.04 [-.12, .04] -0.93 0.40 -0.09 [-0.28, 0.09] -.05 [-.14, .05] -0.96 0.27 -0.06 [-0.18, 0.06] -.04 [-.12, .04] -0.93 0.40 
Conscientiousness -0.11 [-0.29, 0.08] -.05 [-.13, .04] -1.08  -0.11 [-0.31, 0.07] -.05 [-.15, .04] -1.08  -0.07 [-0.19, 0.06] -.05 [-.13, .04] -1.08  
Extraversion -0.02 [-0.19, 0.17]  -.01 [-.09, .07] -0.21  -0.03 [-0.22, 0.16] -.01 [-.10, .08] -0.27  -0.01 [-0.13, 0.12] -.01 [-.09, .07] -0.22  
Agreeableness 0.28 [0.05, 0.47] .12 [.03, .21] 2.71  0.30 [0.08, 0.52] .14 [.04, .23] 2.79  0.19 [0.04, 0.33] .12 [.03, .21] 2.72  
Negative Emotionality -0.39 [-0.57, -0.19] -.18 [-.27, -.09] -4.03  -0.41 [-0.63, -0.21] -.20 [-.30, -.10] -4.08  -0.27 [-0.39, -0.13] -.18 [-.27, -.09] -4.03  
 Outcome: Teacher Support (Model with Covariates) 
Open-Mindedness -0.06 [-0.24, 0.15] -.03 [-.11, .06] -0.67 0.45 -0.07 [-0.28, 0.12] -.03 [-.13, .06] -0.69 0.34 -0.04 [-0.17, 0.09] -.03 [-.11, .06] -0.67 0.44 
Conscientiousness -0.08 [-0.26, 0.11] -.04 [-.13, .05] -0.80  -0.09 [-0.31, 0.12] -.04 [-.14, .06] -0.84  -0.06 [-0.20, 0.10] -.04 [-.13, .05] -0.80  
Extraversion 0.09 [-0.09, 0.26] .04 [-.04, .13] 0.99  0.09 [-0.09, 0.27] .04 [-.05, .14] 0.90  0.06 [-0.08, 0.20] .04 [-.04, .13] 0.99  
Agreeableness 0.37 [0.16, 0.59] .16 [.07, .25] 3.49  0.40 [0.20, 0.62] .18 [.08, .29] 3.58  0.26 [0.13, 0.40] .16 [.07, .26] 3.49  
Negative emotionality -0.21 [-0.43, 0.00] -.10 [-.20, .00] -1.92  -0.23 [-0.47, -0.01] -.11 [-.22, .00] -1.99  -0.14 [-0.30, 0.00] -.10 [-.20, .00] -1.92  
Gender -0.42 [-0.67, -0.16] -.15 [-.25, -.06] -3.26  -0.44 [-0.70, -0.17] -.17 [-.27, -.07] -3.23  -0.29 [-0.48, -0.12] -.15 [-.25, -.06] -3.25  
Math Grade 0.16 [0.04, 0.29] .13 [.03, .22] 2.61  0.17 [0.05, 0.29] .15 [.04, .25] 2.70  0.11 [0.03, 0.20] .13 [.03, .22] 2.61  
Reasoning Ability 0.00 [-0.02, 0.03] .02 [-.08, .11] 0.36  0.00 [-0.02, 0.03] .01 [-.09, .12] 0.23  0.00 [-0.01, 0.02] .02 [-.08, .11] 0.36  
 Outcome: Cognitive Activation (Model without Covariates) 
Open-Mindedness 0.11 [-0.07, 0.29] .05 [-.03, .14] 1.19 0.30 0.11 [-0.07, 0.31] .06 [-.03, .15] 1.21 0.2

0 
0.07 [-0.05, 0.17] .05 [-.03, .14] 1.19 0.29 

Conscientiousness -0.06 [-0.23, 0.15] -.03 [-.12, .06] -0.64  -0.05 [-0.25, 0.14] -.03 [-.12, .07] -0.54  -0.04 [-0.15, 0.09] -.03 [-.12, .06] -0.62  
Extraversion -0.06 [-0.22, 0.12] -.03 [-.11, .05] -0.67  -0.06 [-0.23, 0.12] -.03 [-.12, .06] -0.71  -0.04 [-0.15, 0.07] -.03 [-.11, .06] -0.66  
Agreeableness 0.17 [-0.03, 0.37] .08 [-.01, .17] 1.69  0.18 [-0.02, 0.38] .08 [-.01, .18] 1.73  0.10 [-0.02, 0.23] .08 [-.01, .17] 1.68  
Negative Emotionality -0.26 [-0.45, -

0.07] 
-.13 [-.22, -.04] -2.79  -0.27 [-0.45, -0.09] -.14 [-.23, -.04] -2.86  -0.16 [-0.28, -0.05] -.13 [-.22, -.04] -2.79  

 Outcome: Cognitive Activation (Model with Covariates) 
Open-Mindedness 0.11 [-0.08, 0.30] .05 [-.04, .14] 1.13 0.32 0.11 [-0.10, 0.32] -.03 [-.13, .06] 1.14 0.23 0.07 [-0.06, 0.19] -.03 [-.11, .06] 1.13 0.32 
Conscientiousness -0.04 [-0.23, 0.16] -.02 [-.11, .08] -0.35  -0.03 [-0.23, 0.22] -.04 [-.14, .06] -0.28  -0.02 [-0.14, 0.10] -.04 [-.13, .05] -0.32  
Extraversion 0.01 [-0.17, 0.20] .00 [-.09, .09] 0.09  0.01 [-0.18, 0.19] .04 [-.05, .14] 0.01  0.01 [-0.12, 0.11] .04 [-.04, .13] 0.10  
Agreeableness 0.20 [-0.02, 0.41] .09 [-.01, .19] 1.83  0.21 [-0.02, 0.41] .18 [.08, .29] 1.91  0.12 [-0.02, 0.25] .16 [.07, .26] 1.83  
Negative Emotionality -0.16 [-0.38, 0.07] -.08 [-.18, .03] -1.45  -0.16 [-0.36, 0.07] -.11 [-.22, .00] -1.44  -0.10 [-0.24, 0.04] -.10 [-.20, .00] -1.44  
Gender -0.25 [-0.51, -0.02] -.10 [-.20, .00] -1.94  -0.27 [-0.54, -0.01] -.17 [-.27, -.07] -2.06  -0.16 [-0.32, 0.00] -.15 [-.25, -.06] -1.97  
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 Experience Construal Consensus 
Predictors b [95% CI] β [95% CI] t Rm b [95% CI] β [95% CI] t Rm b [95% CI] β [95% CI] t Rm 
Math Grade 0.10 [-0.01, 0.22] .09 [-.01, .19] 1.71  0.11 [-0.02, 0.24] .15 [.04, .25] 1.80  0.07 [-0.01, 0.15] .13 [.03, .22] 1.70  
Reasoning Ability 0.00 [-0.03, 0.02] -.02 [-.11, .08] -0.30  0.00 [-0.03, 0.02] .01 [-.09, .12] -0.39  0.00 [-0.02, 0.01] .02 [-.08, .11] -0.31  
 Outcome: Classroom Management (Model without Covariates) 
Open-Mindedness 0.02 [-0.16, 0.20] .01 [-.08, .09] 0.16 0.50 0.00 [-0.20, 0.17] .00 [-.10, .10] 0.03 0.19 0.01 [-0.13, 0.13] .01 [-.07, .09] 0.19 0.55 
Conscientiousness 0.06 [-0.14, 0.23] .03 [-.06, .12] 0.64  0.07 [-0.11, 0.27] .04 [-.07, .14] 0.69  0.04 [-0.08, 0.17] .03 [-.06, .11] 0.64  
Extraversion 0.03 [-0.14, 0.22] .02 [-.07, .10] 0.38  0.04 [-0.12, 0.22] .02 [-.07, .12] 0.44  0.02 [-0.10, 0.15] .02 [-.06, .09] 0.38  
Agreeableness 0.11 [-0.07, 0.31] .05 [-.04, .14] 1.12  0.11 [-0.10, 0.31] .06 [-.05, .16] 1.08  0.07 [-0.07, 0.20] .05 [-.04, .13] 1.12  
Negative Emotionality -0.10 [-0.29, 0.07] -.05 [-.14, .04] -1.10  -0.12 [-0.31, 0.10] -.06 [-.16, .04] -1.20  -0.07 [-0.19, 0.05] -.05 [-.13, .04] -1.08  
 Outcome: Classroom Management (Model with Covariates) 
Open-Mindedness 0.07 [-0.12, 0.26] .03 [-.06, .12] 0.68 0.50 0.06 [-0.15, 0.24] .03 [-.07, .13] 0.55 0.19 0.05 [-0.08, 0.18] .03 [-.05, .12] 0.71 0.55 
Conscientiousness 0.08 [-0.12, 0.32] .04 [-.06, .13] 0.77  0.09 [-0.13, 0.29] .05 [-.06, .16] 0.87  0.05 [-0.07, 0.20] .04 [-.06, .13] 0.78  
Extraversion 0.03 [-0.18, 0.20] .01 [-.08, .10] 0.31  0.04 [-0.15, 0.24] .02 [-.08, .13] 0.45  0.02 [-0.11, 0.13] .01 [-.07, .10] 0.30  
Agreeableness 0.08 [-0.14, 0.30] .04 [-.06, .13] 0.76  0.08 [-0.14, 0.31] .04 [-.07, .15] 0.75  0.06 [-0.07, 0.19] .04 [-.06, .13] 0.76  
Negative Emotionality -0.09 [-0.31, 0.14] -.04 [-.15, .06] -0.83  -0.10 [-0.32, 0.13] -.05 [-.17, .07] -0.85  -0.06 [-0.22, 0.08] -.04 [-.14, .06] -0.81  
Gender -0.05 [-0.32, 0.22] -.02 [-.12, .08] -0.36  -0.07 [-0.36, 0.20] -.03 [-.14, .09] -0.49  -0.03 [-0.20, 0.14] -.02 [-.11, .08] -0.37  
Math Grade -0.03 [-0.16, 0.09] -.02 [-.12, .08] -0.42  -0.03 [-0.16, 0.09] -.03 [-.15, .09] -0.48  -0.02 [-0.10, 0.05] -.02 [-.12, .08] -0.41  
Reasoning Ability 0.00 [-0.02, 0.02] .00 [-.10, .10] -0.01  0.00 [-0.02, 0.03] .01 [-.11, .12] 0.09  0.00 [-0.02, 0.01] .00 [-.10, .09] -0.06  

Note. Each model additionally contains 17 dummy-coded predictor variables indicating class membership to control for clustered data at Level 3. For brevity, 

these fixed effects are not displayed in the table. b = unstandardized multilevel regression coefficient; β = standardized multilevel regression coefficient; 

Rm = marginal multiple R for generalized linear mixed effect models. Gender is coded with 0 = male; 1 = female. Personality traits and covariates were centered 

at the grand mean. Regression coefficients printed in bold are significant at p < .05, and regression coefficients printed in bold and gray shading are signif-

icant at p < .001 
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State SPIQ as Predictors of Perceived Lesson-Specific Learning Achieve-

ment (RQ 2) 

Before we addressed RQ2, we calculated within- and between-student correlations be-

tween the three SPIQ components and perceived lesson-specific learning achievement 

(see Table 2). Again, correlations at the between-student level were higher than at the 

within-student level. We focus on the within-student level, where relations to per-

ceived lesson-specific learning achievement were descriptively strongest for teacher 

support (mean r = .48) and cognitive activation (mean r = .27) and lowest for class-

room management (mean r = .07, all ps < .001), with an almost identical pattern 

across the components of experience, construal, and consensus. 

To address RQ2, we conducted linear mixed effect models with 17 dummy-coded var-

iables controlling for classroom membership, three SPIQ dimensions per component 

(and covariates) as simultaneous predictors, and perceived lesson-specific learning 

achievement as the outcome variable. Results can be found in Table 5. All components 

of all SPIQ dimensions significantly and positively predicted perceived lesson-specific 

learning achievement at p < .001 in the models without covariates. There were clear 

differences in effect sizes. Teacher support showed the largest effect (mean b = 0.48, 

mean β = .32). Effects of cognitive activation and classroom management were of sim-

ilar extent (mean b = 0.08, mean β = .05). In the models with covariates, these results 

remained virtually unchanged. Further, gender predicted perceived lesson-specific 

learning achievement negatively (b = -0.36, β = -.16), suggesting a negative relation 

for female students. The math grade predicted perceived lesson-specific learning 

achievement positively (b = 0.27, β = .24). Reasoning ability did not show any incre-

mental effect on perceived lesson-specific learning achievement above and beyond 

gender and the math grade. Including the covariates improved the model fit (mean 

Rm = 0.44 without covariates and mean Rm = 0.55 with covariates). Concluding, expe-

rienced, construed, and consensual teacher support were most decisive for perceived 

learning achievement in the same lesson. 
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Table 5 

SPIQ Components as Predictors of Perceived Learning Achievement (RQ2) 

Predictors Outcome: Perceived Learning Achievement 
 Model without Covariates Model with Covariates 
 b [95% CI] β [95% CI] t Rm  b [95% CI] β [95% CI] t Rm  
SPIQ Experience 

Teacher Support 0.42 [0.39, 0.46] .33 [.30, .36] 22.65 .45 0.46 [0.41, 0.50] .34 [.31, .37] 21.96 .56 
Cognitive Activation 0.07 [0.03, 0.10] .05 [.02, .08] 3.49 0.07 [0.02, 0.11] .05 [.02, .08] 3.30 
Classroom Manage-

ment 
0.07 [0.04, 0.11] .05 [.02, .08] 3.85 0.09 [0.05, 0.14] .06 [.03, .09] 4.45 

Gender -- -- -- -0.39 [-0.55, -
0.22] 

-.16 [-.24, -.09] -4.28 

Math Grade -- -- -- 0.27 [0.18, 0.36] .24 [.16, .32] 5.68 
Reasoning Ability -- -- -- 0.01 [-0.01, 0.03] .07 [-.02, .15] 1.56 
SPIQ Construal 

Teacher Support 0.40 [0.36, 0.44] .30 [.27, .32] 19.77 .43 0.43 [0.38, 0.47] .30 [.27, .33] 18.90 .54 
Cognitive Activation 0.08 [0.04, 0.12] .06 [.03, .09] 4.04 0.08 [0.04, 0.12] .06 [.03, .09] 3.72 
Classroom Manage-

ment 
0.07 [0.03, 0.11] .05 [.02, .07] 3.40 0.08 [0.03, 0.12] .05 [.02, .08] 3.52 

Gender -- -- -- -0.39 [-0.54, -
0.19] 

-.16 [-.24, -.09] -4.28 

Math grade -- -- -- 0.27 [0.19, 0.36] .24 [.16, .32] 5.67 
Reasoning Ability -- -- -- 0.01 [0.00, 0.03] .07 [-.02, .15] 1.56 
SPIQ Consensus 

Teacher Support 0.62 [0.57, 0.67] .33 [.30, .36] 22.65 .45 0.67 [0.60, 0.73] .34 [.31, .37] 21.96 .56 
Cognitive Activation 0.10 [0.04, 0.16] .05 [.02, .08] 3.49 0.11 [0.04, 0.17] .05 [.02, .08] 3.30 
Classroom Manage-

ment 
0.11 [0.05, 0.16] .05 [.02, .08] 3.84 0.14 [0.08, 0.20] .06 [.04, .09] 4.49 

Gender -- -- -- -0.39 [-0.56, -
0.20] 

-.16 [-.24, -.09] -4.29 

Math grade -- -- -- 0.27 [0.18, 0.35] .24 [.16, .32] 5.68 
Reasoning Ability -- -- -- 0.01 [0.00, 0.03] .07 [-.02, .15] 1.55 
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Note. Each model additionally contains 17 dummy-coded predictor variables indicating class membership to control for clustered data at Level 3. For brevity, these 

fixed effects are not displayed in the Table. b = unstandardized multilevel regression coefficient; β = standardized multilevel regression coefficient; Rm = marginal 

multiple R for generalized linear mixed effect models. Gender is coded with 0 = male; 1 = female. SPIQ components were centered within students. Covariates were 

centered at the grand mean and added as predictors of random intercepts. Regression coefficients printed in bold are significant at p < .05, and regression coeffi-

cients printed in bold and gray shading are significant at p < .001
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Students’ Personality Traits as Moderators of the Association between 

State SPIQ and Perceived Lesson-Specific Learning Achievement (RQ 3) 

Finally, addressing RQ3, we examined personality traits as possible moderators of the 

link between SPIQ components and perceived lesson-specific learning achievement. 

We ran a set of preliminary models where we included all possible interaction terms 

between SPIQ components and personality traits, of which we only used those inter-

action terms that were significant at p < .05 for our final models (for a similar proce-

dure, see Abrahams et al., 2021; Sherman et al., 2015). The elevated alpha level was 

chosen here for the preliminary models to facilitate the detection of interaction effects 

that are usually very small (Rauthmann, 2021) and thus might aid in generating new 

hypotheses. For interpreting moderation effects in the final models, however, we use 

the criterion of p < .001.  

In the final models we included 17 dummy-coded variables controlling for classroom 

membership, three SPIQ dimensions per component (e.g., experience of teacher sup-

port, cognitive activation, and classroom management), the respective personality 

traits and interaction terms between state SPIQ components and personality traits 

that were significant predictors in the preliminary models (and covariates) as simul-

taneous predictors, and perceived lesson-specific learning achievement as the out-

come variable. Results are displayed in Table 6. Relations between state SPIQ compo-

nents and perceived lesson-specific learning achievement and between covariates and 

perceived lesson-specific learning achievement remained virtually the same as those 

reported for RQ2 and only showed marginal differences in effect sizes. Across all com-

ponents, the only state SPIQ dimension that interacted with personality traits with 

regard to perceived lesson-specific learning achievement was teacher support, and the 

only personality traits that interacted with components of teacher support were agree-

ableness and negative emotionality. With regard to the preliminary models, of the 45 

(3 dimensions per state SPIQ component * 5 personality traits * 3 state SPIQ compo-

nents) possible interactions, only five interactions reached statistical significance at 

the p < .05 level and were included in the final models. In our test of the final models, 

only one of those interactions was significant at the p < .001 level (see Table 6). Spe-

cifically, agreeableness moderated the relation between construed teacher support and 
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perceived lesson-specific learning achievement in the models with and without covari-

ates (bs = -0.13, β = -.06 and β = -.05, respectively). In other words, the less agreeable 

a student is, the stronger is the positive association between construed teacher support 

and perceived lesson-specific learning achievement. Concerning direct effects, agree-

ableness showed a positive relation to perceived lesson-specific learning achievement 

in the model using SPIQ construal and covariates (b = 0.31, β = .15, p < .001), while 

negative emotionality showed negative relations to perceived lesson-specific learning 

achievement in the models using SPIQ experience and consensus (mean b = -0.36, 

mean β = .19, p < .001). The average model fit was Rm = 0.52 for the models without 

covariates and Rm = 0.59 for the models with covariates.
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Table 6 

Personality Traits as Moderators of the Association between SPIQ Experience, Construal, Consensus and Perceived Learning 
Achievement (RQ 3) 

Predictors Outcome: Perceived Learning Achievement 
 Model without Covariates Model with Covariates 
 b [95% CI] β [95% CI] t Rm  b [95% CI] β [95% CI] t Rm  
SPIQ Experience 

Teacher Support 0.45 [0.41, 0.49] .34 [.31, .37] 22.53 .54 0.46 [0.42, 0.50] .34 [.31, .37] 22.07 .60 
Cognitive Activation 0.07 [0.03, 0.11] .05 [.02, .08] 3.29 0.06 [0.01, 0.10] .04 [.01, .07] 2.73 
Classroom Management 0.08 [0.03, 0.12] .05 [.02, .08] 3.58 0.08 [0.04, 0.12] .05 [.03, .08] 3.85 
Teacher Support x 

Agreeableness 
-0.08 [-0.14, -0.02] -.03 [-.06, -.01] -2.74 -0.08 [-0.14, -0.03] -.04 [-.06, -.01] -2.87 

Teacher Support x Neg-
ative Emotionality 

0.06 [0.01, 0.12] .03 [.00, .05] 2.07 0.06 [0.00, 0.11] .03 [.00, .05] 1.90 

Agreeableness 0.11 [-0.04, 0.27] .05 [-.02, .13] 1.34 0.21 [0.04, 0.37] .10 [.02, .18] 2.55 
Negative Emotionality -0.45 [-0.59, -0.32] -.24 [-.31, -.16] -6.10 -0.27 [-0.44, -0.12] -.14 [-.22, -.06] -3.46 
Gender -- -- -- -0.37 [-0.56, -0.16] -.15 [-.23, -.07] -3.80 
Math Grade -- -- -- 0.23 [0.14, 0.32] .21 [.13, .29] 4.95 
Reasoning Ability -- -- -- 0.02 [0.00, 0.04] .09 [.01, .17] 2.15 
SPIQ Construal 

Teacher Support 0.43 [0.37, 0.46] .30 [.27, .33] 19.54 .47 0.43 [0.39, 0.48] .30 [.27, .33] 19.05 .57 
Cognitive Activation 0.08 [0.05, 0.13] .06 [.03, .09] 4.01 0.07 [0.03, 0.12] .05 [.02, .09] 3.43 
Classroom Management 0.07 [0.02, 0.11] .04 [.02, .07] 3.04 0.07 [0.02, 0.11] .04 [.01, .07] 3.00 
Teacher Support x 

Agreeableness 
-0.13 [-0.19, -0.07] -.05 [-.08, -.03] -4.34 -0.13 [-0.19, -0.07] -.06 [-.08, -.03] -4.43 

Agreeableness 0.25 [0.10, 0.40] .12 [.04, .20] 3.07 0.31 [0.16, 0.46] .15 [.08, .23] 3.94 
Gender -- -- -- -0.48 [-0.67, -0.29] -.20 [-.27, -.12] -5.16 
Math Grade -- -- -- 0.25 [0.15, 0.34] .23 [.14, .31] 5.32 
Reasoning Ability -- -- -- 0.02 [0.00, 0.03] .08 [-.01, .16] 1.82 
SPIQ Consensus 
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Teacher Support 0.66 [0.60, 0.72] .34 [.31, .37] 22.54 .54 0.67 [0.61, 0.73] .34 [.31, .37] 22.07 .60 
Cognitive Activation 0.11 [0.04, 0.17] .05 [.02, .08] 3.29 0.09 [0.02, 0.16] .04 [.01, .07] 2.73 
Classroom Management 0.11 [0.05, 0.17] .05 [.02, .08] 3.63 0.12 [0.05, 0.19] .06 [.03, .08] 3.92 
Teacher Support x 

Agreeableness 
-0.11 [-0.21, -0.03] -.03 [-.06, -.01] -2.75 -0.12 [-0.20, -0.04] -.04 [-.06, -.01] -2.87 

Teacher Support x Neg-
ative emotionality 

0.08 [0.01, 0.17] .03 [.00, .05] 2.08 0.08 [-0.01, 0.16] .03 [.00, .05] 1.90 

Agreeableness 0.11 [-0.05, 0.25] .05 [-.02, .13] 1.34 0.21 [0.05, 0.38] .10 [.02, .18] 2.55 
Negative Emotionality -0.45 [-0.60, -0.32] -.24 [-.31, -.16] -6.10 -0.27 [-0.43, -0.11] -.14 [-.22, -.06] -3.46 
Gender -- -- -- -0.37 [-0.58, -0.16] -.15 [-.23, -.07] -3.81 
Math Grade -- -- -- 0.23 [0.13, 0.32] .21 [.12, .29] 4.94 
Reasoning Ability -- -- -- 0.02 [0.00, 0.03] .09 [.01, .17] 2.14 

Note. Each model additionally contains 17 dummy-coded predictor variables indicating class membership to control for clustered data at Level 3. For brevity, 

these fixed effects are not displayed in the table. b = unstandardized multilevel regression coefficient; β = standardized multilevel regression coefficient; 

Rm = marginal multiple R for generalized linear mixed effect models. Gender is coded with 0 = male; 1 = female. SPIQ components were centered within stu-

dents. Covariates and personality traits were centered at the grand mean and added as predictors of random intercepts. Regression coefficients printed in bold 

are significant at p < .05, and regression coefficients printed in bold and gray shading are significant at p < .001 
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Discussion 

The present study addressed “the perception problem” (Wisniewski et al., 2022) 

within instructional quality research—differences between perceptions across rating 

sources—from a different angle. Using an experience sampling design with repeatedly 

assessed multiple students’ perceptions of the same lesson-specific instructional qual-

ity, we performed (a) predictions of state SPIQ and within-student relations and (b) 

disentangled construed, idiosyncratic perceptions from consensual perceptions that 

are confounded within raw SPIQ scores. Such analyses are not possible in traditional 

research designs that assess SPIQ at one point in time and with an unclear target time 

frame, and aggregate them to higher levels of analyses, thereby considering within-

student variation merely as disturbance. We detected substantial effects of students’ 

personality traits of agreeableness and negative emotionality on state SPIQ. Within-

student relations revealed that the dimension of teacher support showed particularly 

strong positive relations to perceived learning achievement. Additionally, this relation 

was more pronounced in less agreeable students. Clear differential relations across the 

three components of SPIQ experience, construal, and consensus could not be detected. 

Shifting the focus of instructional quality research to individual lessons, within-stu-

dent relations, and student factors that influence both SPIQ and within-student rela-

tions of SPIQ, while always considering the individual relation to the reference group’s 

perception (i.e., the classroom consensus), essentially shifts the focus of instructional 

quality research to the student perceiver instead of merely the teachers’ behavior. This 

ultimately casts a more differentiated picture on instructional quality, classroom in-

teractions, and dynamics in specific lessons.  

Experience, Construal, and Consensus of State SPIQ 

This study was the first one to differentiate the components of experience, construal, 

and consensus within SPIQ and the TBDs. An initial examination of intercorrelations 

revealed large to perfect associations between the different components within the 

three dimensions of the TBDs framework. In other words, a higher experienced in-

structional quality (i.e., students’ raw perceptions of instructional quality) is related to 

higher construed (i.e., students’ idiosyncratic perceptions) and higher consensual (i.e., 

students’ agreement with classmates’ perceptions) instructional quality. Consistent 
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with this, in all examined relations to personality traits and perceived lesson-specific 

learning achievement, the three components were considered jointly and showed vir-

tually the same results that only slightly differed in effect sizes in almost all examined 

relations. Given prior research that discussed the role of the student in SPIQ (e.g., 

Feistauer & Richter, 2017; Talić et al., 2022; Wagner et al., 2016; Wisniewski et al., 

2022), this finding was rather surprising. Some overlap is inherent due to the fact that 

the components are confounded within one another (i.e., shared variance between in-

dividual experience and class mean experience yields consensus, and individual expe-

rience variance not explained by class mean experience yields construal). Further, it is 

important to note that prior research investigated the framework of TBDs as state 

SPIQ and identified substantial and meaningful within-student variation, where stu-

dents reliably differentiated between the TBDs from lesson to lesson, even after con-

trolling for shared lesson perceptions (Talić et al., 2022). On this sample-based ap-

proach, approximately 53 % of the variance in state SPIQ were attributable to the 

within-student level, suggesting substantial fluctuations within students. The exact 

conditions of these fluctuations remained unclear (e.g., fluctuations due to idiosyn-

cratic student characteristics, teacher states, lesson content, or interactions among 

them; Talić et al., 2022). The present study—following a different, more individual-

based approach where construal and consensus perceptions are disentangled from the 

raw state SPIQ perceptions (i.e., experience) to gain more insight into these state SPIQ 

fluctuations—found no clear separation of idiosyncratic and consensual SPIQ compo-

nents within SPIQ experience.  

The question of how idiosyncratic SPIQ actually are, remains. Generally, Rauthmann 

et al. (2015) noted that “most people perceive situations as most other people do,” 

leaving litte remaining variance after extracting consensual perceptions. In the present 

study, it might be that variance in SPIQ construal and consensus was too limited to 

draw reliable conclusions on this question due to limited variance across lessons. In-

deed, Talić et al. (2022) reported a maximum of 11 % of variance between lessons (in 

contrast to a maximum of 54 % of variance between students) on the same dataset. 

Future research might consider assessing a longer time frame to capture more varia-

bility across lessons or compare multiple subjects that might change lesson content 

more frequently. It is also important to keep in mind that one focus of situation re-

search is the examination of why certain people create certain situations (Rauthmann, 
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2021). For instance, extraverted people might go to parties or get coffee with their 

friends because they enjoy the settings (Matz & Harari, 2021). In the present study, 

however, the situations that were assessed (i.e., lessons in math instruction across 

three weeks) were not created or deliberately chosen by the students, but constitute a 

forced environment. The examination of elective subjects might thus offer more in-

sight into idiosyncrasies in SPIQ that go along with a more self-directed choice of at-

tended lessons. 

Yet the lack of detecting differential relations across the three components might im-

ply the question of the usefulness of differentiating these components within SPIQ. 

However, we assert that this differentiation is useful for the examination of SPIQ in 

shared lessons. First, the advanced insights gained by differentiating different compo-

nents is theoretically informative. For instance, one could have distinguished between 

students giving higher ratings for teacher support just because they are more agreeable 

and thus tend to agree more with the posed item in the questionnaire (i.e., reflecting 

an effect of agreeableness on experienced teacher support) versus students construing 

instructional behavior as more supportive above and beyond their classmates’ percep-

tions because they are more agreeable (i.e., reflecting an effect of agreeableness on 

construed teacher support) versus students’ overlapping in their perceptions with 

their classmates because they are more agreeable (i.e., reflecting an effect of agreea-

bleness on consensual teacher support). Second, although result patterns were largely 

similar across components in our findings, there are still some noteworthy differences. 

For instance, we found a significant moderator effect at p < .001 of personality traits 

on SPIQ–learning achievement relations only for teacher support construal and agree-

ableness, indicating that it is not the mere rating of instructional behavior as support-

ive that lowers the positive effect of teacher support on learning achievement, but ra-

ther the idiosyncratic construal of more agreeable students. Thus, one could conclude 

that this might be the portion of the rating which might not necessarily reflect true 

perceived teacher support but more of an artefact of rating tendencies in agreeable 

students. Hence, the differentiation in the SPIQ components yields more nuanced in-

sights that offer the elaboration of further hypotheses to be addressed in future stud-

ies. At the same time, the current, almost entire lack of differentiation among the three 

state SPIQ components is also an important indication of how the TBDs framework 

can be used in future research. Specifically, our results suggest that using the raw state 
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SPIQ perceptions (i.e., experience) does not change the result pattern with regard to 

outcome criteria remarkably, thus providing strong validity evidence for implement-

ing state SPIQ perceptions’ raw scores in research on the TBDs. 

The Role of Students’ Personality for Lesson-Specific SPIQ and SPIQ–

Learning Achievement Relations 

The most crucial of the Big Five personality traits with regard to state SPIQ and par-

ticularly teacher support were agreeableness and negative emotionality (RQ1). Agree-

ableness positively predicted all components of teacher support with small to typical 

(Gignac & Szodorai, 2016) effect sizes in the models including covariates. Negative 

emotionality predicted all components of teacher support negatively with typical effect 

sizes in the models without covariates, whereas these effects do not reach statistical 

significance at p < .001 after including the covariates (see a discussion on the role of 

covariates below). We could not detect any significant effects at p < .001 of personality 

traits on the other dimensions of cognitive activation and classroom management. 

Thus, it seems that the dimension of teacher support—which addresses the most af-

fective perceptions of instructional quality (e.g., indicating the teachers’ sensitivity for 

individual student needs), is targeted at the quality of interactions and relationships 

of agents in the classroom and has a strong link to students’ self-determination in the 

learning process (Praetorius et al., 2018; Ryan & Deci, 2000)—is particularly prone to 

be influenced by students’ personality. The reason that the dimensions of cognitive 

activation and classroom management might be less prone to personality influences 

might be their less affective content with clearer physical indications (targeted at task 

specifics or the learning environment, respectively). The finding that agreeableness 

was related to higher perceived teacher support is in line with the characteristics of 

this trait as being cooperative and trusting (Costa & McCrae, 1992) and to prior find-

ings of a positive link between agreeableness and positive course evaluations (Keller & 

Karau, 2013). Negative emotionality was related to lower perceived teacher support. 

In other words, students with a higher tendency of experiencing stress and anxiety 

tended to perceive the same instructional behavior as less supportive. This might in-

dicate a higher need for supportive instructional behavior for those students in order 

to benefit from it in the classroom. The personality traits of open-mindedness, consci-

entiousness, and extraversion did not show any relations to SPIQ. Even though we had 
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no clear hypotheses of any relations due to lack of research in this area, this finding is 

still somewhat surprising. One might have, for instance, assumed open-mindedness 

to be positively related to cognitive activation due to higher intellectual curiosity, im-

agination, and divergent thinking that might aid in perceiving instructional behavior 

as mentally stimulating and challenging. In addition, conscientiousness might have 

been expected to be associated with classroom management due to the orderliness and 

dutifulness of conscientious individuals. 

Concerning the role of personality traits on the lesson-specific SPIQ–learning achieve-

ment relations, we only identified agreeableness as a significant moderator with 

teacher support construal at p < .001 (RQ3), further underpinning the relevance of 

agreeableness in relation to teacher support. The effect describes a stronger positive 

relation between construed teacher support and perceived lesson-specific learning 

achievement for less agreeable students. Agreeable students might construe teacher 

support such that it does not necessarily reflect true perceived teacher support but 

rather a tendency to agree from which they cannot benefit in terms of learning achieve-

ment gains. In fact, prior research showed the trait of agreeableness to be significantly 

and positively related to rating leniency, with more agreeable persons providing more 

favorable ratings even in light of poorer performance (Bernardin et al., 2000; Bernar-

din et al., 2009; Randall & Sharples, 2012; Yun et al., 2005). The effect sizes of the 

moderation effect were very small (β = -.05 and β = -.06), which is in line with previous 

research on interaction effects between personality traits and perceived situation char-

acteristics on personality states (Rauthmann, 2021). In the educational context, con-

scientiousness was found to be the most important Big Five trait in terms of student 

achievement (Mammadov, 2022). Indeed, conscientiousness showed a significant 

positive relation to perceived lesson-specific learning achievement at p < .05 in the 

present study (r = .15, see Table 3), which albeit did not exceed the relation between 

the other personality traits and perceived learning achievement. The present study 

adds the findings that agreeableness and negative emotionality seem to be of higher 

relevance in perceptions of instructional quality with some interactive effects on a sub-

jective lesson-specific learning achievement indicator, underlining these traits’ impact 

in the educational context. It is important to note that the result pattern of trait SPIQ 

and personality traits differs in some parts from relations between state SPIQ and per-

sonality traits (see Preliminary Analyses). In general, relations between state SPIQ and 
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personality traits were more numerous than between trait SPIQ and personality traits 

and differed slightly with regard to the personality traits they correlated with. This 

might suggest some differential relevance of personality traits and momentary, state 

perceptions of instructional quality versus habitual, time-enduring perceptions. Fur-

ther research might assess personality states in addition to examine possible media-

tion effects of personality traits on state SPIQ via personality states (Ching et al., 2014). 

The present study focused on examinations at the level of individual lessons such that 

relations between SPIQ trait measures were only of secondary interest and only re-

ported to inform interested readers. For further generation of hypotheses, trait SPIQ 

relations as well as relations for the 15 personality subfacets of the Big Five traits (Soto 

& John, 2017) are provided in Table S1 in the OSM.  

Short-Term State SPIQ Relations to Perceived Lesson-Specific Learning 

Achievement 

Perceived lesson-specific learning achievement was predominantly positively related 

to all teacher support components with large effect sizes and to cognitive activation 

and classroom management components with small effect sizes (RQ2). Given theoret-

ical assumptions and empirical findings on the relation between the TBDs and 

achievement, this finding is rather unexpected although also relations between teacher 

support and achievement have been reported (Fauth et al., 2014). Based on between-

person research designs, positive relations between cognitive activation and classroom 

management to student achievement are expected, while teacher support is more 

closely related to student motivation (Praetorius et al., 2018). The present study iden-

tifies the unambiguously strongest relation between teacher support and a lesson-spe-

cific, subjective learning achievement indicator at the within-student level. On the one 

hand, this contrast might reveal differential SPIQ–achievement relations at different 

levels of analyses due to using interindividual versus intraindividual variance (Mo-

lenaar, 2004; Murayama et al., 2017). On the other hand, prior findings that used, for 

instance, standardized test scores to examine SPIQ–achievement relations can only 

vaguely be compared to our findings that are based on perceived learning achievement 

(i.e., not reflecting objective achievement). In contrast, the math grade showed sub-

stantial relations to teacher support and cognitive activation across all components 

(see Table S1), demonstrating some differential result patterns for students’ perceived 
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learning achievement and their math grade. Specifically, students seem to benefit par-

ticularly from teacher support in terms of their perceived learning achievement, 

whereas the supposed benefit of cognitive activation does not seem to be perceivable 

by students. Taken together, perceived learning achievement has been shown to be 

suitable as a daily measure in experience sampling designs, thus maintaining high eco-

logical validity (see Niepel et al., 2022; see also Limitations and Future Research sec-

tion below) and offering new insights into the dynamics of perceived learning achieve-

ment in students’ daily life within lessons. Within-student relations between state 

SPIQ components and perceived lesson-specific learning achievement remained vir-

tually the same after including covariates.  

The Role of Gender, Math Grade, and Reasoning Ability  

Students’ gender, math grade, and reasoning ability were entered in all models as po-

tentially relevant covariates. We report some noteworthy findings that were not the 

central focus of the present study. First, the effects of negative emotionality on teacher 

support components did not reach statistical significance after including the covari-

ates, indicating some confounding of these variables. Particularly gender and math 

grade, that showed relations at p < .05 to teacher support, seem to be confounded with 

negative emotionality. Relations at the p < .05 level indicated that female students 

perceive less teacher support and that students with higher math grades perceive more 

teacher support. Yet these relations need to be replicated in future studies. Second, 

gender negatively predicted perceived lesson-specific learning achievement in math 

with small to typical effect sizes, indicating that female students report lower compre-

hension in individual math lessons than male students. This finding is in line with 

prior studies that report on lower self-reported representations of math abilities in 

female students (even if actual achievement levels are equivalent; Niepel et al., 2019; 

OECD, 2015). Our findings suggest that this might translate to the level of individual 

lessons and hints at the need to support girls and young women particularly in math-

ematics instruction from lesson to lesson. The math grade positively predicted per-

ceived lesson-specific learning achievement with typical to large effect sizes, corrobo-

rating the implemented subjective achievement measure. Third, reasoning ability did 

not play a significant role in any examined relation to SPIQ components or perceived 

lesson-specific learning achievement above and beyond gender and math grade. One 
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strength of the present study is the inclusion of covariates that have been shown to 

play a role in the examined relations as well as the presentation of models with and 

without covariates, thus allowing interested readers to estimate the covariates’ effects.  

Limitations and Future Research 

We note some important limitations. First, throughout the entire article, we focused 

on students’ perceptions of instructional quality. Needless to say, teachers’ self-per-

ceptions of instructional quality and lesson-to-lesson variation within these self-per-

ceptions would also be of great interest to study in the future. Students’ clustering in 

classes was controlled for by adding fixed effects of dummy-coded class variables on 

the one hand, and by focusing on lessons (e.g., students’ construal was calculated for 

specific lessons), which inherently considered classroom clustering. Still, we only ad-

dressed students’ perceptions of teachers’ behaviors. The disentanglement of these 

SPIQ into the three components of experience, construal, and consensus enables an 

approximation to objective instructional quality by addressing consensual percep-

tions. That is, if all students within the classroom agree on something, it is intersub-

jective and arguably approximates objectivity. Importantly, this is only an approxima-

tion and might still be divergent to teachers’ self-perceptions or independent observ-

ers’ perceptions. Thus, future research should address teachers’ state perceptions to 

gain a more balanced picture of classroom dynamics. It is also recommendable to com-

pute the consensus score based on self- and other ratings (i.e., teachers’ and students’ 

perceptions; see Abrahams et al., 2021, for the computation of consensus between self- 

and other ratings).  

To estimate the relevance of the observed effects, it is crucial to discuss effect sizes. 

For effects that were significant at p < .001, we observed effect sizes that ranged be-

tween β = |.05| and β = |.33| with a mean of β = |.17|, reflecting a small to typical effect 

size (Gignac & Szodorai, 2016). In particularly small effects below .10, the effects’ sta-

tistical, content, or practical relevance seems questionable at first sight. Yet it is im-

portant to keep in mind that even comparatively small effects can have a crucial impact 

when accumulation over time takes place (Funder & Ozer, 2019; Götz et al., 2022; 

Matz et al., 2017; Rauthmann et al., 2015). The present study examined dynamics at 

the level of school lessons (i.e., 45-minute intervals), something experienced by stu-

dents many thousands of time of during their school career.   
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Further, it is important to note that our study is correlational and, therefore, cannot 

imply causality (although we do speak of statistical predictions). For instance, it could 

also be that perceived lesson-specific learning achievement causally influences the 

perceptions of instructional quality (e.g., “If I have understood the lesson well, the 

teacher must have been teaching good”). Thus, experimental research designs includ-

ing control groups are needed to infer causality. Even though the present study cannot 

infer causality, it still implemented an intensive longitudinal design where all person-

ality traits and covariates were assessed prior to the experience sampling phase, such 

that the direction of effects with traits predicting subsequent states seems more plau-

sible than vice versa.  

We used perceived lesson-specific learning achievement targeted at the conceptual 

comprehension of the lesson content as a state achievement indicator. In between-

person research designs, usually standardized test scores or school grades are used as 

achievement indicators (see Arens et al., 2017, for a balanced discussion on different 

achievement indicators), which are more objective than our perceived state achieve-

ment indicator. Yet, in an experience sampling design, the implementation of a stand-

ardized test in each lesson is hardly feasible. Further, the positive and substantial re-

lation between math grade and our perceived learning achievement indicator corrob-

orates its validity. In addition, a previous study has demonstrated the empirical dis-

tinction of students’ perceived lesson-specific learning achievement versus their per-

ceived lesson-specific math abilities (math self-concept; Niepel et al., 2022), further 

suggesting its validity in an experience sampling design. In line with our focus on in-

dividual perceptions within SPIQ, we thus use perceived lesson-specific learning 

achievement as a subjective achievement indicator. Future research should, neverthe-

less, address the question of different indicators of student achievement and their re-

spective implications in an experience sampling design.   

Finally, we note that our findings are based on a sample of German secondary school 

students attending the nineth and 10th grades in schools of the highest ability track, 

and we only considered math instruction. To test the generalizability of our results, 

thus, students from other countries, ability tracks, age groups, and subjects are 

needed.  
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Implications and Conclusion 

Perceptions of instructional quality are omnipresent in daily school life and have wide-

ranging implications both for students in terms of student achievement, as well as for 

teachers in terms of evaluations of their teaching effectiveness even at the country level 

(OECD, 2014). The present experience sampling study contributed to the understand-

ing of such perceptions within the framework of Three Basic Dimensions (teacher sup-

port, cognitive activation, classroom management; Klieme et al., 2001) from the stu-

dents’ perspectives by considering students’ personality traits and perceived learning 

gains in individual lessons. In doing that, we disentangled idiosyncratic from consen-

sual student perceptions that are confounded in the raw perceptions to uncover po-

tentially differential relations across these components and bridge the gap between 

individual perceptions and actual instructional quality. The present study thus demon-

strated new insights to be gained in instructional quality research when examining 

dynamics at the level of individual lessons in school life and proposes a closer look at 

the context that students find themselves in.
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Online Supplementary Material 

Table S1 

Correlations between SPIQ Components, Perceived Learning Achievement, Covariates, SPIQ Traits, and Personality Traits and 
Facets 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
States                   
Experience                   

1. TS ---                  
2. CA .72 ---                 
3. CM .16 .09 ---                

Construal                   
4. TS .94 .68 .13 ---               
5. CA .67 .97 .06 .70 ---              
6. CM .14 .05 .86 .15 .05 ---             

Consensus                   
7. TS 1.00 .72 .16 .94 .67 .14 ---            
8. CA .72 1.00 .09 .68 .98 .05 .72 ---           
9. CM .16 .09 1.00 .13 .06 .81 .16 .09 ---          

10. P. Ach. .62 .47 .23 .59 .44 .19 .62 .47 .23 ---         
Traits                   
11. Gender -.15 -.09 .03 -.19 -.12 .00 -.15 -.09 .03 -.23 ---         
12. Grade .24 .22 .11 .20 .18 .04 .23 .22 .11 .40 -.06 ---        
13. RA .08 .06 .07 .10 .05 .04 .08 .06 .07 .27 -.10 .38 ---       
14. TS .53 .31 .11 .44 .26 .10 .53 .31 .11 .29 -.22 .12 -.05 ---      
15. CA .44 .42 .32 .38 .37 .24 .44 .42 .33 .40 -.06 .18 .05 .49 ---     
16. CM .08 .02 .51 .09 .02 .29 .08 .02 .54 .18 -.01 -.02 -.08 .02 .17 ---    
17. O .02 .10 .10 .02 .11 .04 .02 .10 .11 .15 .13 .03 .09 -.02 .16 .04 ---   
18. O-AS -.08 .01 .03 -.06 .01 .00 -.08 .01 .03 -.06 .34 -.10 .01 -.15 .07 -.01 .80 --- 
19. O-IC .10 .17 .17 .10 .17 .09 .10 .17 .18 .27 -.07 .23 .16 .15 .20 .02 .72 .34 



Student-Lesson Dynamics in Perceived Instructional Quality 

 

143 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
20. O-CI .03 .07 .05 .02 .07 -.02 .03 .07 .06 .16 -.03 .01 .04 .00 .08 .10 .76 .39 
21. C .09 .11 .16 .07 .11 .10 .09 .11 .16 .15 .20 .28 .00 .02 .21 .13 .25 .15 
22. C-O .02 .06 .08 .00 .06 .04 .02 .06 .09 .05 .20 .18 -.09 -.03 .13 .06 .11 .05 
23. C-P .12 .10 .08 .12 .10 .05 .12 .10 .08 .16 .08 .23 .03 .10 .17 .14 .24 .14 
24. C-R .12 .14 .30 .10 .14 .20 .12 .14 .31 .22 .23 .33 .10 .01 .22 .17 .32 .22 
25. E .09 .05 .10 .07 .04 .09 .09 .05 .10 .11 .14 -.04 -.10 .00 .12 .15 .20 .10 
26. E-S .06 -.01 .01 .04 -.02 .05 .06 -.01 .00 .03 .14 -.13 -.10 -.04 .02 .10 .06 .03 
27. E-A .01 .00 .18 -.01 -.01 .13 .01 .00 .18 .11 .05 .01 -.02 .01 .13 .19 .24 .10 
28. E-EL .17 .14 .06 .13 .12 .04 .16 .14 .06 .14 .17 .07 -.18 .09 .20 .07 .22 .12 
29. A .18 .13 .18 .21 .16 .15 .19 .13 .19 .18 .24 .14 -.03 .07 .19 .05 .22 .19 
30. A-C .14 .11 .16 .14 .12 .14 .14 .11 .16 .12 .33 .09 -.03 .06 .17 -.01 .26 .22 
31. A-R .13 .12 .19 .14 .14 .12 .13 .12 .20 .16 .18 .18 -.01 .05 .17 .12 .21 .14 
32. A-T .18 .09 .12 .23 .13 .12 .19 .09 .12 .18 .09 .07 -.05 .07 .14 .00 .10 .10 
33. NE -.22 -.16 -.11 -.25 -.19 -.15 -.22 -.16 -.10 -.31 .26 -.17 .00 -.13 -.10 -.09 -.10 .08 
34. NE-A -.21 -.15 -.06 -.23 -.17 -.08 -.21 -.15 -.05 -.20 .30 -.03 .04 -.16 -.04 -.11 -.03 .14 
35. NE-D -.18 -.11 -.12 -.18 -.11 -.14 -.18 -.11 -.11 -.31 .19 -.18 .05 -.17 -.15 -.16 -.11 .07 
36. NE-EV -.16 -.15 -.10 -.22 -.20 -.14 -.16 -.16 -.09 -.26 .15 -.21 -.06 -.04 -.08 .04 -.10 -.01 

Note. TS = Teacher support; CA = Cognitive activation; CM = Classroom management; P. Ach. = Perceived learning achievement; RA = Reasoning ability; O = 

Open-mindedness; O-AS = Aesthetic Sensitivity; O-IC = Intellectual Curiosity; O-CI = Creative Imagination; C = Conscientiousness; C-O = Organization; C-P 

= Productiveness; C-R = Responsibility; E = Extraversion; E-S = Sociability; E-A = Assertiveness; E-EL = Energy Level; A = Agreeableness; A-C = Compassion; 

A-R = Respectfulness; A-T = Trust; NE = Negative emotionality; NE-A = Anxiety; NE-D = Depression; NE-EV = Emotional Volatility.  

Gender is coded with 0 = male; 1 = female. 

Correlation coefficients printed in bold are significant at p < .05, and correlation coefficients printed in bold and gray shading are significant at p < .001.  
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Table S1 (Continued) 

Correlations between SPIQ Components, Perceived Learning Achievement, Covariates, SPIQ Traits, and Personality Traits and 
Facets 

 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 
19. O-IC ---                                   
20. O-CI .41 ---                 
21. C .26 .20 ---                
22. C-O .14 .08 .85 ---               
23. C-P .27 .19 .81 .48 ---              
24. C-R .28 .25 .79 .48 .61 ---             
25. E .14 .23 .14 -.01 .21 .23 ---            
26. E-S -.02 .10 -.03 -.14 .07 .03 .88 ---           
27. E-A .28 .20 .14 .01 .17 .24 .80 .55 ---          
28. E-EL .13 .27 .30 .16 .32 .31 .78 .56 .43 ---         
29. A .15 .19 .36 .23 .32 .40 .13 .10 -.09 .33 ---        
30. A-C .16 .22 .30 .17 .27 .36 .21 .17 -.01 .37 .89 ---       
31. A-R .20 .17 .47 .31 .40 .50 .01 -.08 -.07 .22 .83 .67 ---      
32. A-T .02 .09 .19 .15 .16 .15 .10 .13 -.13 .24 .80 .54 .47 ---     
33. NE -.17 -.19 -.30 -.05 -.39 -.42 -.29 -.22 -.16 -.34 -.29 -.16 -.32 -.25 ---    
34. NE-A -.11 -.16 -.10 .07 -.22 -.21 -.32 -.27 -.26 -.25 -.02 .06 -.05 -.05 .83 ---   
35. NE-D -.15 -.23 -.28 -.06 -.38 -.36 -.41 -.33 -.26 -.44 -.24 -.17 -.22 -.20 .84 .57 ---  
36. NE-
EV -.17 -.10 -.36 -.16 -.39 -.45 .04 .08 .14 -.14 -.45 -.28 -.52 -.35 .79 .50 .45 --- 

Note. O-IC = Intellectual Curiosity; O-CI = Creative Imagination; C = Conscientiousness; C-O = Organization; C-P = Productiveness; C-R = Responsibility; E = 

Extraversion; E-S = Sociability; E-A = Assertiveness; E-EL = Energy Level; A = Agreeableness; A-C = Compassion; A-R = Respectfulness; A-T = Trust; NE = 

Negative Emotionality; NE-A = Anxiety; NE-D = Depression; NE-EV = Emotional Volatility.  

Gender is coded with 0 = male; 1 = female. 

Correlation coefficients printed in bold are significant at p < .05, and correlation coefficients printed in bold and gray shading are significant at p < .001.
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Table S2 

Descriptive Statistics of Personality Traits at the Facet Level 

 M SD ω 

Open-Mindedness    

Aesthetic Sensitivity 1.96 0.97 .78 

Intellectual Curiosity 2.36 0.73 .66 

Creative Imagination 2.43 0.75 .81 

Conscientiousness     

Organization 2.46 0.95 .88 

Productiveness 2.07 0.71 .74 

Responsibility 2.53 0.57 .60 

Extraversion    

Sociability 2.44 0.88 .84 

Assertiveness 2.36 0.71 .74 

Energy Level 2.31 0.64 .64 

Agreeableness    

Compassion 2.82 0.75 .79 

Respectfulness 2.92 0.64 .74 

Trust 2.21 0.69 .67 

Negative Emotionality    

Anxiety 1.98 0.71 .62 

Depression 1.39 0.82 .84 

Emotional Volatility 1.73 0.77 .76 

Note. Response format: [0, 4]. 
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5. Discussion and Outlook 
 

The classroom is a complex and dynamic interactional system where many individuals 

operate and influence each other (Gardner, 2019). Within each individual, there are 

stable, trait characteristics (e.g., extraversion) and momentary, state expressions (e.g., 

momentary enthusiasm) that impact on their behavior in the classroom. In addition, 

there are numerous external time-varying factors in relation to the classroom setting 

that further enhances its dynamics (e.g., number of individuals, time of day, week, or 

school year, lesson content Curby et al., 2011; Praetorius et al., 2014). In this light, the 

mere assessment of individual self-reports with regard to one domain or at one point 

in time with the implicit assumption of assessing a ‘true’ score (Ziegler & Bühner, 

2012) seems particularly unreasonable. Therefore, the present dissertation aimed at 

disentangling confounded variance components within self-reported ratings in three 

ways in three different research works, while also examining the effect of this disen-

tanglement with regard to crucial related constructs in an educational context.  

Central Findings 

The first contribution (Chapter 2) presented two latent modeling approaches in spec-

ifying hierarchical constructs that entail both domain-specific and domain-general 

components. These two modeling approaches (i.e., first-order factor (FOF) and nested 

factor (NF) modeling) were incorporated to specify the construct of test anxiety (TA) 

in the domains of math and German within the generalized internal/external (GI/E) 

frame of reference model, that essentially draws on domain-specific processes (Möller 

et al., 2016). In doing so, the first contribution illustrated a substantial change in result 

patterns in dependence on the modeling strategy. Particularly dimensional compari-

sons were prone to the change in modeling strategy. In other words, the NF modeling 

approach purified the domain-specific construct manifestations (from domain-gen-

eral construct manifestations; Arens et al., 2021; Brunner et al., 2010; Eid et al., 2017) 
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which then showed more pronounced cross-domain relations. With this, the NF mod-

eling approach might offer one possible explanation for the debated distinction of di-

mensional contrast and assimilation effects (Möller et al., 2020). The contrasting re-

lation pattern in dependence on the FOF versus NF modeling approach illustrated the 

importance of considering domain-general manifestations within domain-specific 

manifestations of hierarchical constructs (e.g., TA), and thus allows for more nuanced 

insights into the structure and correlates of this construct.  

The second contribution (Chapter 3) assessed state students’ perceptions of instruc-

tional quality (SPIQ) in the Three Basic Dimensions (TBDs; teacher support, cognitive 

activation, and classroom management; Klieme et al., 2001) to uncover within-student 

variation from lesson to lesson. SPIQ are traditionally assessed at one point in time 

and aggregated to higher levels (e.g., class, school, or country; Praetorius et al., 2018), 

leaving individual student deviations unattended of. In a two-level confirmatory factor 

analysis model, the second contribution explicitly and simultaneously considered both 

within- and between-student variation (Dyer et al., 2005; Kim et al., 2016). A substan-

tial proportion of SPIQ variance in the four examined domains of math, physics, Ger-

man, and English was within-student variance, that exhibited the same cross-level in-

variant factor structure (Jak & Jorgensen, 2017) as between-student variance and 

showed similar relations to student trait achievement and motivation. With this, the 

contribution illustrated a successful assessment of state SPIQ, that vary meaningfully 

from lesson to lesson. This disentanglement of within-student (time-specific) from be-

tween-student (habitual) variation ultimately enables a closer examination of corre-

lates of these different kinds of variation (e.g., lesson-specific dynamics versus long-

term relations), and offers empirical support for the multilevel validation of the frame-

work of TBDs.  

The third contribution (Chapter 4) examined such lesson-specific dynamics among 

state SPIQ and perceived learning achievement (i.e., self-reported lesson comprehen-

sion) in the light of students’ Big Five personality traits using linear mixed effect mod-

els. In all examined relations, idiosyncratic state SPIQ were differentiated from con-

sensual (class) state SPIQ to examine potentially differential relations of these compo-

nents that are usually confounded in the raw SPIQ rating (Rauthmann et al., 2015; 

Rauthmann & Sherman, 2019). Disentangling these variance components might re-

veal new insights into the relative importance of one’s personal reality (in terms of 
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person-specific or idiosyncratic SPIQ) versus one’s social reality (in terms of class con-

sensual SPIQ) with regard to perceived learning achievement in the same lesson. The 

third contribution illustrated all relations between the raw SPIQ rating (i.e., experi-

ence) as well as between the disentangled, idiosyncratic and consensual, respectively, 

SPIQ and personality traits and perceived learning achievement. These relations 

hardly differed across SPIQ components, and the components showed a large overlap 

among each other. In other words, clear idiosyncratic perceptions could not be differ-

entiated from consensual perceptions. Possibly, most of SPIQ are consensual as it is 

more adaptive to perceive the environment in the way that one’s peers do (Rauthmann 

et al., 2015). Agreeableness was the most important personality trait with regard to 

state SPIQ, while teacher support was the most important dimension of instructional 

quality with regard to perceived learning achievement. As such, this contribution of-

fered valuable insights into the person-specificity of SPIQ and provided evidence for 

the validity of the raw state SPIQ rating.  

Further Insights 

The present dissertation yielded numerous findings that are reported in detail in the 

respective contributions. Two higher-level aspects, that are not discussed explicitly or 

in detail within the contributions are noted here. First, especially in the third contri-

bution, we noted the role of students’ gender in educational processes. For instance, 

gender was related to perceived lesson-specific learning achievement in math, with 

girls and young women reporting lower comprehension of the lesson content. Further, 

gender seemed to be confounded with the personality trait of negative emotionality, 

with girls and young women reporting higher negative emotionality than their male 

classmates (for details please see Chapter 4), highlighting the need to investigate gen-

der-related dynamics in education. For instance, in the early grades of school, girls 

and boys display similar achievement levels in math, yet, this changes throughout the 

course of school, resulting in gender differences in math test scores with boys achiev-

ing higher scores than girls (Buchmann et al., 2008). In addition, even if math achieve-

ment levels do not differ, girls tend to report lower self-perceived math abilities (Nie-

pel et al., 2019; OECD, 2015). Increasingly more efforts are devoted to addressing gen-

der inequalities in education (UNESCO, 2017). Without placing an emphasis on gen-

der differences, the present dissertation noted the need to do so. Specifically, students’ 
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gender should not only be incorporated as control variable, but rather be examined 

focally in gender-specific analyses and studies with the ultimate goal to understand 

gender-related educational processes to further approach gender equality. In doing so, 

not only biological gender should be considered, but also gender role identities (Alt-

stötter-Gleich, 2004) and gender stereotypes (Retelsdorf et al., 2015).  

Second, the DynASCEL project illustrates that a three-week experience sampling study 

(ESM) with up to 42 measurement points per student with a borrowed research 

smartphone in addition to an exhaustive pre- and post-assessment in paper-and-pen-

cil format was feasible in a sample of secondary school students of the highest ability 

track with the mean age of 15 years. Importantly, the compliance was acceptable or 

better with at least about 70 % of the pre-programmed measurement points completed 

(Rintala et al., 2019; Wen et al., 2017). This is not to be taken for granted, particularly 

given the combination of the adolescent study participants who undergo various non-

school related challenges during their developmental stage on the one hand, and the 

enhanced participant demands in this intensive longitudinal study on the other hand. 

Based on high reliabilities, empirical validity evidence, and limited missingness, the 

DynASCEL data suggest that adolescents – at least those attending the highest-ability 

track – are eligible participants for such studies. It is important to note, however, that 

the DynASCEL project was carefully planned and followed state-of-the-art recommen-

dations for intensive longitudinal projects in both the planning and execution phase 

that assuredly contributed to the data quality. For instance, the sampling protocol was 

clearly defined and derived in the light of the constructs of interest, applicability in the 

classroom context and participants (Doherty et al., 2020), a pilot study was conducted 

and item psychometrics were examined and items, if applicable, adjusted or removed. 

Participant burden was minimized wherever possible (Fuller-Tyszkiewicz et al., 2013), 

participation-based, but also completeness-based participant incentives were imple-

mented (Christensen et al., 2003) and on-site study guidance was provided for the first 

few days of the study for each class. Encouragingly, the DynASCEL project thus illus-

trates how adolescent study participants provide intensive longitudinal data in a high 

quality and thereby allow for interesting insights during this crucial developmental 

stage.  
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Limitations and Future Research 

We note some important limitations of this dissertation and provide recommenda-

tions for further research. First, all three contributions of this dissertation are based 

on (parts of) the same dataset. The first contribution did not make use of the experi-

ence sampling data and only used data from the student trait pre-assessment, while 

the other two contributions focally used the experience sampling data but also data 

from the trait pre-assessment and, for the second contribution, pre- and post-assess-

ment. Thus, for the replication of results, the analyses should be done on a different 

dataset of highest-ability track German secondary school students of the ninth and 

tenth grades with a three-week experience sampling phase in the four core subjects 

math, physics, German, and English. For the generalization of results, the analyses 

should be completed on different datasets with students from different grades (i.e., 

age groups), school tracks, using different subjects (e.g., elective subjects; see Chapter 

4) in different cultures.  

Second, throughout the three contributions, we cannot speak of causality, as we only 

obtained correlative relations. Although the terms of predictions in the statistical 

sense are used, we cannot infer true causal relations. It might be that we did not assess 

important third variables, or that relations in fact are of the opposite direction or re-

ciprocal. To infer causality, further research should conduct experimental research de-

signs including control groups. This has been done for processes within the GI/E 

model (e.g., Müller-Kalthoff et al., 2017) and instructional quality (e.g., Hardy et al., 

2006).  

Third, in the studies on perceptions of instructional quality, we focused on students’ 

perceptions and the role of the student in SPIQ. Yet, of course also the teachers’ self-

perceptions would be of great interest (Wisniewski et al., 2022). Further research 

could assess teachers’ traits and states besides students’ traits and states to gain a more 

balanced picture of classroom dynamics in perceptions of instructional quality. This 

would also allow for an estimation of consensus among the students and the teachers, 

adding a new crucial perspective and thereby approximating the objective situation 

further (Rauthmann et al., 2015). Further, it would be highly interesting to systemati-

cally assess teachers that teach the same class in different school subjects, and teachers 

teaching the same subject to different classes, allowing for unique examinations of 
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teacher*class interactions (Fauth et al., 2020). Examining the same teacher in the 

same class in different subjects would also enable an examination of GI/E model-

based processes (i.e., social and comparison processes) that have been shown to im-

pact on SPIQ (Arens & Möller, 2016). In teachers’ self-perceptions of expertise, em-

pirical support for social and dimensional comparison processes has also been found 

for different knowledge domains (Paulick et al., 2017) and might translate to different 

subjects as well. 

Fourth, although the dataset was rich and exhaustive with multiple thousands of 

measurement points (at Level 1), a couple hundreds of students (at Level 2), and 18 

classrooms (at Level 3), we partially dealt with limited statistical power depending on 

the complexity of models and analyses. This showed in the need to fix negative item 

residual variances (Kline, 2016), the need to conduct two-step estimation procedures 

where only measurement models were specified in the first step and coefficients 

thereof were fixed in the second step of specifying the structural models (Anderson & 

Gerbing, 1988), conducting models with random intercepts only despite presumably 

varying random slopes (Abrahams et al., 2021), and using dummy-coded predictor 

variables to control for higher-level clustering (Hox et al., 2018). Experience sampling 

studies and educational studies with students nested in classrooms yield hierarchical 

data that needs to be considered in models that can adequately handle dependent ob-

servations (Hox et al., 2018). Although we could not always perform the ideal analysis 

(e.g., 3-Level modeling with an explicit specification of the class level, see above), all 

analyses were state-of-the-art and all dependencies in the data were considered. Nev-

ertheless, further research might focus on collecting larger sample sizes especially with 

regard to the number of classes. In some of our examined targets (e.g., GI/E model, 

shared lessons and consensual perceptions) the classrooms were implicitly included 

as frames of reference, yet, they should be specified explicitly in the models as own 

level of analysis.  

Fifth, ESM designs are able to uncover intraindividual variation (versus interindivid-

ual variation) with the aim of “bringing the person back into scientific psychology” as 

stated in the much-cited article by Molenaar (2004, p. 1). At the same time, it is im-

portant to keep in mind that assessing intraindividual variation with the use of ESM 

does not automatically and implicitly equate to conducting idiographic research. Yet, 
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if analyzed accordingly, ESM studies can bridge the gap between the idiographic/nom-

othetic divide and distinguish between general laws that always hold (i.e., nomothetic) 

and individual uniqueness (i.e., idiographic; Renner et al., 2020). The second and 

third contribution of the present dissertation assessed intraindividual variability, yet, 

did not perform true idiographic research as still aggregates were used (e.g., aggre-

gated, sample-based intraindividual variability). Throughout the course of the disser-

tation, analyses became increasingly individual (see the examination of idiosyncratic 

SPIQ in Chapter 4). Yet, idiosyncracies in SPIQ were still examined at the sample level, 

across all students. To uncover unique, individual phenomena, future research should 

thus make use of according statistical procedures (e.g., group iterative multiple model 

estimation (GIMME); Beltz et al., 2016; Gates & Molenaar, 2012).  

Sixth, there are some ways in which the present ESM design might be complemented 

or elaborated in accordance with the respective research focus. If one were more in-

terested in short-term dynamic processes, additional variables might be assessed as 

state measures to enable more exhaustive within-person analyses and possible within-

person mediations (e.g., personality states; Ching et al., 2014). If one were interested 

in long-term change of short-term variability, repeated ESM studies across longer time 

intervals on the same sample (i.e., measurement burst designs; Stawski et al., 2015) 

could be conducted. If one would like to cross-validate psychological self-reports with 

other indicators that do not rely on self-report, to highlight possible differential rela-

tions between different kinds of indicators (e.g., self-reported test anxiety versus heart 

rate), or to identify context-specific patterns of psychological experience (e.g., feeling 

anxious in the classroom but not at home), one could incorporate a multimodal am-

bulatory assessment (Trull & Ebner-Priemer, 2013). Vast technological progress on 

devices that are increasingly popular and wide-spread (e.g., smartphones and smart-

watches) enables new methods of assessment, including biological stress or well-being 

indicators, physical activity, GPS sensors, smartphone usage data including specific 

app usage, sleep times, or social network behavior to just name a few (Harari et al., 

2020; Matz & Harari, 2021; Quiroz et al., 2018; Stachl et al., 2020).  

Finally, we have demonstrated three examples of variance decomposition in this dis-

sertation. It is important to keep in mind that these examples are not exhaustive in 

any way as to possible other confounding of variance components. For instance, we 

could not address student*teacher interactions or student*subject interactions 
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(Feistauer & Richter, 2017) among many other variance sources. Yet, the present dis-

sertation addressed three widespread examples of confounded ratings, and with this 

entails important implications.  

Implications and Conclusion 

The present dissertation demonstrated three examples of how ratings in psychological 

assessment can be confounded and how these confoundings impact on relations to 

other constructs of interest. In doing so, we identified (a) that hierarchical constructs 

that entail distinct domain-specific manifestations with domain-general manifesta-

tions at the apex are highly dependent on the modeling strategy. In contrast to FOF 

models, NF models (Brunner et al., 2010; Eid et al., 2017) disentangle general from 

domain-specific test anxiety components, and facilitate the detection of dimensional 

comparison effects in the GI/E model (Möller et al., 2016). Practically, this under-

standing can aid in handling students’ socio-affective experiences more holistically in 

light of other domains and across multiple domains. Raising this awareness might 

buffer the detrimental dimensional comparison effects and can, for instance, refine 

evaluations targeted at reducing test anxiety (von der Embse et al., 2013) in terms of 

their effectiveness on specific domains or a reduction in general. Further, we uncov-

ered (b) substantial within-student variance from lesson to lesson in three basic di-

mensions (Klieme et al., 2001) of students’ perceptions of instructional quality that is 

invariant across the within- and between-students levels and shows similar relations 

to student achievement and motivation across levels. These fluctuations would have 

been neglected if aggregated, cross-sectional data were used, yet, hold important im-

plications. Considering situation-specific besides habitual perceptions of instructional 

quality enables a more adaptive view on classroom dynamics and the roles of students 

and teachers in it. Ultimately, this promotes more flexible views on instructional pro-

cesses that have the potential to weaken dysfunctional beliefs (e.g., “I have no control 

over the class. I am a bad teacher”) in favor of more constructive beliefs that are put 

into perspective (e.g., “Today, I had issues in maintaining a clear classroom structure. 

Maybe I was too tired today.”). Finally, we illustrated (c) the differentiation between 

idiosyncratic and consensual students’ state perceptions of instructional quality (Rau-

thmann et al., 2015) and their relations to students‘ personality traits and perceived 
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lesson-specific learning achievement, where we hardly detected any differential rela-

tions. Despite substantial lesson-to-lesson variation, idiosyncratic perceptions could 

not be clearly distinguished from consensual perceptions across all students. On the 

one hand, this contribution sheds light on personality traits that influence state SPIQ 

and can provide an enhanced understanding of how SPIQ truly reflect teaching effec-

tiveness (Scherer et al., 2016). On the other hand, state perceptions of teacher support 

are related to perceived learning achievement in the same lesson, highlighting a dis-

tinction between lesson-specific dynamics and long-term relations. Lesson-specific ef-

fects can accumulate over time (e.g., Götz et al., 2022) and are thus an important 

source of information of students’ daily experiences. The lack of differentiation of idi-

osyncratic and consensual SPIQ supports the validity of the use of raw state SPIQ 

scores and the validity of the TBD framework. 

In conclusion, the disentanglement of different variance components within ratings of 

psychological constructs enables a refinement in both the analyses of constructs’ struc-

tures and correlates, as well as a relativization of conclusions to these specific variance 

components. In other words, findings can be more precisely related to a specific do-

main (instead of a domain-general characteristic), to a specific situation (instead of a 

habitual style), or to a specific person (instead of more persons’ consensus), ultimately 

enhancing more nuanced and flexible views on psychological constructs and their 

specificity or generality in terms of domains, situations, and persons. 
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