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or that something is not true that is.’
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Summary

In Luxembourg, the student population is diversifying regarding socioeconomic and
language background (Klein & Peltier, 2022; STATEC, 2021). This surge in diversity gave
rise to educational inequality in the trilingual educational system already in primary school (see
Hadjar et al., 2018; Hoffmann et al., 2018; Sonnleitner et al., 2021). While increased
educational inequalities would naturally deteriorate performance in international comparisons,
Luxembourg remains stable in its test results, for example, in the Programme for International
Student Assessment (PISA; Weis et al., 2018). These stable test results suggest several schools
must use strategies to effectively address educational inequalities and support their students
against the odds. Motivated by the narrative literature review in the Theoretical Considerations
section, the present thesis explores factors driving school success such as teaching quality,
teacher-student relationships (TSRs), or cognitive functions, in diverse students internationally
and specifically in Luxembourg. The Grand Duchy can be seen as a living laboratory for the
multilingual and diverse future of educational systems in a globalized world.

Thus, the present thesis aims to identify effective educational psychological practices
to address educational inequalities in a diverse, multilingual student population in the host of
potential variables, schools, and stakeholders’ perspectives. Two interrelated Research Strands
follow this aim using open science practices. Research Strand 1 explores general social and
cognitive learning processes in the international literature through meta-analytic methods in
Studies 1 and 2. Study 1 delves into the link between TSRs and student outcomes. Study 2 aims
to deepen our understanding of executive functions (EFs) and their relation to mathematics
skills. Research Strand 2 focuses on concrete educational effectiveness measures and
educational psychological practices in Luxembourg to help all students succeed. As such, our
objective was to identify primary schools with stable performance against the odds (Study 3)
and compare educational psychological practices in such schools to successfully address
educational inequalities (Study 4).

Specifically, Study 1 (Research Strand 1) presents a preregistered systematic review of
meta-analyses plus original second-order meta-analyses (SOMAs). We synthesized over 70
years of research on TSRs by aggregating 24 meta-analyses encompassing a total of 116 effect
sizes based on more than 2 million prekindergarten and K-12 students. Several three-level
SOMAs indicated that TSRs had similarly strong significant relations with eight clusters of
outcomes: academic achievement, academic emotions, appropriate student behavior, behavior

problems, EFs and self-control, motivation, school belonging and engagement, and student
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well-being. Age, gender, and informant (i.e., student, peer, or teacher report) were the most
frequently examined moderators in prior research, and our original moderator analyses
suggested student grade level and social minority status as moderators. We further identified
meaningful differences in quality between the meta-analyses, and these differences were not
associated with the TSR-outcome links. Mapping the field of TSR research, Study 1 indicates
how TSRs could contribute to improving student outcomes via relationship building.

Study 2 (Research Strand 1) utilized data extracted from 47 preschool studies (363
effect sizes, 30,481 participants) from 2000 to 2021. We found that, overall, EFs are
significantly related to math intelligence (7 = .34, 95% CI [.31, .37]). This link holds for all
three EF subdimensions, that is, inhibition (7=.30, 95% CI [.25, .35]), shifting (¥ = .32,
95% CI[.25, .38]), and updating (¥ = .36, 95% CI [.31, .40]). Key measurement characteristics
of EFs (e.g., task type), but neither children’s age nor gender, moderated this relation. These
findings indicate a positive link between EFs and math intelligence in preschool children and
emphasize the importance of measurement characteristics. Further, we examined the joint
relations between EFs and math intelligence with meta-analytic structural equation modeling.
Evaluating different models and representations of EFs, we found no support for the
expectation that the three EF subdimensions are differentially related to math intelligence.

Study 3 (Research Strand 2) examined the stability of value-added (VA) scores over
time for mathematics and language learning, as VA models are widely used for accountability
purposes. We drew on representative, large-scale, and longitudinal data from two cohorts of
standardized achievement tests in Luxembourg (N = 7,016 students in 151 schools). We found
that only 34-38% of the schools showed stable VA scores over time, with moderate rank
correlations of VA scores from 2017 to 2019 of » = .34 for mathematics and » = .37 for language
learning. Although they showed insufficient stability over time for high-stakes decision-
making, school VA scores could be employed to identify teaching or school practices that are
genuinely effective—especially in heterogeneous student populations.

Study 4 (Research Strand 2) compared what schools with high VA scores do more
successfully than schools with medium or low VA scores. Based on the results of Study 3, we
selected 16 schools with stable high, medium, or low VA scores as promising target schools
for this comparison. The assessed variables included, for example, instructional quality
(Klieme et al., 2001), school climate (Wang & Degol, 2016), TSR, boredom, and collective
teacher self-efficacy (Hattie, 2008; Waack, 2018). Additionally, we measured previously

identified Luxembourg specificities, such as language use and the perceived role of the school



president. In a multi-perspective, mixed-methods data collection in 49 classrooms, we
conducted observations and collected questionnaire data on 511 students in Grade 2, their 410
parents, 191 classroom and subject teachers, 14 school presidents, and 13 regional directors.
Our sample, roughly 10 % of all primary schools and Grade 2 students, is somewhat
representative of the general student population and showed similar means in instructional
quality, TSR, and school climate as in other European countries. While schools with a stable
high VA score did not differ from the other two groups on most variables, we found some
evidence that teachers’ acknowledgment and inclusion of the student's home language could
be one of the drivers of school differences and thus help reduce educational inequities.

In conclusion, the four studies identified several factors driving school success in
diverse student populations using meta-analytic and VA approaches. Teachers should
strengthen positive and avoid negative TSR because they correlate with crucial student
variables in students of any age. EFs are already related to math skills in preschoolers but must
be assessed and practiced separately, as they are distinct. Especially in multilingual classrooms,
teachers should use their students' home languages to support them following the lesson,
activate them cognitively, and create a welcoming learning climate. Limitations of the current
thesis's meta-analytic and VA approaches indicate the need for future research to advance the

field and find further the factors driving school success in diverse students.
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Educational Diversity and Inequality in Luxembourg

1 Educational Diversity and Inequality in Luxembourg

The Grand Duchy of Luxembourg is experiencing an increase in societal and student
diversity faster than other European countries (American Psychological Association, n.d.;
STATEC, 2021). This diversity encompasses nationality, socioeconomic status, language, and
other factors contributing to identity (American Psychological Association, n.d.). This renders
Luxembourg a superdiverse society, characterized by large parts of the (student) population
belonging to ethnic minorities with diverse language backgrounds (for a definition of
superdiversity, see Rogers et al., 2013). The surge in diversity can be attributed to its small
size, an economic system based on cross-border work and immigration, and Luxembourg’s
traditional multilingualism (e.g., Hartmann-Hirsch & Amétépé, 2023). First, the small size of
Luxembourg has contributed to the rapid increase in societal and student diversity. With a
population of only 650,774 people, Luxembourg is one of the smallest countries in the
European Union (World Bank Group, 2022). Thus, compared to its number of inhabitants,
Luxembourg has one of the highest immigration rates worldwide (World Bank Group, 2022).
Second, Luxembourg’s economic system attracts highly trained cross-border workers and
immigrants (Peroni et al., 2016), who increase migration to Luxembourg and boost its economy
(Fetzer, 2011). This rise in immigration is one of the causes of the high linguistic and
socioeconomic diversity in the student population (see MENIJE, 2023). Third, the
multilingualism of the country and the educational system could incentivize migrants with a
background in any of these languages to come to Luxembourg. In the trilingual school system,
the language of instruction switches twice: Initially, children are taught in Luxembourgish
during early childhood education and primary school. Then, the language of instruction
switches to German during primary school, and students learn French as a second language.
Finally, in the highest secondary school track, French becomes the language of instruction,
starting in mathematics classes in Grade 7 and all other subjects in Grade 10 (Sattler, 2022).
Then, English is taught as another foreign language in Grade 8, or 9 for the students who elected
Latin. This multilingualism is generally seen as an asset for all students who successfully
complete their school career with highly developed language skills. This openness to languages
could attract migration from French- or German-speaking and other countries. However, it
poses the problem that school children must learn several languages besides their home
language and creates language barriers. This high demand leaves many school children behind
early in their school careers (see Hadjar et al., 2018; Hoffmann et al., 2018; Sonnleitner et al.,

2021). Thus, combined with a growing number of students new to the country, the three
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languages of instruction (i.e., Luxembourgish, German, & French) and at least one additional
foreign language (e.g., English) present both opportunities and challenges for students,
teachers, schools, and the educational system as a whole.

Consequently, language barriers are a challenge for the school system, as only about
32% of primary school students speak Luxembourgish, the first language of instruction, at
home (MENJE & SCRIPT, 2022). Moreover, many students whose parents migrated to
Luxembourg are likely to speak none of the three languages of instruction at home (STATEC,
2021). Not speaking the language of instruction can create inequalities between students. As
such, students from non-Luxembourgish backgrounds may have more difficulties following
the lesson in pre-school and primary education than their Luxembourgish-background peers.
In fact, not speaking the language of instruction complicates accessing high-quality education,
and students with other home languages than Luxembourgish or German tend to struggle in
this trilingual school system (Hadjar et al., 2018; Sonnleitner et al., 2021). Moreover, the
languages of instruction are not taught as a second language but are assumed to be known by
all students instead. This preconceived notion further hampers students with diverse language
backgrounds from reaching their full academic potential.

Another related challenge in the Luxembourgish education system is the socioeconomic
inequality among the students. Combined with the language barriers, these differences can
grow to provide vastly different learning experiences for students depending on their
background. In such a situation, not students’ ability and motivation might determine their
success, but rather their home language, socioeconomic background, or migration status—the
drivers of educational inequality in Luxembourg. Educational inequality can be defined as the
“...unequal distribution of academic resources... [such as high-quality teaching, technology,
or funding] due to economic or social status” (Law Insider, n.d.). A comparable scenario
involving language barriers and socioeconomic disparities is conceivable in other countries
with a multilingual educational systems, such as Lebanon, Singapore, or South Africa (Doidge,
2014; Kldter & Saarela, 2020; Trad, 2022). The educational systems in these countries are
likely to share some of the educational challenges of Luxembourg, where multi-lingual
instruction and language diversity in students can create language barriers and thus prevent
groups of students to access high quality education.

The confluence of increasing language diversity and educational inequality might
suggest a country’s decline in its performance in international comparisons. Surprisingly, the
empirical data for Luxembourg's education system challenges this assumption, as highlighted

in the research by Weis et al. (2020) based on PISA data. Despite the complexities resulting in
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educational inequalities, Luxembourg performs somewhat stably in international comparison
studies. This finding implies that Luxembourg’s schools have implemented effective strategies
to navigate the intricate terrain of linguistic diversity. In other words, there must be pedagogical
approaches that address the educational inequalities and, thus, mitigate disparities in
educational student outcomes. While promising to prove invaluable in creating equal
opportunities and educational quality for all students, these approaches have not yet been
investigated.

If we can delve deeper into the strategies that have contributed to addressing linguistic
and socioeconomic inequalities, the insights could serve as a starting point for educational
institutions, school leaders, and teachers to support all their students effectively, nationally and
internationally. As such, other countries with multilingual educational systems could benefit
from adopting similar practices to support all their students and alleviate educational
inequalities in their specific settings. In the context of Luxembourg's educational system, the
stability observed in international comparisons implies that certain schools must excel at
assisting students against the odds. This support leads to one of the fundamental questions in

educational effectiveness research heading the following section.

1.1 What are Educational Psychological Factors of School Success That Help All
Students Thrive?

In other words, what is the effective educational psychological practices to address
educational inequalities in a diverse, multilingual student population in a variety of potentially
interesting variables, different schools, and varying stakeholders’ perspectives? The narrative
literature review and the four studies in the present thesis are crucial in finding these effective
practices and correlates of school success. The Theoretical Considerations aim to define the
general appearance of such factors of school success through the narrative evaluation of
possibly relevant variables. Studies 1 and 2 focus on two such factors and describe them in
detail with the help of international scientific literature. In Study 3, we test a method to map
potentially interesting primary schools and determine where a search could be most fruitful. In
Study 4, we use the findings from our earlier research to search for the well-defined success
factors in the systematically structured selection of the primary schools in Luxembourg.

Concretely, the present thesis will address the question above on educational
psychological factors in two research strands motivated by the narrative literature review of the
present thesis. Research Strand 1 will meta-analytically address students’ general social and

cognitive learning processes. The database for the two meta-analytic studies was drawn from



Educational Diversity and Inequality in Luxembourg

the international scientific literature and does not focus on Luxembourg specifically.
Concretely, the first research strand aims to:
Aim 1.  Delve into the social learning processes and investigate the role of teacher-
student relationships (TSRs) for diverse student outcomes in the meta-analytic
literature (see Study 1).
Aim 2.  Dive deeper into essential cognitive skills of executive functions (EFs) and
mathematics to get a fuller picture of the cognitive learning process in the
literature on preschool children (see Study 2).

Research Strand 2 addresses concrete questions of educational effectiveness in the
Luxembourgish school system with value-added (VA) methods. The two included VA studies
focus on the Luxembourgish context and build on the project "Systematic Identification of
High Value-Added in Educational Contexts" (SIVA). However, their results could be tested in
other multilingual educational contexts around the world, with Luxembourg representing one
of multiple possible settings for such a study. The four-year SIVA project, funded by the
Observatoire National de I’Enfance, de la Jeunesse et de la Qualité Scolaire — Section Qualité
Scolaire (OEJQS), aimed to identify successful educational psychological strategies to help all
students thrive against the odds. Such strategies were sought in target schools with stable
positive VA scores by comparing them to schools with medium or low VA scores on variables
such as instructional quality, school climate, and Luxembourg-specific variables in a multi-
perspective, mixed-methods data collection. The author coordinated the SIVA project of the
present thesis with the kind help of his colleagues and the project team and included it as
Research Strand 2 in the present thesis. The project is the direct continuation of Levy’s doctoral
thesis (2020) and was realized with financial and operational support from the OEJQS. Within
Research Strand 2, we set out to achieve the following:

Aim 3.  Test the stability of Luxembourgish primary schools’ VA scores, given their
students' socioeconomic and linguistic backgrounds (see Study 3).

Aim 4.  Compare educational psychological variables between such schools with stable
high, medium, or low VA scores in a multi-perspective, mixed-methods data
collection (see Study 4).

As such, the two research strands are interrelated and follow the same goal with
complementary methods and perspectives. The two meta-analytic studies focus on broader
questions of students' social and cognitive learning processes and complement the SIVA
project, which focuses on the Luxembourgish educational context with the two VA studies.

These are the steps we take to find out what some schools in Luxemburg might be doing
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successfully to address linguistic and socioeconomic diversity and what other schools might
learn from them. Ultimately, what we find and do not find could serve as a case study for
educators, policymakers, and researchers worldwide looking for ways to address these
educational inequalities.

In the following, the Theoretical Considerations section presents a narrative literature
review providing an overview of school effectiveness models to address educational
inequalities. This narrative literature review will lay the theoretical foundation for the included
Studies 1 and 2 as well as the SIVA data collection in Study 4. This thesis’ Methodological
Considerations toolkit will be introduced and discussed before the Present Thesis section will
outline the concrete aims of this cumulative dissertation. This section will join the theoretical
with the methodological considerations to motivate the core of this thesis: the four included
studies. Then, the four original studies will report their individual theoretical background,
methods, results, discussion, and conclusion section. A General Discussion will join the four
studies’ key findings and expand on their theoretical, methodological, and practical
contributions, limitations, and possible future research. Finally, this thesis culminates in a short

General Conclusion section to highlight its findings and future directions.

2 Theoretical Considerations

2.1 Identifying Relevant Theoretical Models of School Effectiveness

To motivate the research strands of the present thesis, we aimed to identify relevant
pedagogical and psychological variables of school success. For Research Strand 1, we looked
for generally relevant social and cognitive learning processes that we should investigate meta-
analytically. For Research Strand 2, we aimed to identify variables of effective instruction for
diverse student groups and examine their potential to help overcome educational inequalities
within the SIVA project. Thus, we conducted a narrative literature review (for the first SIVA
project report with the narrative literature review, see Emslander et al., 2020). Such narrative
reviews contribute to educational theory building as requested by recent publications (see
section Greene, 2022; Praetorius & Charalambous, 2023). The Methodological Considerations
section further elaborates on this methodological approach. A summary of the narrative
literature review (see Emslander et al., 2020) will be provided below. This summary will first
mention the theoretical models included. Second, it will discuss the overlapping variables
between important models of school effectiveness. Third, it will suggest how to combine the

non-overlapping parts of the models in the data collection. Lastly, the summary will introduce
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Luxembourg-specific variables that aid in capturing the particularities of the Luxembourgish
educational context.

The extensive body of literature requires researchers to concentrate on prominent
models of educational effectiveness. We categorized these models based on their key
components, application areas, and whether they pertained to students, teachers, or schools. As
a result, we identified 13 relevant models of educational effectiveness, as depicted in Figure 1.

As a staple in school success, Hattie’s (2012) influential Visible Learning provides a
list of meta-analytically studied correlates of student achievement (see for recent updates,
Hattie, 2023; Waack, 2018). This list of learning correlates, in turn, led us to further investigate
systematic research syntheses and more traditional effectiveness models in a broad sense. As
further relevant meta-analytic research, we identified Seidel and Shavelson (2007) and Wang
et al. (1997). As more traditional school effectiveness models, we reviewed models by Brophy
(2000), Ditton (2000), Meyer (2004), Scheerens (2005), and Stringfield (1994). Additionally,
we explored teaching quality models such as Klieme et al's Three Basic Dimensions of
Teaching Quality (TBD; 2001), Ditton and Arnoldt (2004), Gaertner and Brunner (2018),
Helmke (2010), Klieme et al (2001), and Slavin (1995). In a broader sense, these theoretical

models of educational effectiveness constituted the basis of our initial literature review.
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Figure 1. Klieme et al’s (2001) Three Basic Dimensions of Teaching Quality (TBD) model as
the smallest common denominator of school effectiveness and student success models

Klieme (2001)

1. Cognitive activation
2. Student support
3. Classroom management

Slavin (1995)

* Quality of instruction

* Appropriate levels of
instruction

* Incentive

* Time

Stringfield (1994)

* Attention to daily academic
functioning

* Meaningful goals

« Stakeholder coordination

* Recruitment, development,
removal of longitudinally
unsuccessful teachers

 Organisation of the school
to support universal student
learning

Wang et al. (1997)
* Metacognitive processes
* Cognitive processes
* Student-Teacher social
interaction
* Classroom management
* Parental-Home support

Ditton & Arnoldt
(2004)
* Quality
* Appropriateness
* Motivation
* Teaching time

Helmke (2010)
* Consolidation, backup
¢ Activation
* Motivation
* Climate conducive to
learning
* Student orientation
* Handling heterogeneity
* Classroom management
« Clarity, structure
* Competence orientation
* Variation of offer

Ditton (2000)

* Cooperation and
coordination at school
level

* School culture

* School management

* Personnel policy and
personnel development

Gaertner & Brunner
(2018)
* Quality of instruction
* Appropriate levels of
instruction
* Incentive
* Time

Brophy (2000)
* Thoughtful discourse
« Scaffolding
* Supportive classroom climate
* Create learning orientations
* Practice and application
activities
* Opportunity to learn, content
* Curricular alignment
* Coherent content
« Strategy teaching
« Co-operative learning
* Goal-oriented assessment
* Achievement expectation

Meyer (2004)

* Intelligent practicing

* Learning time

* Good lesson planning

* Technical correctness

* Clarity of content

* Giving & communicating
meaning

* Transparent performance
expectations

Hattie (2012)

* Cognitive task analysis (1.29)
* Piagetian programs (1.28)

* Scaffolding (0.82)

* Teacher credibility (0.9)

* Classroom discussion (0.82)

Seidel & Shavelson (2007
* Execution of learning
activities:
* Social/direct experiences
* Basic processing
* Domain-specific
processing
* Social context
* Time for learning
* Organization of learning
* Goal setting and orientation
* Evaluation of learning
* Regulation/monitoring

Scheerens (2005)

* Co-operation

* Educational leadership

* Time, opportunity to learn &
“structure” as the main
instructional conditions.

* Frequent monitoring

* Achievement orientation
(which is closely related to
“high expectations”)

Note. Figure 1 is adapted from Emslander et al. (2020). Colors indicate parts of educational
effectiveness models that overlap with Klieme et al’s TBD (2001). The models of Ditton &
Arnold (2004), Ditton (2000), and Helmke (2010) were translated from German.
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2.2 Overlap of School Effectiveness Models as Promising Variables

From this array of theoretical models on educational effectiveness, our primary aim was
to distill a robust theoretical foundation tailored to the objectives of SIVA. Thus, we searched
for similarities among these theoretical models to find the smallest common denominator
between the models. More specifically, we followed the rationale that constructs present in
multiple of these theoretical models should be central in educational psychological research.
Thus, we examined in which aspects the theoretical models overlapped. These common
constructs should then be central to educational effectiveness and be the core constructs to
focus on in the data collection of the SIVA project.

Upon closer examination, we discerned that most of these models shared several
fundamental aspects, which could be categorized into three key constructs: (1) cognitive
activation, (2) student support, and (3) classroom management, aligning with Klieme et al's
TBD (2001). This observation aligns with prior research, identifying this conceptualization of
instructional quality to be similar in several theoretical models (for an in-depth theoretical
analysis, see Praetorius & Charalambous, 2018). Consequently, these three constructs can be
considered the common denominator for most of the models we encountered and, thus, form
the theoretical core of the SIVA data collection in Study 4 and the further exploration of
constructs.

Klieme et al (2001) developed the model based on the German Trends in International
Mathematics and Science Study (TIMSS) video study 1995 focusing on mathematics
instruction in Grade 8. Since then, the model has inspired much theorizing and research on
instructional quality (see Niepel, 2023). It has since advanced to be one of the most pertinent
models of instructional quality (Herbert et al., 2022) with its three dimensions. The TBD have
distinct features. First, the dimension of cognitive activation describes a teaching strategy to
engage students cognitively, connect to their prior knowledge, and give them challenging tasks.
Second, student support consists of practices for fostering an inclusive learning environment,
providing guidance, and caring for the student’s competence, autonomy, and social relatedness
needs. Third, classroom management refers to organizing a disturbance-free learning
environment where students have as much learning time as possible (Klieme et al., 2006;
Praetorius et al., 2018). The three dimensions are theoretically linked to conceptual
understanding and motivation in students via processes of higher-level thinking, time spent on
learning tasks, and self-determination (Alp Christ et al., 2022; Klieme et al., 2006). As such,
the TBD are conceptually corroborated (see Niepel, 2023) and present the smallest common

denominator of several models of educational effectiveness.
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It is no coincidence, however, that several of these models have such a considerable
overlap. As Gaertner and Brunner (2018) discussed, Slavin’s (1995) model specifies four rather
than three dimensions of teaching quality. However, these four dimensions (quality of
instruction, appropriateness, incentives, and time) can be easily mapped to Klieme et al’s
(2001) three dimensions (see Figure 1). Ditton and Arnoldt (2004) build on Slavin’s (1995)
model to generate a German survey for students to give feedback on instructional quality. This
survey was, in turn, the basis for Gaertner’s and Brunner’s (2018) research. As such, the above-
described models are linked by their similar dimensions and built upon one another, making
overlaps somewhat more likely. Nonetheless, the sheer amount of research, theory, and
teaching guidelines along the TBD model lends this model raison d’étre and warrants its
inclusion in the SIVA data collection in Study 4.

Independent of the TBD model, Pianta et al. (2008) developed the Classroom
Assessment Scoring System (not included in Figure 1 because it was not part of the original
narrative review). Their system is widely used in the US for short classroom observations
focused on positive teacher-student interactions in, again, three key domains: (1) instructional
support, (2) emotional support, and (3) classroom organization. Therefore, the two educational
effectiveness models focus on the same three constructs despite their independent origins (see
Decristan & Dumont, 2023). This parallel development further corroborates the relevance of
(1) cognitive activation, (2) student support, and (3) classroom management as the core
variables the SIVA project should assess.

There is another set of reasons for the broad application of the TBD model in the
European context (Herbert et al., 2022; Niepel, 2023). First, the model with its three dimensions
is grounded in theory, with much research dedicated to its conceptual anchorage. Second, the
model and its extensions specify assumptions for the relation between its three dimensions and
student variables, such as the understanding and motivation of students (Alp Christ et al., 2022;
Klieme et al., 2006). Third, the model is very parsimonious, making its assessment feasible and
resource-conserving, which is especially helpful when assessing younger students. Fourth, the
model has been tested on tens of thousands of students worldwide through its inclusion in
several international large-scale studies, such as the Global Teaching Insights Study (GTS;
Organisation for Economic Co-operation and Development [OECD], 2020), TIMSS, and PISA
(see Niepel, 2023). Further, Scherer et al. (2016) found the TBD student questionnaires to show
measurement invariance across multiple countries. This invariance suggests that the

questionnaires for instructional quality are psychometrically comparable between different
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countries and testing languages. Therefore, the TBD build a solid practical and theoretical
foundation to study educational effectiveness in Luxembourg’s diverse student population.
Previous work by Praetorius and Charalambous (2018) gave a well-structured overview
of assessing instructional quality in classroom observations. Their work guided us in creating
the observation sheets for the SIVA study. Additionally, such studies further corroborate the
importance of the TBD as essential aspects of educational effectiveness with a wide field of
application and a significant amount of literature. Therefore, we constructed the data collection
of Study 4 around the central TBD—cognitive activation, student support, and classroom
management—adding additional constructs. These additions were either addressed in multiple
of the educational effectiveness models (e.g., school climate) or relevant to capture

Luxembourgish educational particularities (e.g., multilingualism in instruction).

2.3 School Success Beyond Instructional Quality

To broaden the perspective on school success beyond Klieme et al's TBD (2001), we
examined Hattie‘s Visible Learning factors (2012). We considered including those constructs
that exhibit the strongest positive and negative correlations with school achievement for
inclusion in the SIVA data collection. Collective teacher efficacy was most strongly positively
related to student achievement with Cohen’s d = 1,57. Besides attention deficit hyperactivity
disorder and deafness, student boredom showed the strongest negative link with student
achievement, with d = -0.49. Thus, we added these two variables to the data collection of Study
4. Additionally, we explored other school effectiveness models to include more variables that
instructional quality does not cover. As such, we decided to include school organization, as
suggested by Ditton (2000), evaluation (e.g., Scheerens, 2005), and goals and expectations
(e.g., Seidel & Shavelson, 2007). Additionally, we included parental and home support (Wang
et al., 1997) as the other variables did not cover it.

Subsequently, we examined the residual parts of the models that were not overlapping.
We found several of these non-overlapping variables were aspects of school climate, which
were missing from the instructional quality approach we found to be the smallest common
denominator. As for instructional quality, school climate has been conceptualized in a variety
of well-established models (for an integrative review, see Thapa et al., 2013), and its
connection with instructional quality or student achievement and motivation is well-researched
(Scherer & Nilsen, 2016). The creation of school climate agencies further shows the relevance
of school climate as a crucial factor for school success and student well-being. For example,

the National School Climate Center at Ramapo for Children (USA) or the inclusion of school
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in national educational models, such as the CARAT A School Climate Model for Luxembourg’s
Schools [CARAT Ein Schulklima-Modell fiir Luxemburger Schulen] (SCRIPT, 2018) show
it’s centrality in education of diverse student populations.

Thus, we included four aspects of school climate theorized by Wang and Degol (2016)
in the SIVA project. These four include safety, community, academic, and institutional aspects
of school climate with three to four sub-constructs. We aimed to assess at least one subconstruct
for each aspect of school climate in the data collection of Study 4. More specifically, we
included measures for discipline and order for the safety aspect, measures for teacher-student
and other relationships within the school setting for the community aspect, measures for
leadership at the schools and professional development for the academic aspect, and measures
to assess the structural organization and environmental issues such as heating or building for
the institutional environment aspect. As such, we identified school climate as another aspect
that spanned several influential models of educational effectiveness next to the TBD in the
SIVA data collection.

2.3.1 TSRs as the Overlap of TBD and School Climate

Some definitions of school climate included variables from the school effectiveness
models that Klieme et al’s three basic dimensions (2001) did not cover. However, the two
models also overlap in a few other crucial aspects of educational effectiveness. One of these
overlaps is fostering positive TSRs.

Positive TSRs can be defined as warm, supportive, and friendly interactions between
teachers and students, whereas negative TSRs are characterized by conflict and dependency
(Hamre & Pianta, 2001; Pianta, 1999). Models of TBD and school climate include both positive
and negative TSRs, and several meta-analyses have summarized findings on their associations
with student outcomes. These meta-analyses have found correlations between TSRs and
various student success indicators such as school achievement, general wellbeing, school
engagement, or executive functions (Chu et al., 2010; Roorda et al., 2017; Vandenbroucke et
al., 2018). Therefore, TSRs can be seen as a highly relevant variable for student success. Still,
this social learning process needs further research because the international meta-analytic
literature is partially contradictory and varies considerably in its definitions of TSRs, outcome
variables, and findings. A comprehensive overview of TSRs and their correlates in the
international meta-analytic literature is needed. Delving into questions surrounding TSRs is
included in both research strands of the present thesis. We examined TSRs in-depth in Study 1
of the present thesis and added it to the SIVA data collection in Study 4. To adequately

investigate the Luxembourgish context, however, the data collection should include
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particularities of Luxembourg’s educational system and examine their potential to address
educational inequalities effectively.
2.3.2 Executive Functions as a Prerequisite for Student Success

To validate our choice of theoretical basis and included constructs, we conducted an
exploratory search through the three influential (educational) psychology journals,
Psychological Bulletin, Psychological Science, and Journal of Educational Psychology. In
their five most recent volumes, we uncovered a few variables we should assess, too. One of the
topics investigated most frequently in these journals was digitalization in school and beyond.
Thus, we added questions concerning the teachers' approach to digital media to the current set
of variables. Additionally, we found a large body of work investigating students' cognitive
functions and how they contribute to student achievement and, consequently, school success.

As such, we identified executive functions as prominently researched cognitive
processes that regulate human cognition and behavior (EFs; Miyake et al., 2000; Miyake &
Friedman, 2012). These EFs often encompass three subdimensions: response inhibition, mental
set shifting, and updating of working memory. They are prerequisites for many school-related
skills, such as reading or fluid intelligence (Cassidy et al., 2016; Diamond, 2013; Follmer,
2018). Arguably most prominently, however, EFs are linked to math skills (e.g., Best et al.,
2011; Cragg et al., 2017; Friso-van den Bos et al., 2013; Peng et al., 2016; Yeniad et al., 2013)
and their development (van der Ven, 2011; van der Ven et al., 2012). Their link to school
achievement can be explained in several different ways. First, EFs are a prerequisite for
students to comprehend, manipulate, retain, and reproduce information in the school context.
For instance, inhibition aids students in maintaining focus while disregarding tempting
alternatives to the learning task at hand; shifting enables students to transition between tasks
more effortlessly, and updating allows students to mentally manipulate information. All these
cognitive functions are essential for successfully navigating a lesson and solving learning tasks,
and they correlate with improved TSR (Vandenbroucke et al., 2018). Second, it is crucial for a
teacher to understand the stage of their students' EF development. Only then can they provide
age-appropriate learning tasks that align with the students' EFs. The cognitive capacity of
students can serve as a limiting factor in the types of learning activities proposed by the teacher.
By finding a difficulty level that is challenging yet attainable, the teacher can cognitively
engage their students and create a stimulating learning environment (see Praetorius et al.,
2018). Third, a teacher who accurately estimate a student's EFs is likely to provide more
effective support. This support, in turn, can contribute to building a positive TSR. The links

between TSR and other school-relevant variables will be examined in Study 1.
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Thus, gaining an overview of such an important student-factor of learning as EFs is
essential, as they contribute to the development of mathematical skills in preschoolers and,
therefore, student success later in the school career (see Study 4). Because the SIVA project
aimed to collect data on malleable variables, we only included aspects of digitalization but not
students’ cognitive functions in the SIVA data collection. Still, executive functions will be one

of the correlates of TSR in Study 1 and the focus of our meta-analysis in Study 2.

2.4 Addressing Particularities of the Luxembourgish Educational System

In addition to the constructs internationally relevant for school success, several
variables are specifically important in Luxembourg’s educational system and, thus, for Study 4.
In a workshop with the school quality experts from the Observatoire National de I’Enfance, de
la Jeunesse, et de la Qualité Scolaire, we identified four central aspects in which Luxembourg
differs from other European school systems. These four aspects were the changing language of
instruction, the cooperation between primary schools and afternoon care, the role of the school
president, and the motto of schools.

Thus, as a first block of Luxembourg-specific variables, we were interested in the
languages used during the classroom observations. More specifically, we aimed to observe how
much German the teacher spoke during the instruction, individual explanations, and during
breaks. We focused on German because it is the official language of instruction and
alphabetization in primary school. Supplementarily, we added a variable to assess what other
languages were spoken. In a second block of additional variables, we wanted to examine the
communication and cooperation between the school and the maison relais, the afternoon care,
which usually cooperates with primary schools in Luxembourg. As a third block of additional
variables, we aimed to inquire about the teachers' and school presidents’ views on the role of
the school president, the headmaster of a Luxembourgish primary school. As their role
description leaves a wide range for interpretation, we added several variables to the data
collection of Study 4, testing whether teachers and school presidents saw the latter’s role more
in administrative, pedagogical, or other aspects of school development. Lastly, we added a
variable concerned with the school's vision and whether the school had a motto and a code of
conduct. Besides a few more singular items, we added these four additional constructs to Study
4’s data collection.

Once we finalized the variable selection for the Study 4, we compiled measurement
tools from the international literature on operationalizing the respective constructs. When such

assessments were not practical for use in Luxembourg, we adapted the language or other
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features of the measurement tool to fit Luxembourg’s educational context and language
requirements. Mainly for the Luxembourg-specific constructs, we create original measurement
tools. As with all these measurement tools, the experts from the Observatoire National de
[’Enfance, de la Jeunesse, et de la Qualité Scolaire supported us in considering Luxembourg’s
specific context, particularly regarding language. More information on the definition of TSR
and EFs can be found in the preregistrations of Study 1 (accessible at
https://doi.org/10.17605/OSF.10/J2EMF) and Study 2 (accessible at
https://www.crd.york.ac.uk/prospero/display record.php?ID=CRD42017076291). All
constructs included in Study 4 with the respective measurement tool can be found online in our

preregistration of the SIVA project (accessible at https://doi.org/10.17605/OSF.10/X3C48).

3 Methodological Considerations

To identify potential school success factors, we made six methodological decisions.
First, we have decided to focus on preschool and primary education students because the early
years are crucial for later success in school (Heckman, 2008). Second, we have decided to use
research synthesis methods to identify variables essential for student success and school
effectiveness internationally as potential drivers of school differences in Luxembourg. Third,
we have decided to apply VA methods for informative purposes, as suggested by prior research
(Ferrdo, 2012; Leckie & Goldstein, 2019; Levy, 2020), to identify effective target schools.
Fourth, we have chosen a multi-perspective, mixed-methods design for the SIVA data
collection to gain the broadest possible overview of potentially successful academic strategies
in Study 4. Fifth, we have decided to follow current open science methods to preregister our
studies and make our research material, collected data, and analytic codes publicly available
wherever feasible. Additionally, good research practices related to the open-science idea apply
to meta-analytic and VA research, respectively. These five methodological decisions are
explained in greater detail below as the methodological building blocks of the present thesis.
3.1 Focus on Pre- and Primary Education for the Best Return on Investment

Whereas it was already agreed upon before the start of the SIVA project that the focus
should be on younger school children, there are several reasons for this choice. First, the target
group of students should be as young as possible due to economic reasons. This economic
standpoint is further explained by the Heckman curve (Heckman, 2008), which shows the
earlier the investment in education begins, the higher the returns on investment. Applied to a
data collection in the educational field, this means that the earlier in the school career we collect

data and find out what educational psychologic strategies are successful, the greater the effect
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might be that these strategies may have when applied successfully (see Emslander et al., 2020).
Second, there is evidence that students’ socioeconomic status or home language, for example,
might drive educational inequalities already in the youngest students. Findings from the
National School Monitoring Programme (EpStan ; Epreuves Standardisées) indicate that
educational inequalities already manifest in the first years of school. More specifically, the
impact of students’ backgrounds on their achievement was already detected around the second
learning cycle, on which the SIVA project focuses (Hoffmann et al., 2018).

Consequently, students with low socio-economic backgrounds and students who do not
speak Luxembourgish at home developed less positively from Grade 1 to Grade 3 in terms of
school performance when compared to their peers. These performance differences further
emphasize the need to focus on the early school years to address educational inequalities in
Luxembourg's diverse and multilingual student population. Third, specifically in Study 3 and
Study 4, we aim to avoid overburdening the students and teachers by imposing an extensive
data collection on them in the same year as the national large-scale testing. Thus, we aimed to
collect data from the youngest students at an even grade level because the even grades are not
taking part in the EpStan and would not be overburdened with standardized tests (Luxembourg
Centre for Educational [Testing], LUCET, 2023). As a result, we have decided to collect data
in Grade 2, referred to as learning cycle 2.2 in the Luxembourgish school system.

At the same time, there are also challenges in focusing on younger students. For
example, younger students who cannot read or write sufficiently to answer questionnaires
independently require more resources in an assessment. Therefore, commonly used measures
based on reading and writing (e.g., paper-and-pencil questionnaires) must be rephrased in easy
language and read aloud to the students. As a result, the assessment takes more time, and fewer
questions can be asked. Additionally, the examiner will allot more time to test the children,
posing a monetary burden. Finally, when asked about their school and teachers, younger
students give rather optimistic answers (Fauth et al., 2014). At the same time, students can
already quite validly provide an impression of instructional quality in Grade 3 (Fauth et al.,
2014). Thus, instructional quality can be assessed with primary school students’ ratings.

Although it can be more resource-intensive and bias-prone to assess younger students,
targeting this population promises a higher return on investment, as they already show
significant disparities. In order to not overburden our sample with educational testing, we have

decided to collect data on students in Grade 2 in the learning cycle 2.2 for the SIVA project.
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3.2 Research-Synthesis Methods to Identify Important Variables

One of the main questions of the present thesis is which variables are likely to drive the
difference between highly effective schools and others. To select variables in a theory- and
evidence-driven fashion, we use research syntheses to make an evidence-informed decision on
which constructs to collect data. Generally, “Research synthesis is the practice of
systematically distilling and integrating data from many studies to draw more reliable
conclusions about a given research issue“ (Cooper et al., 2019, the abstract). Such research
syntheses are a helpful tool for practitioners or policymakers for evidence-based decision-
making. For researchers, research syntheses provide an overview of a theory, a research
question, or a research field (Paré¢ & Kitsiou, 2017). More specific to the research goals,
research syntheses can help identify variables closely related to school effectiveness or student
success.

Other advantages of research synthesis are their generalizability and high statistical
power. Research syntheses can include diverse samples, settings, and methodologies and, thus,
have the potential to make claims on generalizability than primary studies (Matt & Cook,
2019). In meta-analyses, when moderator analyses confirm that results are statistically equal
for different groups, these results can be generalized across the groups. This phenomenon is
somewhat linked to the increased statistical power of meta-analyses. By combining multiple
samples from primary studies, meta-analyses can achieve larger sample sizes than most
primary studies and, thus, increase their ability to detect true effects. This increased statistical
power strengthens the evidential value of research syntheses (Quintana, 2023) and quantifies
their potential contribution.

The different types of research syntheses vary in their approach to searching the
literature, analyzing data, or reporting methods and results (Par¢ et al., 2015). Using a wide
array of research synthesis methods, we explore and deepen our understanding of social and
cognitive learning processes in Research Strand 1. Their findings inform our variable choice
of the SIVA project in Research Strand 2.

We conducted a narrative literature review to gain insight into school effectiveness
theories in the Theoretical Considerations section (see above). For the two studies in Research
Strand 1, however, we focused on the systematic review and statistical analysis of both primary
studies and meta-analyses. As a methodological primer, (1) the benefits and shortcomings of
the narrative literature reviews will be discussed below. Then, (2) the systematic review and
meta-analysis methodology will be reviewed before elaborating on the methodology of (3) the

systematic review of meta-analyses and the SOMA. The latter two methods combine a
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systematic literature search and review with a statistical analysis of effect sizes to quantify the
strength of given evidence.
3.2.1 Narrative Literature Reviews Offer a Broad Theoretical Overview

To give a general overview of relevant school success theories, we conducted a
narrative review of the literature as presented earlier (see the Theoretical Considerations). This
type of research synthesis provides a qualitative overview of a theoretical question or topic.
Narrative literature reviews usually do not report a systematic literature search. Consequently,
we omitted a systematic search of several databases and a list of inclusion and exclusion
(Rother, 2007). Even though the more systematic methodology may be missing, there are
helpful guidelines on best practices in qualitative narrative reviews (e.g., Baumeister & Leary,
1997; Ferrari, 2015; for systematic-narrative hybrid research synthesis, see Turnbull et al.,
2023) and the method offers several advantages.

Some of the benefits of narrative literature reviews are their potential for inclusivity
and flexibility as well as their exploratory character. As such, a narrative literature review can
include multiple forms of qualitative and quantitative literature to build a broad understanding
of a topic (Rother, 2007). This inclusivity helps to provide context and background information
to grasp a broad subject or theory. In contrast to systematic reviews, which follow a structured
and predefined methodology, narrative literature reviews offer flexibility in the selection,
inclusion, and interpretation of findings (Turnbull et al., 2023). As such, authors can explore
common themes, patterns, or overlaps between theories and conceptual frameworks. Diverse
perspectives and methodologies can be included. The lack of methodological and statistical
jargon (Ferrari, 2015) often renders the narrative literature review more accessible to a broader
audience, including policymakers or teachers.

While narrative reviews have these advantages, it's important to note that they may be
more susceptible to bias in study selection and interpretation. Because this more qualitative
approach to synthesizing the literature does not offer the necessary information to be fully
reproduced, the literature selection might be biased (Rother, 2007). With no systematic
literature search or screening procedure, narrative literature reviews are inherently subjective.
Thus, the selection of studies and the interpretation of findings depend on the authors’ judgment
(see Ferrari, 2015). This subjectivity introduces the potential for bias, as authors may
unconsciously favor studies that align with their perspectives or hypotheses.

Still, a narrative review is the most common form of literature review as it constitutes
the theoretical background of most academic articles. The added value of such narrative

reviews is to give a broad theoretical overview of the current status of a theoretical topic and
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provide the reader with the relevant literature (Turnbull et al., 2023). We also conducted a
narrative review to identify variables that function as a common denominator between central
school effectiveness models. This narrative literature review motivated the present two
research strands and corroborated the SIVA project's theoretical underpinning. As such, the
narrative review of school effectiveness theories is one of the cornerstones of the present thesis.
3.2.2 Meta-Analyses Give an Overview of Narrow Empirical Research Questions

The first strand of research in the present thesis is examining social and cognitive
learning processes by applying meta-analytic methods. A meta-analysis is a review work that
systematically integrates the results of multiple primary studies on a defined research question
by statistically aggregating their effect sizes (Borenstein et al., 2009; Cooper et al., 2019).
Hence, this method empirically summarizes the research landscape on one research question.
Consequently, meta-analyses can make generalizable statements across various individual
studies by following a systematic sequence of steps. However, meta-analyses are not without
their shortcomings. Namely, all research-synthesis methods have a high level of abstraction,
risk comparing “apples with oranges,” and are challenging to conduct and report (Ioannidis,
2016; Thompson & Pocock, 1991). To combat these potential challenges of meta-analyses
discussed in the literature, several streamlined checklists and guidelines help meta-analysts
follow through with this intricate multi-step process (e.g., Kepes et al., 2013; Page et al., 2021;
Siddaway et al., 2019).

The step-by-step process of meta-analysis typically starts with (0) familiarizing oneself
with the research field before (1) formulating a research question. In this process, (2) the
definition of easy-to-test research questions simplifies (3) the creation of an exact search term
for the subsequent (4) systematic literature search. If the scientific articles that match the search
term also align with the previously (5) defined inclusion criteria in a process called “screening,”
(6) the full texts of the articles can be obtained. After that, (7) trained raters use a coding guide
to fill out a coding sheet with effect sizes and any potential moderators or other characteristics
from the individual studies. The (8) statistical aggregation of effect sizes into an overall effect
follows. Studies with larger samples are weighted more in this aggregation process because
they are usually more precise. When the included studies differ in their samples, designs, and
measurement of the construct, for example, (9) moderator analyses can provide more detailed
results investigating these study differences. (10) Further analyses concerning the quality of
the included study, the meta-analytic robustness against outlier values, or publication bias can
be conducted. For the statistical analyses above, suitable software should be used (e.g., R and

the R-package metafor; R Core Team, 2019; Viechtbauer, 2010). Together with (11) the results,
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meta-analysts must (12) accurately report and explain the process of literature search, the
exclusion of studies and effect sizes, and the statistical analyses—in short, the entire procedure
(for an overview, see Cooper, 2017; Field & Gillett, 2010). When all these steps have been
performed according to current quality standards and made transparent (Johnson, 2021; Page
et al., 2021), meta-analyses provide a valuable high-level resource to make evidence-driven
decisions on somewhat narrowly defined research questions in a specific context. Study 2
applies this method. To broaden the overview and include multiple constructs or multiple
correlates of a construct in various contexts, however, a systematic review of meta-analyses
and a SOMA should be undertaken.

3.2.3 Systematic Reviews of Meta-Analyses and SOMAs Provide a Broad Overview of

Empirical Evidence on a Topic

Systematically reviewing systematic reviews and meta-analyzing meta-analyses are a
somewhat newer phenomenon that only emerged in the 1990s (Cooper & Koenka, 2012). As
in a first-order systematic review and meta-analysis, the multi-step process systematically
searches the literature and statistically synthesizes the included studies. However, only meta-
analyses are eligible when conducting a review of meta-analyses and a SOMA, and thus, meta-
analytic effect sizes are aggregated (Schmidt & Oh, 2013). This quantitative synthesis broadens
the scope of the research considerably. Going beyond aggregating findings on a specific
research question, we can provide an overview of a defined research field with this combination
of techniques.

Existing reviews of meta-analyses and SOMAs have already mapped considerably
large parts of the educational psychology landscape (e.g., Hattie, 2008; Jansen et al., 2022;
Schneider & Preckel, 2017). We can use this prior work to look for important correlates of
student success we should assess in the SIVA study. Considering the review of meta-analyses
conducted by Hattie (2008), for example, we can identify boredom as a decisive detrimental
factor to student achievement. Conversely, collective teacher efficacy, for example, is a strong
supporting factor of student success (Hattie, 2008). Using SOMAs, these findings become
comparable, and we gain a robust evidence base for deciding which educational psychological
constructs might make the difference between highly effective and other schools.

While the present thesis reports a review of meta-analyses and SOMAs to identify what
might drive the success of some schools, there are other benefits to applying these methods in
educational psychology. Such benefits include (1) summarizing the statistical evidence on
outcomes correlating with a specific variable, (2) identifying important moderators within a

specific research field, (3) mapping the quality of existing meta-analyses there, and (4)
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indicating future research that will close existing knowledge gaps in the said field (Cooper &
Koenka, 2012). This second-order review and meta-analysis is the method we used in Study 1.
In conclusion, systematic reviews and meta-analyses, as well as systematic reviews of meta-
analyses and SOMAs, are potent sources to map findings on a research question or in a research
field. They can aid in identifying potential drivers of differences between highly effective

schools and others.

3.3 Value-Added Methods to Identify Highly Effective Schools

One of the most fundamental questions in educational effectiveness research is
probably how we can identify which schools are effective in helping students achieve,
independently of their backgrounds. Arguably, the most used quantitative methods are the so-
called VA models (Chetty et al., 2014; Kane et al., 2013). Designed initially to provide fairer
assessments of teacher and school effectiveness, VA models aim to evaluate educators and
institutions based on their students' learning gains, representing a net impact (Driessen et al.,
2016) rather than solely on their raw achievement data. Statistically speaking, VA analysis is
a regression method that can account for diverse student backgrounds, prior achievement, and
other preconditions when estimating school or teacher effectiveness (Emslander et al., 2020;
Levy, 2020). The resulting VA scores consider several student factors the school cannot
influence, such as the language the student speaks at home. Therefore, VA scores could be of
great use in the Luxembourgish educational context because they promise to compare schools
more fairly by taking their diverse and multilingual student bodies into account.

VA scores quantify the difference between the students‘ expected academic and actual
academic achievement, given their backgrounds (Sanders et al., 1997). Positive VA scores
indicate that students have exceeded the expected achievement based on their background
characteristics, such as socioeconomic status, language spoken at home, or previous academic
performance. Conversely, negative scores suggest that students have fallen short of the
expected achievements of students with similar background characteristics.

To facilitate equitable school comparisons, these student VA scores can be averaged
for each school (or teacher), reflecting the value a school adds to its students' progress,
independently of their backgrounds (Braun, 2005; Tymms, 1999). Figure 2 compares a school
with a high VA score and one with a low score. In this example, students from both schools
shared similar starting backgrounds, such as previous academic achievement, and were
therefore statistically expected to perform similarly. However, students from School A

surpassed the statistically expected performance for a comparable group, indicating that School
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A contributed added value to its students' academic achievements. Consequently, School A
would receive a high VA score, while School B would receive a low VA score as students
performed below the statistical expectation (see Emslander et al., 2020; Levy, 2020).

The SIVA project seeks to employ VA models for informative purposes rather than for
evaluative purposes, aligning with recommendations from national and international
researchers (Ferrdo, 2012; Floden, 2012; Johnson, 2015; Leckie & Goldstein, 2019; Levy et
al., 2019; Levy, 2020). Consequently, this approach can be used to systematically identify
target schools that are able to add value to their students’ achievements, from which we can
then gain insights into the elements contributing to educational effectiveness. More
specifically, when we aggregate all students’ scores per school and then investigate what these
schools with high VA scores are doing differently than the others, we might be able to learn
from them how to support all schools and how to tackle educational inequalities. Therefore,
employing VA models enhances our chances of uncovering the impacts of effective teaching,
significant background factors, and successful school management in Luxembourg. Ferrao
(2012) even noted that VA models are particularly well-suited as a tool for "progressive
improvement in education" (p. 627), especially in countries with high rates of grade repetition.
This detail further reinforces the rationale for using VA models for informative purposes in the
Luxembourgish school context, as already in Grade 3, 17% of students are not on track
(Ministry of National Education, Children and Youth, 2018), largely due to grade repetition
(see Emslander et al., 2020; Levy, 2020).
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Figure 2. lllustration of high and low VA schools performing above and below what is
expected of them from one measurement point to another
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Note. Figure 2 is adapted from Levy (2020). Double-headed arrows signify the VA score as
the difference between a school’s expected and actual achievement.

Given its promise to quantify educational effectiveness with just a straightforward score
(Chetty et al., 2014), VA scores have been used for high-stakes educational decision-making
in the US since the late 90s (Aslantas, 2020; Everson, 2017). The VA scores of teachers or
schools serve as a basis for recognizing highly effective teachers, providing tenure, or
allocating additional school funding. Conversely, teachers with low VA scores may risk losing
their jobs, and schools with low VA scores lose parts of their funding (Goldhaber & Hansen,
2010; Sass, 2008). This allocation of resources hinges on the belief that changes in a student's
VA score from one year to the next can be attributed exclusively to the influence of their
teachers or school.

The stability of VA scores, the reason for a change in these scores, and their relation to
student learning are somewhat opaque. Experts have widely criticized the use of VA scores to
allocate funding to schools and to promote or demote teachers (Amrein-Beardsley, 2014;
Amrein-Beardsley & Holloway, 2019). Systematic reviews in the field have investigated the
instability of VA scores. These reviews have identified a lack of consensus on how to calculate
VA scores as a potential source of instability (Amrein-Beardsley et al., 2023; Aslantas, 2020;
Levy et al., 2019). VA scores could fluctuate due to differences in teaching and changes in

school effectiveness, they could also be due to various errors in the calculation of these scores
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(Loeb & Candelaria, 2012) or their instability (Emslander, Levy, Scherer, et al., 2021; Perry,
2016). Thus, researchers and policymakers have contended that VA scores are not appropriate
as the sole measure for making critical decisions in educational contexts (Amrein-Beardsley,
2014; Gorard et al., 2013). Instead, they suggest limiting their use to providing insights to
teachers and schools on enhancing their educational practices. Alternatively, researchers could
use VA scores productively as a sampling method (Emslander, Levy, Scherer, et al., 2021;
Levy et al., 2019). Taken together, whereas prior research is equivocal about whether VA
scores give stable results, VA scores might still be promising for research purposes in the
Luxembourgish school context. Thus, after applying state-of-the-art VA models (Emslander,
Levy, Scherer, et al., 2021; Levy et al., 2020, 2022) and testing their stability (Study 3), we
used VA scores to identify Luxembourg’s primary schools with high, medium, and low VA
scores to compare what they are doing differently in terms of the educational psychological
variables identified in our literature review introduced above. Testing VA score stability in
Luxembourg and examining said variables were precisely the aims of Study 3 and Study 4 in
Research Strand 2, respectively.

In conclusion, VA scores are used to quantify the schools’ influence on students’
achievements while accounting for as many external factors as possible. Our objective in the
second research strand and the SIVA project is to check for the stability of VA scores and
utilize state-of-the-art VA scores (Emslander, Levy, Scherer, et al., 2021; Levy et al., 2022) as
an initial point of reference for investigating effective strategies within the education system.
We intend to achieve this by selecting primary schools with consistently high VA scores and
comparing them with those maintaining stable medium or low VA scores, as suggested by Levy
(2020). This comparative analysis aims to uncover the underlying factors that differentiate
these schools. In a last step, we hope to provide recommendations on what other schools can
learn from the schools with the highest VA scores, which may offer effective solutions to

address educational inequalities.

3.4 Multi-Perspective and Mixed-Methods Design

Social scientists must collect data from multiple sources and perspectives to gain a
broad overview of their complex research subject. In Research Strand 1, we checked meta-
analytically whether different perspectives or assessment methods moderated our findings. For
Research Strand 2, the data collection of the SIVA project combines data from quantitative and
qualitative methods in Study 4. These sources include quantifiably questionnaire items in a

closed format on well-understood educational constructs (e.g., school climate; Wang & Degol,
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2016), open text responses from teachers and school presidents to learn more about their needs,
and classroom observations conducted by two educational experts. Questionnaire data from the
students, teachers, parents, school presidents, and regional directors combined with classroom
observations allow for comparing six perspectives. This multi-perspective design provides a
fine-grained insight into the classroom and school processes. It offers the possibility to compare
the different stakeholders’ perspectives on the same variables.

For the quantitative part of the SIVA data collection in Study 4, we ask students,
teachers, parents, school presidents, and regional directors to complete standardized
questionnaires. While adults can easily give valid answers in a questionnaire, collecting such
data from multilingual students in Grade 2 can be more of a challenge (Levy, 2020). We address
this concern by applying appealing items and an accessible four-point agreement picture scale.
This scale ranges from strong disagreement, signified by an illustration of a child vigorously
shaking their head, to strong agreement, signified by an illustration of a child vehemently
nodding their head. This “nodding head scale” had been introduced and successfully tested in
the National School Monitoring Programme to motivate the young test-takers (Lehnert, 2019).
Additionally, trained researchers read aloud all questions and provided standardized
translations if needed.

For the qualitative part of the data collection, we ask for the teachers’ and school
presidents’ perspectives in open text fields in the questionnaire and conduct structured
classroom observations in Study 4. Two trained neutral observers performed the classroom
observations during a mathematics class (the choice of subject will be elaborated in Study 2).
This way, we could check their interrater agreement. The observers had only a few answer
options for each item on the coding sheet. This simplicity made the decisions as low-inferential
as possible and, thus, increased reliability. There was additional room for open text and other
observations, which were later discussed and added to the data. Hence, we collected various
quantitative and qualitative data from different perspectives and sources, rendering the SIVA
study a multi-perspective, mixed-methods design.

3.5 Open Science as a Means to Make Research Robust, Reproducible, and
Transparent

Open science is a paradigm shift that questions the traditional research process by
fostering transparency, collaboration, and unrestricted access to data and findings. Thus, it
promotes a more inclusive and accelerated scientific process through principles like open

access, data sharing, and collaborative methodologies. Throughout the research work within
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the present doctoral thesis, we have adhered to open science practices and current standards of
research transparency to make our findings reproducible and easily accessible whenever
possible. Open science can be defined as the “ [...] scholarly research that is collaborative,
transparent and reproducible and whose outputs are publicly available” (European
Commission, 2018). These measures are needed, as psychological research is published more
extensively than ever before; however, there is a prevailing publication bias to lament
(McShane et al., 2016). This publication bias is a manifest reservation against the publication
of statistically nonsignificant results. As a result, nonsignificant findings are systematically less
likely to be included in scientific publications (Ferguson & Heene, 2012). Together with the
phenomenon of "p-hacking," where results are subsequently raised above the arbitrary
significance threshold of p = .05, for example, through statistical corrections or outlier control
(Head et al., 2015), the publication bias eventually triggered a replication crisis within
psychology: numerous findings on which psychological theories were based could not be
replicated or were less relevant than priorly claimed (Open Science Collaboration, 2015). This
crisis strengthened the open science movement in our discipline, which still calls for more
transparency to make research reproducible. Thus, the studies of the present doctoral thesis aim
to be fully reproducible whenever possible.

The open science movement introduces additional steps to the research workflow to
achieve greater transparency (e.g., Nosek et al., 2015). After researchers have prepared all
materials and before starting the data collection, they should preregister their study.
Preregistration is “[t]he specification of a research design, hypotheses, and analysis plan before
observing the outcomes of a study” (Nosek & Lindsay, 2018) and helps safeguard researchers
from changing their Hypotheses After Results are Known. This practice is called “HARKing”.
It can lead to misinterpreting research findings, p-hacking, and, ultimately, inflating the false
positive rate and, thus, the publication bias in research. Researchers can protect themselves
from these questionable research practices by making their study and analysis plans public
through preregistration.

A second step involves making all collected data, analytic code, and other materials
publicly available. While publicly sharing all these items is usually met with concerns over the
theft of ideas or data and requires extra resources (Nguyen et al., 2023), they significantly
benefit the respective research field.

1. Sharing the data facilitates collaboration and secondary use of data through more

comprehensive reporting. Including primary studies, which have shared their data, in a

meta-analysis is much smoother and quicker than when no data has been shared. This
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openness directly aids the quality of the meta-analysis at hand. Additionally, sharing

data opens many opportunities for potential collaborators to engage in the author's

research. This would be especially efficient because interested colleagues can easily
identify the overlapping research interests.

2. Sharing the code has three main implications for research: it makes all results easily
reproducible, strengthens the trust in research, and can help detect statistical errors
quickly before wrong results might have detrimental consequences (Goldacre et al.,
2019).

3. Sharing other materials, such as screening and coding forms in meta-analyses or
questionnaires and classroom observation sheets in field research, shares the
advantages of transparency and easier collaboration but also has some unique value. As
many researchers in a given fieldwork on similar questions, sharing the materials they
use will reduce duplication of effort, saving time and resources for all researchers who
can use the same materials. Sharing materials, in turn, can make the research process
quicker and more efficient.

A final step in the open science research process would be to publish the research article
open access. Open access literature refers to digital research articles accessible online free of
cost and with a somewhat liberal copyright license (Suber, 2012). While open access fees can
be expensive and a researcher’s attitudes and norms of a field determine the intention to publish
open access (Moksness & Olsen, 2017), making one’s research publicly available has several
advantages. Open-access publishing makes the full texts of articles easier to find and can, thus,
increase the visibility and impact of the articles’ findings (Eysenbach, 2006; Tang et al., 2017).
Further, the enhanced accessibility may help the research findings to reach a broader audience,
removing some financial and geographical barriers. Influential papers, such as the San
Francisco Declaration on Research Assessment (DORA), also urge researchers to publish
research open access alongside devaluating traditional citation-based impact factors as a
measurement of scientific quality (Cagan, 2013).

Overall, the importance of sharing research data, analytic code, and other materials as
well as other open science practices have been acknowledged across fields (Chambers, 2017;
Masum et al., 2013) and are increasingly seen as a chance rather than a burden (Munafo et al.,
2022). Alongside several benefits of following open science processes as described above, they
can facilitate reproducibility, enhance efficiency, and, thus, make research in general more
reliable and collaborative. How we have implemented open science practices to improve the

robustness, reproducibility, and transparency of the four included studies is shown in Figure 3.
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There, open science badges indicate the open science practices applied in each included study
(Kidwell et al., 2016).
3.5.1 Open Science Practices in Meta-analytic and VA Research

Essential for the transparency in the present thesis are estimating publication bias in the
meta-analytic studies and reporting null results alongside significant ones in all four studies.
Estimating the publication bias within the included primary studies is imperative for meta-
analytic research. Since meta-analyses build upon individual studies, they are fundamentally
as good as or as poor as the individual studies they consider. Thus, a meta-analysis can also be
subject to publication bias (Egger et al., 2001). The data basis of a meta-analysis can be
examined for biases such as the publication bias using graphical and statistical tests to correct
for its influence (Egger et al., 1997) as one of the final steps in conducting a meta-analysis.
Thus, meta-analytic methods have the power to explore a research field’s proneness to
publication bias and assess the quality of research conducted on specific research questions to
answer validity questions raised by the publication crisis.

While checking for publication bias is a crucial step in transparent meta-analytic
research, and, thus for Research Strand 1, all other genuine open science practices also apply
to meta-analyses. Starting with preregistration, over sharing data, analytic code, and other
materials, to publishing open access—there are several helpful guides on how to conduct meta-
analytic research in times of open science (Lakens et al., 2016; Moreau & Gamble, 2022;
Quintana, 2015). These step-by-step instructions aid in combining the difficult task of
conducting a research synthesis while adhering to open science practices to make research
transparent, reproducible, and easily accessible.

The publishing of null results is imperative to overcome the strengthening of
replicability in any method and discipline. Therefore, the included studies in this doctoral thesis
report all results equally. In the two studies using VA methodologies in Research Strand 2,
there is a particular focus on the lack of statistically significant results, posing several questions
on the chosen sample and the tested variables and the validity of VA scores in educational
research (see Study 3 and Study 4). In conclusion, the studies in the present doctoral thesis aim
to tackle their individual research questions with meta-analytic and VA methodology following

open science practices.
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Figure 3. Systematic overview of the four studies in the present thesis focusing on their content, methodological considerations, and publication
status

Study content Methodological considerations
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2,399 effect sizes, 1.5t0 2.5 moderators, and compare cognitive student outcomes under review)
million pre-K-12 students methodological quality
n = 47 international studies Multi-level Executive functions
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Note. The Figure 3 is graphically adapted from Colling (2022). For an in-depth review and an explanation of the open science badges, see Kidwell et al. (2016).
MA = meta-analysis; VA = value-added; Quant. = quantitative; Qual. = qualitative.
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4 The Present Thesis

Along with its general population, Luxembourg’s student population is diversifying.
This surge in diversity may lead to increased educational inequality caused by diverse language
backgrounds or socioeconomic statuses of students in a trilingual educational system. While
increased educational inequalities could naturally lead to deteriorating performance in
international comparisons, such as the PISA study, Luxembourg remains stable in its test
results (Weis et al., 2018). Despite a diversifying student population and more educational
inequality, this lack of deterioration in test results suggests several schools in Luxembourg
must be using strategies to address educational inequalities effectively and support their
students against the odds. As such, the first research strand of the present thesis aims to learn
about general social and cognitive learning processes. Research Strand 2 focuses on concrete
educational psychological practices in Luxembourg to help all students to succeed. Together,
they form the following aims of the present thesis. To (1) delve into the link between TSRs and
student outcomes, (2) deepen our understanding of EFs and their relation to mathematics skills,
(3) identify schools with a stable VA score, and (4) compare educational psychological
strategies to address educational inequalities successfully are the objectives of the present
thesis.

Addressing the four objectives, we made several methodological considerations. We
defined which target population to investigate, which statistical approach to use, how to design
the SIVA study effectively, and how to make our work transparent, reproducible, and openly
accessible. Concerning the target population, we focus on younger students to have the highest
possible return on investment (Heckman, 2008). Regarding the statistical methods, we chose
research synthesis strategies of meta-analysis and SOMA in the first research strand.
Additionally, we use VA scores in the second research strand to find the most effective primary
schools and compare them with other primary schools to learn how effective schools
successfully address educational inequalities. Regarding study design, we combine quantitative
data collection statistical analyses with more qualitative classroom observations and analyses
of open-text responses. Alongside this mixed methods approach, we are interested in the
perspectives of different stakeholders within the school, meaning students, teachers, and third
parties such as parents, expert observers, and others. Finally, aiming to make our work
transparent, reproducible, and openly accessible, we follow current open science practices by
preregistering our work whenever feasible, sharing the data, statistical code, and materials, and

making the final article openly accessible. These methodological considerations span across
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the four studies within the present doctoral thesis and divide the two Research Strands of meta-
analytic research on the international scientific literature (Study 1 and Study 2) and VA

research in Luxembourg (Study 3 and Study 4; for an overview, see Figure 3).

4.1 Rational of the Included Studies
4.1.1 Investigating Teacher-Student-Relationships in the Meta-Analytic Literature (Study

1)

The literature review identified instructional quality (Klieme et al., 2001) and school
climate (Wang & Degol, 2016) as the theoretical core for the SIVA project and Study 4. The
overlap of the two models showed the importance of the relationship between teachers and
students. The importance of TSRs are researched and put into legislation internationally and in
Luxemburg (SCRIPT, 2018). Thus, it is crucial to clarify how and for whom TSRs work,
theoretically (Study 1) and empirically (Study 4). In other words, we strive to understand the
TSR research subfield better.

As introduced in the methods section, SOMAs are valid tools to give an overview of a
subfield of research. Thus, Study 1 reports a systematic review of meta-analyses and several
SOMAs on the link between TSRs and outcomes in preschool to K-12 students. As such, we
synthesize 24 meta-analyses with 116 effect sizes based on more than 2 million prekindergarten
and K-12 students, spanning 70 years of educational psychological research on TSRs and student
outcomes. The student outcomes include not only academic achievement as in prior efforts
(Hattie, 2008; Waack, 2018) but also academic emotions, appropriate student behavior,
behavior problems, motivation, school belonging and engagement, student well-being, or EFs
and self-control. Additionally, the study reviews prior moderators and calculates original
moderator analyses identifying for which students and in which way TSRs are essential. As
such, we find out whether younger or older students profit more from positive TSRs and
whether gender differences exist. In further moderator analyses, we investigate the diverse
perspectives on TSRs and compare student-, peer-, or teacher-assessments of TSRs. Further,
we assess the methodological quality of the included meta-analyses and investigate their use
of open science practices. The results of Study 1 offer a broad overview of the field of TSR

research and address the first research aim of the present thesis.
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4.1.2 Delving Into Executive Functions and Their Link to Mathematics Skills in the

Preschool Literature (Study 2)

One of the student outcomes that were significantly correlated with TSRs and a
prerequisite for learning, but missing in the SIVA project, are EFs (Vandenbroucke et al.,
2018). EFs are part of the cognitive learning process and are an essential student factor for
school success. They therefore complement the previously investigated social learning
processes by exploring EFs in combination with mathematical skills. Thus, we investigate EFs
in combination with mathematical skills to shed light on the cognitive prerequisites for learning
and school success in this thesis. EFs are mental processes regulating human cognition and
behavior (Miyake et al., 2000; Miyake & Friedman, 2012). EFs have several subprocesses,
with response inhibition, mental set shifting, and updating of working memory arguably being
the three most investigated. They can be considered prerequisites for many school-success-
defining skills, such as reading or mathematics (Diamond, 2013; Follmer, 2018; Friso-van den
Bos et al., 2013; Yeniad et al., 2013).

EFs constitute an essential prerequisite for mathematics skill development (van der
Ven, 2011; van der Ven et al., 2012). Thus, they play a crucial role in school readiness and
predicting academic success throughout the school career (Blair, 2002; Diamond, 2013;
Duncan et al., 2007) and academic success later in the school career. Study 2 meta-analytically
investigates the link between EFs and mathematics skills in preschool children. While Study 1
includes meta-analyses with students up to high school, Study 2 includes primary research
articles on preschool children as the understanding of numbers already develops before school
entry (Passolunghi & Lanfranchi, 2012) and is related to EFs (Geary et al., 2019), suggesting
that the years before school entry are a crucial learning period with rapid development of
mathematical skills and EFs (Zelazo & Carlson, 2012).

Concretely, we used data from 47 studies from 2000 to 2021 with 363 effect sizes and
N = 30,481 participants. Using moderator analyses, we investigate whether the link between
mathematics skills changes with child age or assessment perspective (e.g., child-reported vs.
parent-reported EFs and mathematics skills). With MASEM we finally test whether the three
subdimensions of EFs (i.e., inhibition, shifting, and updating) differ in their ability to explain
variations in math intelligence, which is a controversial question among researchers. Further
studies suggest that EFs are not only linked to mathematic skills, school success, and TSRs
(Duncan et al., 2007; Vandenbroucke et al., 2018). They also seem associated with school
climate (Piccolo et al., 2019), one of the foci of the present thesis and SIVA project and its data
collection in Study 4.
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4.1.3 Identify Primary Schools With High Value-Added in Luxembourg (Study 3)

After finding and further investigating the variables associated with educational
effectiveness, we needed to identify the schools where we best collect the data. Study 3 lays
the groundwork for using VA scores in Luxembourg for research purposes. Even though we
focus only on primary schools in the SIVA project, we cannot test the full population of more
than 150 primary schools in the Grand Duchy during the data collection. Thus, we want to
collect data only from highly, average, or below-average effective schools and compare these
three groups. One way to differentiate the three groups would be to use only schools with stable
high, medium, or low VA scores.

Using VA scores to categorize schools into these groups would require VA scores to
be stable over time and across the outcome domains. To increase the credibility of the VA
scores, a school with a high VA score should also have a comparable score in the following
years. Further, such a school would also be assumed to perform well not only in one school
subject but in multiple subjects, such as both language and mathematics. However, research on
school-level VA score stability over time and across subjects is still scarce, and some research
even suggests that there might be a “stability problem” with VA scores (Aslantas, 2020).
Suppose VA scores are unstable over time and fluctuate across outcome domains (e.g.,
mathematics and language learning). In that case, their use for high-stakes decision-making is
in question and could have detrimental real-life implications for teachers and schools.

As a consequence, the stability of VA scores has been debated quite fiercely not only
in the US (Loeb & Candelaria, 2012; Papay, 2011) but also in European countries, such as
Portugal or the United Kingdom (Ferrdo, 2012; Gorard et al., 2013; Perry, 2016; Thomas et al.,
2007). The results of prior research are somewhat equivocal, with some researchers finding
acceptable VA score stability (Ferrdo, 2012; Thomas et al., 2007) and some not (Gorard et al.,
2013; Perry, 2016). Thus, the stability of VA scores over time and across subjects in primary
schools still needs to be tested to ensure that VA scores are informative for this educational
level.

To address this research gap, we test the stability of VA scores for Luxembourgish
primary schools. In Study 3, we focus on the VA scores stability of over two years and across
the two subject domains of language and mathematics learning. To this end, we draw on
representative, large-scale, and longitudinal data of N= 7,016 students in 151 schools from two
cohorts of standardized achievement tests in Luxembourg. This sample encompasses the entire
population of Luxembourg’s students who are on track from Grade 1 to Grade 3 in 2017 and

2019. While our results suggest that VA scores should not be used for high-stakes decision-
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making, such as teachers' tenure or school funding, we can use them to identify schools that
effectively address their students' diversity and have them succeed against the odds. Further,
we can compare this group of schools with stable high VA scores with those that have stable
medium or low VA score over a more extended period and across subject domains.

4.1.4 Compare Schools to Identify Educational Psychological Drivers of School Success

Against the Odds (Study 4)

Study 4 represents the first findings of the SIVA project (written for a broader audience
interested in educational research, such as parents and teachers). Based on the results of Study
3, we identify 16 schools with stable high, medium, and low VA scores over two years and
across subjects to compare them on the variables of school effectiveness that we had priorly
identified: instructional quality (Klieme et al., 2001), school climate (Wang & Degol, 2016),
and other important variables (e.g., boredom and collective teacher self-efficacy; Hattie, 2008;
Waack, 2018) as well as Luxembourg specificities (e.g., language use and role of the school
president). As explained above, we found these variables through an in-depth literature search
and by combining the most pertinent teaching and school effectiveness models.

Thus, Study 4 describes the first results from the SIVA project's multi-perspective,
mixed-methods data collection. Concretely, we compare the results of the 16 selected schools
based on 49 classroom observations and questionnaire data on a total of 511 students in Grade
2, 410 of their parents, 191 classroom and subject teachers, 14 school presidents, and 13
regional directors, collected in early 2022 during the COVID-19 pandemic. In a five-step
process, we first compare the SIVA sample to the general population to determine how
representative these roughly 10% of all schools and students are for the general Luxembourgish
student population. Second, we compare the mean values of the most important variables with
results from other European countries to locate Luxembourg’s measures on instructional
Quality, TSR, and school climate internationally. Third, we compare the three groups of
primary schools with a high, medium, or low VA score and check for differences in their
performance of the variables. Fourth, we use boot-strapping methods to tentatively answer
whether the statistical significance of group differences changes with a higher risk of error.
Fifth, we take a closer look at the qualitative open-text answers from teachers and school
presidents to use their expert input to answer our research question on what might be the driver
of effective schools.

In the following, the present thesis presents four studies to address its four aims. The
studies are printed as published or as submitted, respectively. After the presentation of the four

studies, a general discussion will summarize the results for all studies, address common
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limitations, discuss contributions to research and practice, and outline future research before

drawing a general conclusion.
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Abstract

Teacher-student relationships (TSRs) play a vital role in establishing a positive school
climate and promoting positive student outcomes. Several meta-analyses have suggested
significant associations between TSRs and, for example, academic achievement, a lack of
disruptive behavior, school engagement, peer relationships, motivation, executive functions,
and general well-being. However, these meta-analyses have differed substantially in TSR-
outcome relations, moderators, and quality, thus complicating the interpretation of these
findings. In this preregistered systematic review of meta-analyses plus original second-order
meta-analyses (SOMAs), we aimed to (a) synthesize the meta-analytic evidence on relations
between TSRs and student outcomes, (b) map influential moderators of these relations, and (c)
assess the methodological quality of the meta-analyses. We synthesized over 70 years of
educational research in 24 meta-analyses encompassing a total of 116 effect sizes based on
more than 2 million prekindergarten and K-12 students. We conducted several three-level
SOMAs and found that TSRs had similar large significant relations with eight clusters of
outcomes: academic achievement, academic emotions, appropriate student behavior, behavior
problems, executive functions and self-control, motivation, school belonging and engagement,
and student well-being. Age, gender, and informant (student-, peer-, or teacher-assessments)
were the most frequently examined moderators in prior research, and our moderator analyses
suggested student grade level and social minority status as moderators. We further found large
differences in quality between the meta-analyses, and these differences were not associated
with the TSR-outcome relations. These results map the field of TSR research; present their
relations, moderators, and meta-analytic quality; and show how TSRs can contribute to
improving outcomes in students via relationship building. Future research should follow meta-

analytic open science procedures to improve quality and reproducibility.

Keywords: teacher-student relationships, academic outcomes, well-being, second-order

meta-analysis, school students

Public Significance Statement: The present systematic review of 24 meta-analyses gives
an overview of over 70 years of research on teacher-student relationships (TSRs). We found
that TSRs were associated with many crucial student characteristics, such as academic
achievement and emotions, motivation, and appropriate behavior. Conversely, TSRs had
negative relations with other outcomes (e.g., behavior problems at school). These relations were

larger when the teacher’s viewpoint was assessed and differed between older and younger
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students. Ultimately, our findings provide valuable evidence for educational decision-makers
and policymakers. By integrating findings from multiple meta-analyses, we offer a more
comprehensive and reliable evidence base for informing policy decisions, educational practice
in the classroom, and teacher education. Thus, these findings are of broad public interest and

can help improve teacher education and TSR interventions.
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5.1 Introduction

A good school climate is characterized by positive teacher-student relationships (TSRs),
which are linked to academic, behavioral, socioemotional, motivational, and general cognitive
outcomes. TSRs are defined as interactions characterized by warmth, closeness, support, and
friendliness (positive TSRs), or conflict and dependency (negative TSRs; Hamre & Pianta,
2001; Pianta, 1999). Consequently, TSRs focus on affectional and emotional facets rather than
administrative (e.g., giving away lunch vouchers) or lesson-based support (e.g., providing
classroom organization or clarity of instruction; see Authors, 2022). Both positive and negative
TSRs are well-researched, and meta-analyses have summarized findings on their associations
with student outcomes. This body of meta-analytic research has brought to light how positive
TSRs are connected to school engagement (Roorda et al., 2017), good peer relationships
(Endedijk et al., 2022), executive functions (Vandenbroucke et al., 2018), and general well-
being (Chu et al., 2010). Meta-analyses on negative TSRs have reported correlations with
student anger (Nurmi, 2012) and bullying (Krause & Smith, 2022). However, these meta-
analyses varied considerably in their definitions and operationalizations of TSRs, types of
outcome variables, and the strengths of the relations between the TSRs and the outcomes.
Moreover, the meta-analytic evidence for the TSR-outcome relation is partially contradictory.
For instance, whereas some meta-analyses have suggested that positive TSRs were associated
with fewer behavior problems (Moore et al., 2019; Roorda et al., 2021), others found that they
were associated with more behavior problems (Nurmi, 2012).

The meta-analytic literature is also ambiguous about which moderators (e.g., age or
gender) influence these relations. Cooper and Koenka (2012) suggested that differences in
findings may stem from differences in approaches and the quality of the meta-analyses. To map
and explain these differences, we systematically reviewed and statistically summarized the
meta-analytic literature in multiple second-order meta-analyses (SOMAs; Cooper & Koenka,
2012). Over and above integrating TSR associations, we aimed to identify which associations
were the largest and should therefore be tested for causal relations for use in effective TSR and
life-success interventions. By comparing and contrasting findings from these diverging meta-
analyses, we aimed to identify the factors contributing to variability in TSR-outcome relations
(e.g., student characteristics, study designs, or publication type), thereby enabling us to evaluate
the consistency and robustness of meta-analytic findings on TSRs across different studies and
contexts and helping us identify areas of improvement and research gaps. Ultimately, with our
SOMAs, we aimed to provide valuable evidence for educational decision-makers and

policymakers. By integrating findings from multiple primary meta-analyses, we offer a more
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comprehensive and reliable evidence base for informing policy decisions, educational practice
in the classroom, and teacher education.

Specifically, we provide a comprehensive overview of (a) the relation between TSRs
and students’ academic, behavioral, socioemotional, motivational, and cognitive outcomes, (b)
important moderators of these relations, and (c) meta-analytic quality. In addition to mapping
the moderators included in the meta-analyses, we also examined possible moderators that
describe the characteristics of the meta-analyses (i.e., second-order moderators). Finally, we
quantified and reviewed the methodological quality of the included meta-analyses. Table 1

presents an overview of the included meta-analyses.

5.2 Theoretical Framework
5.2.1 Defining TSRs
TSRs generally refer to the quality of the relationship(s) between teaching personnel

and their student(s) in schools. As a construct, TSRs commonly focus on the affective aspects
of the relationships (Roorda et al., 2021) and can thus be differentiated from administrative and
instrumental support (Li et al., 2021; Vandenbroucke et al., 2018). In following the affective
TSR definition, which is grounded in attachment theory, prior meta-analyses have divided
TSRs into the following facets (Roorda et al., 2017; Sabol & Pianta, 2012; Vandenbroucke et
al., 2018; Verschueren & Koomen, 2012):

e Closeness, representing the warmth of the interactions between teachers and students;

e Conflict, representing negative interactions; and

e Dependency, representing clingy student behavior.

Whereas there are extensive discussions about the different facets of TSRs elsewhere

(see, for an overview, Wentzel, 2022), in the present paper, positive TSRs are characterized by
high degrees of closeness and warmth and low degrees of conflict and dependency (Hamre &
Pianta, 2001; Roorda et al., 2017). In scientific theory, TSRs have most notably been part of
the concept of school climate. In their seminal review, Wang and Degol (2016) synthesized the
literature on the construct, measurement, and impact of school climate and defined TSRs as
“Trust, interpersonal relationships between staff and students, affiliation” (p. 4), an integral part
of the community aspect of school climate. Moreover, conceptualizing TSRs as part of school
climate resonates with the three basic dimensions of instructional quality—specifically, TSRs
are aligned with the dimension of socioemotional teacher support (Klieme et al., 2001;
Praetorius et al., 2018). Overall, TSRs can be considered key characteristics of the quality of

instruction and the school climate.
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Table 1. Overview of Included Meta-Analyses

Reference Description & method (?riedlc;alzgzl Examined relation (TSR & student outcome) ks r 95% CI
Alietal., 2015  Meta-analysis of the relation between 9-18 Teacher acceptance & psychological adjustment 16 32 [.29, .36]
teacher acceptance and psychological MS - HS
adjustment & school conduct using 9-18 Teacher acceptance & school conduct 8 22 [.17,.26]
average weighted effect sizes MS - HS
Allen et al., Meta-analysis of the relation between 12-18 Teacher support & school belonging 14 46 [.37, .54]
2018 teacher support and school belonging MS - HS
using a random-effects model
Cherne, 2008 Meta-analysis of single-case studies of 4-8 Teacher praise & student behavior 52 .70 [.51,.79]
the relation between teacher praise and - Teacher praise & academic behavior 6 75 [.58,.92]
student behavior. Calculated effect sizes 4-12 Teacher praise & appropriate social behavior 16 .57 [.36,.78]
by averaging percentage of all 5-12 Teacher praise & inappropriate social behavior 4 .83 [.59,1]
nonoverlapping data - Ability-based praise & student behavior 2 .30 [0, .89]
5-12 Behavior-specific praise & student behavior 8 .80 [.52, 1]
- Effort-based praise & student behavior 2 27 [0,.71]
- “Other” forms of praise & student behavior 3 .70 [.45,.95]
“Undefined” forms of praise & student behavior 11 .90 [.68, 1]
Chu et al., Meta-analysis of the relation between K-HS Teacher and school personnel support & well-being 125 21 [.20, .21]
2010 support from teachers and school
personnel and student well-being. Used
weighted average effect sizes
Cornelius- Meta-analysis of the relation between PRE-K - HS  Person-centered teaching & cognitive and behavioral 98 31 [.30, .33]
White, 2007 student-centered teaching and outcomes
behavioral and cognitive outcomes. PRE-K - HS  Person-centered teaching & cognitive outcomes 71 31 [.31,.31]
Used mean effect sizes PRE-K - HS  Person-centered teaching & behavioral outcomes 81 35 [.35,.35]
Three-level meta-analysis of relations
Endedijk etal., between TSRs and peer relationships &
2022 student behavior 3-18 TSR & peer relationship quality 1475 28 [.26, .30]
PRE-S - HS
PRE-S-HS TSR & student behavior 992 255 [.23, .28]
MS - HS Teacher support & grades and achievement 7 0.17 [.13,.21]
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Givens
Rolland, 2012

Kincade et al.,
2020

Korpershoek et
al., 2016

Krause &

Smith, 2022

Leietal., 2016

Leietal., 2018

Lietal., 2021

Moore et al.,
2019

Nurmi, 2012

Meta-analysis of the relation between
teacher support and achievement &
socioemotional outcomes using a mixed
effects model

Meta-analyses of the effectiveness of
intervention programs aimed to improve
TSRs that aggregated weighted effect
sizes

Meta-analysis of the effect of classroom
interventions that aimed to improve
TSRs and student outcomes using a
random-effects model

Meta-analysis of the relation between
conflicts in TSRs and bullying using a
random-effects model

Meta-analysis of the relation between
affective TSRs and externalizing
behavior using a fixed-effects model

Meta-analysis of the relation between
teacher support and students’ academic
emotions using a fixed-effects model

Three-level meta-analysis of the relation
between school discipline and students’
self-control

Meta-analysis of experimental and
quasi-experimental single-case studies
of the effect of teacher praise on student
behavior. Calculated effect sizes by
averaging percentage of all
nonoverlapping data

MS - HS
MS - HS
MS - HS
MS - HS

PRE-K - MS
PRE-K - MS
PRE-K - MS

K-HS
K-HS

3-18
K-HS
3-18
K-HS
ELE - HS
ELE — HS*

3-17
PRE-S - HS
PRE-S - HS

K-HS
K-HS
ELE - MS
ELE - MS
ELE
ELE - MS

Teacher support & personal mastery
Teacher support & intrinsic value

Teacher support & perceived ability
Teacher support & prosocial factors

TSR intervention program & TSR
TSR intervention program & TSR closeness
TSR intervention program & TSR conflicts

TSR intervention & overall outcome

TSR intervention & academic outcomes

TSR intervention & behavioral outcomes

TSR intervention & socio-emotional outcomes
TSR intervention & motivational outcomes
TSR intervention & other outcomes

TSR conflict & bullying perpetration

TSR conflict & bullying victimization

Positive affective TSR & externalizing problem behavior
Negative affective TSR & externalizing problem behavior
Teacher support & positive academic emotions

Teacher support & negative academic emotions

School discipline & self-control

TSR & self-control

Teacher praise & appropriate behavior (overall)

Teacher praise & appropriate behavior (student-level studies)
Teacher praise & appropriate behavior (class-level studies)
Teacher praise & disruptive behavior (overall)

Teacher praise & disruptive behavior (student-level studies)

Teacher praise & disruptive behavior (class-level studies)

TSR conflicts & academic achievement

(O, IRV, RV, RSN

13
13

1-2
1-2
1-2
1-2
1-2
1-2

13

12

78

71

45
76

278

142

Wk QWhk

0.31
0.40
0.38
0.24

13
A1
-.02

.06
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.03
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32

25

-.26

.55

34

-22

19

24

.79tau
.681AU
.881au
.90t1au
T4tau
.92tAu

-.20

[.12,.14]
[.10,.12]
[-.04, -01]

[-.02, .15]
[.03, .21]

[-.27, -.25]
[.55, .56]
[.33,.35]

[-.23,-21]
[.19,.19]
[.22, .24]

[42,1]
.48, .90]
[42,1]

[.68, 1.17]

[.68,_1.17]

[-.27, -.13]
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Roorda et al.,
2011

Roorda et al.,
2014

Meta-analysis of the relations between
TSRs and academic, behavioral, and
socioemotional outcomes using a
random-effects model

Meta-analysis of relations between
TSRs and engagement & achievement
using a random effects model

Meta-analysis of the relations between
affective TSRs and students’ school
learning using mean effect sizes

K-HS
K-HS
K-MS
K-MS

K-ELE

K-ELE
K-ELE

K-ELE
MS - HS

MS - HS
MS - HS

MS - HS

TSR closeness & academic achievement

TSR dependency & academic achievement

TSR conflicts & external problem behavior

TSR closeness & external problem behavior

TSR dependency & external problem behavior

TSR secure attachment & external problem behavior
TSR anxious attachment & external problem behavior
TSR conflict & anger

TSR closeness & anger

TSR conflict & internal problem behavior

TSR closeness & internal problem behavior

TSR dependency & internal problem behavior

TSR secure attachment & internal problem behavior
TSR anxious attachment & internal problem behavior
TSR conflicts & shyness

TSR closeness & shyness

TSR dependency & shyness

TSR conflict & prosociability

TSR closeness & prosociability

TSR dependency & prosociability

TSR conflict & motivation

TSR closeness & motivation

Positive TSR & academic achievement
Positive TSR & engagement

Negative TSR & academic achievement
Negative TSR & engagement

Positive TSR & academic achievement (primary school
sample)
Positive TSR & engagement (primary school sample)

Negative TSR & academic achievement (primary school

sample)
Negative TSR & engagement (primary school sample)

Positive TSR & academic achievement (secondary school

sample)
Positive TSR & engagement (secondary school sample)

Negative TSR & academic achievement (secondary school

sample)

Negative TSR & engagement (secondary school sample)

7 21
2 -.19
12 57
8 -.19
6 27
2 -.13
2 =37
2 38
2 -.12
5 .30
5 -.20
3 37
2 .10
2 -21
6 -23
7 -29
2 22
2 A8
2 19
2 -.28
10 -35
6 17
61 .16
61 34
28 -.18
18 -31
42 .14
35 .26
24 -.19
15 -34
17 16
23 .30
3 -.13
2 -25

[.12, .29]
[-.30, -.07]
[.44,0.67]
[-.32, -.05]
[.18, .36]
[-.34, .10]
[-.51,-21]
[-.39, .84]
[-.27, .04]
[.13, .44]
[-.33, -.06]
[.23, .49]
[.07,.14]
[-.54, .17]
[-.48, .06]
[-45,-.11]
[.09, .33]
[-.03, 37]
[.03, .36]
[-.51,-.02]
[-.44, -26]
.00, .33]

[.13, .20]
[.28, .39]
[-.22, -.15]
[-.38, -.24]
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Roorda et al., Meta-analysis of the relations between K-HS Positive TSR & academic performance 117 17 [.04, .11]
2017 affective TSRs and students’ K-HS Positive TSR & engagement 118 35 [.25, .32]
engagement and achievement using a K-HS Negative TSR & academic performance 41 -16  [-.11,-.02]
random-effects model K-HS Negative TSR & engagement 34 -28  [-.24,-.15]
Roorda et al., Meta-analysis of the relation between K -ELE Student-teacher dependency & engagement 9 -13  [-.17,-.09]
2021 student-teacher dependency and K-ELE Student-teacher dependency & achievement 8 -12 [-.15,-.09]
students’ school adjustment using a K-ELE Student-teacher dependency & externalizing behavior 19 27 [.25,.30]
fixed-effects model K -ELE Student-teacher dependency & internalizing behavior 16 32 [.28, .35]
K -ELE Student-teacher dependency & prosocial behavior 7 -17  [-.23,-.11]
K-ELE Student-teacher dependency & engagement 7 -13 -
K -ELE Student-teacher dependency & achievement 4 -.07 -
K-ELE Student-teacher dependency & externalizing behavior 8 .28 -
K-ELE Student-teacher dependency & internalizing behavior 9 35 -
K -ELE Student-teacher dependency & prosocial behavior 3 -.14 -
Strom & Meta-analysis of the relations between HS Supportive communication in school & school dropout 7 .14 -
Bolster, 2007 supportive messages at home and in
school and dropout using average
weighted effect sizes
Tao et al., 2022 Meta-analysis of the relation between ELE - HS Teacher support & academic achievement 93 .16 [.13,.18]
perceived teacher support and academic
achievement using a random-effects
model
Vandenbroucke Meta-analysis of the relations between PRE-K - ELE  Teacher-student interaction & overall executive function 101 0.09 [.04, .13]
etal., 2018 teacher-student interactions and PRE-K - ELE  Teacher-student interaction & general executive function 9 0.11 [.07,.16]
executive functions using both random- measures
effects and fixed-effect models PRE-K - ELE  Teacher-student interaction & working memory 32 0.09 [.03, .15]
PRE-K - ELE  Teacher-student interaction & inhibition 71 0.08 [.02, .14]
PRE-K - ELE  Teacher-student interaction & cognitive flexibility 9 0.00 [-.04, .04]
Wang et al., Three-level meta-analysis of the K-HS Socioemotional support & social competence 74 0.21 [.10, .32]
2020 relations between classroom climate and K-HS Socioemotional support & externalizing behavior 42 -0.20  [-.29,-.11]
students’ academic & psychological K-HS Socioemotional support & socioemotional distress 42 -0.19  [-.26,-.11]
well-being K-HS Socioemotional support & academic achievement 70 0.12 [.07, .17]
K-HS Socioemotional support & motivation and engagement 92 0.23 [.18,.29]
Wilkinson, Meta-analysis of the relations between ELE Praise & student achievement 19 0.08 [.02, .13]
1980 teacher praise and student academic ELE Praise & reading gains 12 0.11 [.03,.19]
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achievement using average weighted ELE Praise & mathematics gains 8 0.18 [.08, .28]
effect sizes ELE Positive classroom climate & student achievement 22 -0.04 [-.14, .06]

Note. Larger positive effect sizes indicate closer relations between TSRs and student outcomes. ks = Number of included studies; Age range = Mean
age of the youngest and the oldest sample within the meta-analysis in years; 77 = weighted average correlation; * = also includes a few studies with
university students; rav = is not a mean correlation (and will not be included in quantitative analyses) but an average Tau-U coefficient (Moore et
al., 2019); PRE-K = prekindergarten, K = kindergarten, PRE-S = preschool, ELE = elementary school, MS = middle school, HS = high school.
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5.2.2 Relations Between TSRs and Student Outcomes

Several meta-analyses have supported the association between positive TSRs and
improved student outcomes, such as academic achievement (Roorda et al., 2017), student
behavior (Endedijk et al., 2022), executive functions (Vandenbroucke et al., 2018), general
well-being (Chu et al., 2010), academic emotions (Lei et al., 2018; Nurmi, 2012), and (less)
bullying (Krause & Smith, 2022). Several educational and developmental psychological
theories can explain these relations. In the following, we focus on the two most prominent
theories that have been used to explain the impact of TSRs and discuss their influence on
research on the construct of TSRs—Bronfenbrenner’s (1979) bioecological model of human
development and Bowlby’s (1982) attachment theory.

Bronfenbrenner’s (1979) bioecological model considers the driver of human
development to be one’s interactions with the people in one’s closest environment in a complex
interplay of external influences. The model describes five layers of relationships and
interactions—so-called systems—around a developing child, starting from the closest layer and
moving out to the most distant layer. For a student, the first layer (micro-system) is made up of
the interactions they have with the people in their closest environment, such as their parents,
extended family, peers, and teachers. Interactions in the school or between the school and the
parents happen in the second layer of interactions (meso-system). These first two layers are
further described in the third layer (exo-system) where the interaction between the micro- and
meso-systems takes place. The fourth layer (macro-system) signifies the current educational
policies shaping the teachers’ practice and the curriculum. Lastly, the outermost fifth layer
(chrono-system) puts all the interactions in a temporal perspective. Whereas these systems
overlap and interact in real-life school situations, the TSRs are the some of the most important
relationships for the students’ development (see Bronfenbrenner & Morris, 2007).
Bronfenbrenner (1979) places this relationship in the center along with the individual and the
most proximal system, the micro-system. Students interact with teachers daily and for long
periods of time, giving teachers great influence over their students’ development
(Bronfenbrenner & Ceci, 1994).

Bowlby’s (1982) attachment theory focuses on the dyadic relationships between a child
and their parent, as well as between a student and their teacher. The basic idea of this theory is
that the parent acts as a safe base from which the child can explore the world. Thus, the parent-
child interaction forms a blueprint for later interpersonal relationships—also with teachers.
Whereas the core attachment process with a primary caregiver has already been formed,

children can form an attachment with multiple caregivers in preschool and elementary school
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(Schaffer & Emerson, 1964). These additional attachments are usually formed with actors from
Bronfenbrenner’s (1979) micro-system—namely, extended family, peers, and teachers. There
is a large body of literature showing the positive impact of a secure attachment style in parent-
child attachment (Ainsworth et al., 2014; Ainsworth & Bell, 1970; Spruit et al., 2020) but also
in teacher-student attachment (Allen et al., 2018). The approach to fostering these positive
attachments is the same for the primary caregiver and teachers: responding promptly,
appropriately, and consistently to the needs of the child or student (Bowlby, 1982). With a
secure attachment to their teacher, a child learns a sense of security, which lets them explore
the environment and form stable and strong relationships with others. In this way, positive TSRs
enable students to deeply engage in learning activities, whereas a negative attachment to the
teacher might hamper their learning due to a lack of security and self-esteem (for a more
detailed discussion, see Roorda et al., 2011). The micro- and meso-systems hold potential
correlates of TSR, as academic, behavioral, socioemotional, motivational, and general
cognitive student outcomes are influenced by teacher-student interactions in the classroom
(Bronfenbrenner & Morris, 2007; Wang et al., 2020).

To the best of our knowledge, two reviews have mapped the extant meta-analytic
evidence on TSR-achievement relations. These two reviews included different student samples
(i.e., pre-school to university students in Hattie, 2008; university students in Schneider &
Preckel, 2017) used achievement as the sole outcome variable, and were based on different
definitions of TSRs. In his seminal work, visible learning, Hattie (2008) identified five meta-
analyses that quantified the relation between TSRs and student achievement and Hattie (2023)
additionally reports meta-analyses under teacher-student dependency and teacher-student
support, six of which were also included in the present review (Cornelius-White, 2007; Kincade
et al., 2020; Roorda et al., 2011, 2021; Tao et al., 2022; Vandenbroucke et al., 2018). With
effects of d = 0.72 (Cornelius-White, 2007; in Hattie, 2008), d = 0.52 (Hattie, 2015; Waack,
2018), and d = 0.47 (Corwin Visible Learning Plus, 2023), TSRs were considered to have the
potential to accelerate student achievement. In this latter source, TSRs were defined as the
quality of the relationships between teachers and students. This review of meta-analyses also
included the meta-analytic findings by Vandenbroucke et al. (2018), who reported a weighted
average effect of d = 0.18, based on 23 primary studies, 23 effect sizes, and 19,906 students.
This result indicated a positive but weak TSR-achievement relation. By contrast, Cornelius-
White (2007) found a substantially larger relation with a weighted average effect of d = 0.72,
based on 229 primary studies, 1,450 effect sizes, and 355,325 students. These two meta-

analyses exemplify the diversity of meta-analytic findings on the relation between TSRs and
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student achievement. To explain such discrepancies in the field, it is key to examine the
characteristics of the meta-analyses as possible explanations and to map and evaluate their
quality and approaches.

In their systematic ranking of 105 factors associated with achievement in higher
education, Schneider and Preckel (2017) found that teacher-related and instructional variables
were ranked high. Among these, TSRs were ranked the 30" most important factor. In their
review, TSRs were operationalized as a “teacher’s concern and respect for students;
friendliness” (p. 572) and contributed 11 effect sizes.

Given their inclusion criteria and focus on student achievement as the sole outcome, the
two reviews provided evidence of the TSR-outcome relation based on only six meta-analyses
(five included in Hattie, 2008; one included in Schneider & Preckel, 2017). Hence, this meta-
analytic evidence base did not allow robust and reliable inferences to be made about the
relations between student outcomes and TSRs. Moreover, they did not map the moderator
analyses of the included meta-analyses or the factors explaining heterogeneity in the TSR-
outcome relations at the meta-analytic level. However, such factors could potentially clarify the
varying meta-analytic findings.

5.2.3 Possible Moderators of TSR-Outcome Relations

Meta-analyses of TSR-outcome relations have suggested a wide array of possible
moderators, focusing on differences in students’ age and gender. For instance, several meta-
analyses found significantly larger correlations for girls and younger children than for boys and
older children and youth (e.g., Chu et al., 2010; Krause & Smith, 2022). These findings have
been questioned in other meta-analyses that found null or even negative results (e.g., Ali et al.,
2015; Givens Rolland, 2012). At the same time, the quality of meta-analyses in this field has
varied considerably. For instance, Roorda et al.’s (2014) and Endedijk et al.’s (2022) meta-
analyses are both rather recent studies but differ greatly in methodological quality and
reproducibility, potentially explaining their divergent moderator findings. In the following
section, we review the evidence on dominant moderators, namely, the measurement of TSRs
(the source of information about TSRs, e.g., teachers, students, or a third party), students’ age
(or grade level), and gender. Furthermore, we also considered less prominent moderators,
including school location (urban vs. rural) and culture (Western vs. Eastern cultures).

5.2.3.1 Measurement of TSRs

Usually, TSRs are measured either between one teacher and one student (i.e., at the
dyadic level) or between one teacher and their class (i.e., at the classroom level; Sabol & Pianta,

2012; Verschueren & Koomen, 2012). The most common informants are the teachers (“Do you
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like this specific student?” vs. “Do you like the students in your classroom?”), students (“Do
you like your teacher?” vs. “Does your teacher like the students in your classroom?”), and third-
party researchers or teachers (Sabol & Pianta, 2012). These third parties could be observing
classroom interactions and rating aspects of the classroom interactions (e.g., warmth, conflict).

In early childhood, dyadic relationships are almost exclusively measured from the
teacher’s perspective, as students are too young to provide a valid self-report (Wentzel, 2022).
For children in preschool to Grade 3, the 28-item Student-Teacher Relationship Scale (STRS;
Pianta, 2001) has been the most widely applied assessment tool (Wentzel, 2022). Nonetheless,
the literature shows an astonishingly high degree of disagreement between teachers and
students in their perspectives on their relationships (Wentzel, 2022). Thus, the informant is an
important source of variation when comparing TSR measures. For a review touching on the
conceptualization and measurement of TSRs, please refer to Wentzel (2022).

5.2.3.2 Students’ Age

Both Bronfenbrenner’s (1979) and Bowlby’s (1982) theories imply that the impact of
teachers changes over time as the students go through adolescence. Whereas parents used to
have the closest relation with the child, and thus the most proximal processes took place with
parents, the focus shifts in adolescence: Peers and probably teachers become more important in
the bioecological model. There is a similar shift in attachment. Whereas the primary caregiver
acted as the (only) safe haven during infancy (Schaffer & Emerson, 1964), this special bond is
now partially transferred to other relationships (e.g., the TSR). Hence, relations between TSRs
and student outcomes may depend on students’ age. Cornelius-White (2007) suggested that
“future meta-analytic research might focus on specific subsets of learner-centered behaviors to
reduce heterogeneity in synthesizing results and increase the inferential potential for future
syntheses” (p. 133). Relevant subsets may represent students’ grade levels (e.g., differences
between primary/elementary school vs. secondary/high/middle school). At different grade
levels, students may be taught by one main teacher or multiple, equally important teachers
(Quin, 2017). It might be possible that a few positive TSRs become more important in middle
and high school as students’ relationships with teachers become less close (Hughes & Cao,
2018). Accordingly, Roorda et al. (2017) found that TSRs had larger relations with school
engagement and achievement in older students than in younger students.

5.2.3.3 Students’ and Teachers’ Gender

Both students’ and teachers’ gender are of great interest in TSR research, as evidenced
by the amount of research looking into possible differences between female and male students

in their relationships with their teachers. Prior meta-analyses resulted in mixed findings and
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indicated that male students’ TSRs are linked more closely to behavior problems than female
students” TSRs (Ali et al., 2015), whereas female students’ TSRs have stronger relations with
negative academic emotions than male students’ TSRs (Lei et al., 2018). These differences
could originate from gender differences in the outcomes. For instance, male students may face
more behavioral problems in school (Hamre & Pianta, 2001). The differences could also be
explained by gender differences in TSRs, with female students receiving more social support
(Rueger et al., 2008) and profiting more from it in terms of their well-being than male students
(Chu et al., 2010). Concerning teachers, Cornelius-White (2007) found that female teachers
enjoyed more success than male or mixed teacher groups in building positive relationships.
Taken together with gender differences in attachment styles (Levy et al., 2011), this extant
literature hints that gender potentially plays a moderating role in relations between TSRs and
student outcomes.

5.2.3.4 Other Moderators

We found that several other unpreregistered variables had been examined multiple times
in the meta-analytic literature. The extant literature lacks integrated information about variables
potentially moderating the TSR-outcome relation at the meta-analytic level. Such information
is critical for mapping existing meta-analytic evidence, evaluating its credibility, and potentially
explaining heterogeneity in the effect sizes between meta-analyses (see Cooper & Koenka,
2012).

A school’s location (e.g., whether a school was in a rural or urban area) was examined
in three of the meta-analyses with diverging results. Other frequently researched potential
moderators could also be identified through the meta-analytic literature (e.g., teaching
experience and ethnicity). In addition, characteristics of the meta-analytic sample (e.g., overall
meta-analytic sample size), the publication of the meta-analyses (e.g., publication status), the
TSR and outcome measures included in the meta-analyses (e.g., definition of the TSR, the type
of outcome, and outcome informant), and the quality of the meta-analyses (e.g., transparency
of the reporting, selection of a meta-analytic baseline model) may moderate TSR-outcome
relations at the level of meta-analyses. Mapping variables that might influence the strength of
TSR-outcome relations also on the meta-analytic level helps researchers plan their TSR-related
studies and helps educators consider these factors to improve TSRs. As this type of evidence is
based on several large meta-analyses, it can uncover findings that can broaden knowledge about
the factors that facilitate and hamper positive TSR development. These can be highly robust
findings because, if one variable moderates TSR-outcome relations in the same way in different

meta-analyses, we can infer that this moderating effect will hold for different samples and
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across different circumstances. Thus, a list of moderators has great value for researchers and

educators alike.

5.3 Quality of Meta-Analyses Reporting TSR-Outcome Relations

The quality and critical appraisal of primary studies and meta-analyses are crucial
because educational and political stakeholders often draw on such syntheses of evidence to
inform their practice (Schalken & Rietbergen, 2017). Whereas reviews of meta-analyses bring
robust evidence and have high practical use, they also frequently show large differences in
methodological quality in the meta-analyses in their field (as done in, e.g., Jansen et al., 2022;
Schneider & Preckel, 2017). Consequently, they have also highlighted the need to consider
methodological quality, reproducibility, and statistical power when evaluating the credibility
and robustness of meta-analytic findings. Here, methodological quality refers to aspects of
reliability, validity, and sound methodology; reproducibility can be translated into whether data
and analytical code are made available; and statistical power indicates the certainty with which
an effect size of interest can be detected with the sample and statistical method at hand. A
critical appraisal and clear reporting of these three aspects of quality is crucial, especially in the
field of TSRs, where students’ school success and well-being are the outcomes.
5.4 Why Evidence From Systematic Reviews of Meta-Analyses and SOMAs Can Help

Researchers Better Understand TSR-Outcome Relations

The synthesizing of research syntheses is a phenomenon that has arisen in the last 30
years (Cooper & Koenka, 2012). In parallel to the systematic review and meta-analysis, we
statistically synthesized the results of the included meta-analyses narratively and statistically—
thus, we conducted SOMAs. We applied the same analyses for moderators, publication bias,
and study quality as in the first-order meta-analyses. Figure 4 shows the structure of the present

review of meta-analyses and the SOMAs.
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Figure 4. Structure of the Data in our Review of Meta-Analyses and Second-Order Meta-
Analyses
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With this combination of techniques, an overview of the TSR research field can be
generated and even restructured with novel insights into relations, moderators, and the
methodological quality of TSR research (see, e.g., Hattie, 2008). As we used statistical SOMAs,
our results can be quantified, making them easier to compare with prior research and interpreted
for use in research, teaching, and relationship building between teachers and students. All in
all, there are at least four good reasons to conduct a review of meta-analyses and a SOMA in
TSR research:

1. To summarize the (correlational) evidence on TSR-outcome relations that are
defined by similar research questions, variables, or samples: provide mean effect
sizes, compare them between different outcomes, and identify research gaps for
future TSR research.

2. To identify important moderators and mediators in the TSR literature: provide a
list of moderators that are of high interest in TSR research and interpret their

impact on TSR-outcome relations.
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3. To map the quality of existing meta-analyses in TSR research: We can explain
discrepancies from differences in quality between the TSR meta-analyses and
consider their contribution in light of quality indicators (Shea et al., 2007).

4. To suggest future TSR research that will close existing knowledge gaps (Cooper
& Koenka, 2012): give direction with respect to which topics require more
research and which TSR-outcome relations are understood well enough to direct
resources elsewhere.

Prior reviews of meta-analyses and SOMAs have already done great work in mapping
the educational psychology landscape (e.g., Hattie, 2008; Jansen et al., 2022; Schneider &
Preckel, 2017). The present study aims to add to this work by achieving all four points listed
above for the research field of TSRs.

5.5 The Present Study
In the present study, we examined the relations between TSRs and pre-K-to-12 students’
academic, behavioral, socioemotional, motivational, and general cognitive outcomes in the
meta-analytic literature. Specifically, we provide an overview of these relations, moderators,
and methodological quality in the meta-analytic literature on TSRs, following the Meta-
Analysis Reporting Standards (APA Publications and Communications Board Working Group
on Journal Article Reporting Standards, 2008). We performed a systematic review of meta-
analyses and conducted SOMAss to address the following research questions (RQs):
RQI1: According to the findings of existing meta-analyses, to what extent are TSRs related
to student outcomes? (Weighted average effect sizes)

RQla: To what extent are TSRs related to academic, behavioral, socioemotional,
motivational, and general cognitive outcomes?

RQ1b: To what extent are positive and negative student outcomes related to TSRs?

RQlc: To what extent are positive and negative TSRs related to student outcomes?

RQ2: To what extent can heterogeneity in the TSR-outcome relations be explained?

(Moderator effects)

RQ2a: Which characteristics of the primary studies (e.g., publication, sample,
construct, measurement) and the meta-analyses moderate the TSR-outcome
relations in the prior meta-analyses?

RQ2b: Which characteristics of the meta-analyses moderate the TSR-outcome
relations in our SOMAs?

RQ3: What is the methodological quality of the meta-analyses we included? (Quality of

the meta-analyses)
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RQ3a: What are the levels of the indicators of the quality of the meta-analyses?

RQ3b: What is the statistical power of the effects reported in the meta-analyses?

RQ3c: To what extent are the meta-analytic findings on the TSR-outcome relations
sensitive to the quality of the meta-analyses?

Concerning RQ1, we hypothesized that the meta-analyses would provide evidence of
positive relations between TSRs and positive measures of students’ academic, behavioral,
socioemotional, motivational, and general cognitive outcomes (e.g., school grades, school
attendance, general well-being, intelligence). Likewise, we hypothesized that the meta-analyses
would provide evidence of negative relations between TSRs and negative measures of the
outcomes (e.g., school dropout, aggressive behavior, bullying, sadness). Concerning RQ2, we
hypothesized that the meta-analyses would provide evidence of the moderating effects of
primary study characteristics, such as sample characteristics (e.g., grade level) and the
measurement characteristics of TSRs. Given the limited evidence from prior research, we did
not specify any hypothesis for RQ3 on the methodological quality and reproducibility of the

included meta-analyses.

5.6 Method
5.6.1 Preregistration, Transparency, and Openness

We preregistered the literature search parameters, stopping rules for data collection,
variables, hypotheses, and planned analyses in the Open Science Framework at
https://osf.io/j2emf/?view_only=0ba8c8b41d584901a0484dcec4f64d91 [anonymized link,
blinded for peer review]. Before the preregistration, we performed a scoping search to get an
overview of the literature base and to check the feasibility of our systematic review of meta-
analyses. In the following sections, we report the search terms, searched databases, and
inclusion and exclusion criteria. We also provide the original call for meta-analyses, a
preliminary codebook, a coding template with potential moderators, and the initial screening
forms. The Supplemental Material contains the data (S1), the codebook (S2), and the analytical
code (S3), the detailed documentation of the literature database search (S4), the back-and-forth
search (S5), the gray literature search (S6), the call for meta-analyses (S7), and the updated
screening forms (S8). We updated the preregistration on August 21, 2023, to report minor
amendments we have made. To achieve full transparency and reproducibility, the Supplemental
Material and  the analytic code are accessible via the OSF at
https://osf.io/6v7um/?view_only=75194e53673349f7b5b63f3bbftbe1f0 [anonymized link,
blinded for peer review]. In the manuscript, we report how we determined our sample size, all

data exclusions (if any), all manipulations, and all measures in the study.
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5.6.2 Literature Search

Our literature search was focused on meta-analyses that were published and unpublished
(e.g., dissertations) and listed in the following databases: Education Research Complete
(EBSCO), ERIC, PsycINFO, Scopus, and Web of Science. Between March 28 and April 4,
2022, a research librarian searched Titles, Abstracts, and Keywords, using the search terms in
Appendix A (see Supplemental Material S4 for the exact search terms for each database). We
included publications in any language, but the search terms were all in English.

To mitigate potential publication bias, we also searched for gray and unpublished
literature in alternative databases with adapted search terms, and we documented the search
outcomes. More specifically, we searched for gray literature in Google Scholar, EASY,
PsyArXiv, and ResearchGate on March 31, 2022 (see Supplemental Material S6 for the exact
search terms, number of publication entries, and results from the gray literature search.
Furthermore, we contacted authors of meta-analyses in the field of TSRs and the German
Psychological Society (Deutsche Gesellschaft fiir Psychologie, DGPs) with a 4-week deadline
and a reminder after 2 weeks to elicit further (un-)published meta-analyses (see Supplemental
Material S7). Finally, we hand-searched the reference lists of eight meta-analyses for additional
publications (i.e., Chu et al., 2010; Cornelius-White, 2007; Kincade et al., 2020; Krause, 2020;
Lei et al., 2016; Nurmi, 2012; Roorda et al., 2017; Vandenbroucke et al., 2018) in a back-and-
forth search (see S5).

The main literature search yielded 4,190 publications, the gray literature search yielded
an additional 9 publications, and the back-and-forth search yielded 6 more publications. We
removed duplicates in Endnote (following the procedure by Bramer et al., 2016) and uploaded
3,573 publications to the software Covidence (www.covidence.org). Using Covidence, we
deduplicated the publications again and submitted 3,342 publications to the Title and Abstract
screening. Figure 5 summarizes the literature search, deduplication, and screening procedures
for all references. Supplemental Material S9 contains a list of the excluded publications and the

reasons for their exclusion.
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Figure 5. Flowchart Summarizing the Literature Search and Selection
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5.6.3 Screening and Selecting Meta-Analyses

The screening procedure comprised two steps—an initial screening of Titles and
Abstracts and a full-text screening. In the initial screening, the first author and a research
assistant double-screened 689 out of 3,404 references (approximately 20% of the studies) and
achieved 99% agreement with Cohen’s k = .77. Disagreements were resolved in a discussion.
Next, we conducted the full-text screening. We double-screened 34 out of 109 references
(approximately 31%) and achieved 91% agreement with Cohen’s k = .72. Supplemental
Material S10 presents the exact agreement and Cohen’s k values for both screening steps. The
numbers of references dealt with in these steps were larger than those depicted in Figure 5
because more duplicates were identified and removed during the screening. Following the two
screening steps, we included all studies that fulfilled the following four criteria:

1. The meta-analysis conducted a systematic search and a quantitative/statistical
analysis of the included primary studies.

2. The meta-analysis reported at least one weighted average effect size of the
relation between at least one of the aspects of TSRs (definition as used in Roorda
et al., 2017) and students’ academic, behavioral, socioemotional, motivational,
and general cognitive outcomes.

3. At least 75% of the samples in the meta-analysis consisted of young people
enrolled in formal education. More specifically, we included children in
prekindergarten, kindergarten, preschool, primary/elementary school, middle
school, and high school (i.e., pre-K-to-12 students).

4. At least 75% of the sample in the meta-analysis were reported healthy and not
diagnosed with a disorder or medical condition.

Furthermore, we excluded meta-analyses if:

1. Participants were not human.

2. The Abstract, full text, or secondary sources reporting the results of the study
were not available.

3. The publication narratively synthesized research results, not providing any
weighted average effect size of the intended relation (i.e., qualitative or narrative
reviews).

4. TSRs were mostly operationalized as administrative or organizational (e.g.,
giving away lunch vouchers or providing classroom organization) rather than

affective.
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5. An updated and more comprehensive meta-analysis existed. In this case, we
included the updated meta-analysis in the quantitative analyses, but all meta-
analyses were retained in the qualitative synthesis. Meta-analyses with more
primary studies were included instead of meta-analyses with fewer studies.

6. An article synthesized international large-scale assessments of different
countries rather than separate studies. This criterium was included to comply
with the definition of meta-analyses above. Although these studies may be
eligible for individual-participant meta-analyses (see Campos et al., 2023), they
often do not report the same statistics as meta-analyses and are not based on
systematic literature searches or screening steps.

7. The article was a review of meta-analyses (e.g., Hattie, 2008). In these cases,
only the relevant meta-analyses reported therein were included to avoid giving
more weight to meta-analyses that were included both individually and in a
review of meta-analyses.

A total of 24 meta-analyses were eligible for the narrative synthesis.
5.6.4 Overlap Between Meta-Analyses

After screening the meta-analyses, we reviewed their characteristics and assessed the
overlap in included primary studies. First, we checked the overlap in primary studies of the
included meta-analysis with the help of a cross-table in Appendix B (Pieper et al., 2014). We
considered two meta-analyses with an overlap of less than 50% in primary studies to be distinct
enough to quantitatively synthesize the TSR-outcome relation (see Cooper & Koenka, 2012).
When two meta-analyses overlapped in 50% or more of the primary studies, we described their
results narratively but did not use quantitative, inferential analyses. When a student outcome
was represented by only a single meta-analytic effect, we also excluded it from any quantitative,
inferential analyses. Second, in line with Pieper et al. (2014), we further considered similarities
in author teams. Two meta-analyses that had a study overlap of over 50% and were authored
by the same team were removed from the quantitative synthesis, and we narratively indicated
the lack of independence in author teams in the narrative review sections. Third, similar to
Jansen et al. (2022), we quantified the extents to which the meta-analyses were up-to-date by
showing the publication range of the primary studies and meta-analyses.

Specifically, out of the 24 eligible meta-analyses, two clusters overlapped by more than
50% of the included primary studies. A total of 54% of Vandenbroucke et al.’s (2018) meta-
analytic sample was contained in the meta-analysis by Li et al. (2021). Similarly, Roorda et

al.’s (2017) update encompassed over 80% of the studies included in both their prior meta-
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analyses (i.e., Roorda et al., 2011, 2014). These earlier studies were excluded from quantitative
synthesis but were retained for the narrative synthesis. Later in the process, we also excluded
the meta-analysis by Moore et al. (2019), who reported tau-U, which could not be meaningfully
transformed into Pearson’s 7 correlations. Overall, 20 meta-analyses with kzs = 79 effect sizes
were eligible for the quantitative synthesis, and 24 meta-analyses with kgs= 116 were submitted
to the coding for the narrative synthesis.
5.6.5 Coding of Meta-Analyses

The first and the third authors independently extracted and coded the data from the full
texts. Several meta-analyses did not report crucial information, such as the sample sizes, age,
or other sample characteristics. In such cases, we contacted the authors and asked them to
provide the missing information. After 2-6 weeks and a reminder, most authors kindly provided
the missing information. In addition to the statistical relation between TSRs and outcome
variables, the characteristics of the publication, sample, measurement, and meta-analysis were
coded. Both coders were trained to use the coding scheme on six randomly chosen meta-
analyses (25% of the 24 included references). With a new set of six meta-analyses, the two
coders reached an interrater agreement of 93%. Disagreements were resolved through
discussion. The coding of the methodological quality reached an agreement of 93%. In the
following, we present the coding of the key variables in our systematic review. The coded data
are contained in Supplemental Material S1. All coded variables, their respective categories, and
examples are detailed in the Codebook in Supplemental Material S2.

5.6.5.1 Characteristics of the Meta-Analyses

For the characteristics of the meta-analyses, we coded the literary reference, publication
year, publication type (journal article, conference paper, dissertation, or preprint), publication
status (published study vs. gray literature), institutional affiliation of the corresponding author,
effect size type (e.g., Cohen’s d, Pearson correlation r), weighted average effect size(s), quality
of evidence rating score (assessed with the AMSTAR as explained below; see Shea et al., 2007),
the meta-analytic model used to generate the weighted average effect size (e.g., multilevel
random-effects meta-analysis), and whether publication bias was analyzed (yes/no).

5.6.5.2 Characteristics of the Included Primary Studies and Samples

For the sample characteristics, we coded the gender composition (percentage of female
students in the sample), the range of the publication years of the primary studies, study designs
(correlational, experimental, longitudinal, interventional), the number of effect sizes from the
primary studies included in the meta-analysis, the number of students/teachers/classrooms

included, students’ average age (in years), age range (in years), students’ aptitude (special
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education, at-risk of low 1Q, average or not specified, high IQ, intellectually gifted), whether
students were reported to be part of an ethnic minority (yes/no) or of a social minority (e.g.,
being LGBTQ, disabled, or having a migration history; yes/no), and the grade level(s) of the
sample(s) (i.e., prekindergarten, kindergarten, preschool, primary/elementary school, middle
school, high school).

5.6.5.3 Measurement Characteristics

For the measurement characteristics of TSRs and the outcome variable(s), we coded the
description of the TSR assessment, the level of the TSR assessment (dyadic, classroom level,
both, or other), the modality of the TSR (positive vs. negative aspects), the facet of the TSR
(e.g., teacher liking, teacher friendliness, and others), the informant on TSRs used in most
primary studies (parents, teachers, children, peers, expert observers, a combination of these
options, or other), the description of the students’ outcome variable(s), the description of the
measurement of the students’ outcome variable(s), the level of the outcome assessment (dyadic,
classroom level, mixed, or others), the type of outcome (academic, behavioral, socioemotional,
motivational, and general cognitive outcome), the informant(s) of the outcome variable(s)
(parents, teachers, children, peers, expert observers, a combination of these options, or other),
the informant used in most primary studies (parents, teachers, children, peers, expert observers,
a combination of these options, or other), and which moderators were found to be significant
and nonsignificant.

To examine the relations between TSRs and the academic, behavioral, socioemotional,
motivational, and general cognitive outcomes, we combined the outcome variables into clusters
post hoc. With this approach, we wanted to map and categorize the types of outcomes examined
in the meta-analyses while retaining the authors’ definitions of the respective constructs.
Inspired by Chu et al.’s (2010) and Wang et al.’s (2020) conceptualizations, we combined effect
sizes by pooling similar constructs into nine outcome clusters: (a) Academic Achievement, (b)
Academic Emotions, (c) Appropriate Behavior, (d) Behavior Problems (recoded), (¢) Bullying
(recoded), (f) Executive functions and Self-Control, (g) Motivation, (h) School Belonging and
Engagement, and (i) Well-Being.

In addition to these clusters, we compared student outcomes that were originally
assessed as positive or negative outcomes (recoded). Here, we distinguished between desirable
or beneficial outcomes (e.g., positive school achievement and emotions) and adverse or
undesirable outcomes (e.g., bullying and behavior problems). Similarly, we distinguished
between positive TSRs, which are characterized by warmth and closeness, and negative TSRs

(recoded), which are characterized by conflict and dependency. These clusters are described in
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greater detail and illustrated in Appendix C. In three cases, constructs appeared only once, could
not be assigned to a cluster, and were thus omitted. The data set in Supplemental Material S1
presents the full list of choices we made to combine student outcomes and TSRs into the clusters
above.

5.6.5.4 Weighted Average Effect Sizes

For the statistical indicators, we extracted the weighted average Pearson correlations 7
and their respective standard errors if they were available. If Pearson correlations were not
available, we extracted alternative effect sizes (e.g., Cohen’s d) and transformed them into
Pearson’s r, using the formulas described in Borenstein et al. (2009). We coded multiple
weighted average effect sizes per meta-analysis if they were based on either different samples
or different constructs. If two effect sizes were reported for the same sample and the same
constructs, we retained the one obtained from the random-effects model rather than the fixed-
effects model to account for possible heterogeneity in the meta-analytic data. The 24 meta-
analyses provided 116 effect sizes for a total sample of over 2 million pre-K-to-12 students.

5.6.5.5 Opverall Sample Sizes in the Meta-Analyses

Several meta-analyses reported the number of participating students only at the level of
the meta-analysis and not at the level of the individual effect size (Chu et al., 2010; Givens
Rolland, 2012; Li et al., 2021; Roorda et al., 2021; Wang et al., 2020). In these cases, we
estimated the number of students relevant to our research question as follows: We divided the
total sample by the number of all primary effect sizes and multiplied it by the number of primary
effect sizes relevant to our research question. When meta-analyses also failed to provide the
total number of participating students (i.e., Korpershoek et al., 2016; Wilkinson, 1980), we
estimated the sample size as the average number of students per effect size across all included
meta-analyses. The average number of students per meta-analytic effect sizes was over 27,000
when the estimate was computed in this way.

5.6.5.6 Quality of the Meta-Analyses

Similar to the meta-analyses of primary studies, the critical appraisal of systematic
reviews and meta-analyses of meta-analyses is a key step in evaluating the quality and
credibility of the evidence (Johnson, 2021). To assess the quality of evidence from the meta-
analyses, we coded a total of 16 items. We adapted these items from the 11-item AMSTAR
rating scale (Shea et al., 2007) and added two items about the availability of the statistical syntax
and the data sets to capture reproducibility and three items on further aspects of methodological
quality. The latter three items pertained to the statistical procedure the authors used to pool

effect sizes, whether moderator analyses were performed, and which kind of publication bias
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analyses were performed in the meta-analyses (e.g., Jansen et al., 2022). All items could be
answered with either yes or no and were not weighted. Moreover, we did not weight the effect
sizes by primary study quality (e.g., Tod et al., 2022; Wedderhoff & Bosnjak, 2020). Given the
correlational design of the meta-analyses, we used the AMSTAR rather than AMSTAR 2
checklist due to its good psychometric quality (Shea et al., 2009).
5.6.6 Analysis of the Meta-Analytic Data

As noted earlier, we synthesized the meta-analytic effect sizes quantitatively for the
subset of 20 meta-analyses, whereas we synthesized all 24 meta-analyses narratively. Except
for RQ2a and RQ3a, we addressed all other research questions quantitatively. Following model
testing and selection, we conducted SOMAs to examine RQ1 (weighted average effect sizes)
and RQ2b (moderator effects). To address RQ3a, we narratively reviewed the quality indicators
of the meta-analyses and mapped the resultant levels of methodological quality. To address
RQ3b, we calculated the statistical power of the reported, meta-analytic effects. Finally, to
address RQ3c, we examined the possible moderating effects of methodological quality. The
data set and the analytic code are stored in the Supplemental Materials S1 and S3. Parts of the
analysis scripts were adapted from Emslander and Scherer (2022), Jansen et al. (2022), and
Quintana (2023).

5.6.6.1 Publication Bias

Publication bias describes the phenomenon in psychological research that
nonsignificant results are less likely to be published (Egger et al., 1997; Ferguson & Heene,
2012). To avoid replicating selectively published findings in the meta-analysis, we assessed
publication bias at the level of the included meta-analyses instead of the primary studies.
Specifically, we graphically inspected all 79 meta-analytic effect sizes using contour-enhanced
funnel plots. These plots show all meta-analytic effect sizes and their standard errors centered
around zero. Different shades of color indicate their level of statistical significance (Peters et
al., 2008). If publication bias is present, then the distribution of effect sizes should be skewed
to either side at the base of the funnel. In the absence of publication bias, the spread of the effect
sizes should be roughly symmetrical, with effect sizes with larger standard errors evenly
distributed around the base of the funnel (Egger et al., 1997).

5.6.6.2 SOMAs

Whereas Cooper and Koenka (2012) found three effective ways to aggregate findings
from reviews and meta-analyses—namely, to focus on (a) the differences between reviews; (b)
the quantitative aggregation of meta-analytic effect sizes in a SOMA; or (c) the quantitative

aggregation of primary effect sizes in a new meta-analysis (see Polanin et al., 2017)—we used

61



Study 1

only their first and second approaches. Specifically, we described possible differences between
meta-analyses narratively and synthesized the reported weighted average effect sizes
quantitatively. To this end, we conducted a series of SOMAs and moderator analyses.

To address RQ1, we first conducted a SOMA with the kes = 79 eligible effect sizes to
estimate an overall, second-order effect. Next, we conducted multiple SOMAs with subsets of
the meta-analytic data: (a) positive versus negative TSR variables; (b) positive versus negative
student outcomes; and (c) outcome clusters with more than one effect size representing
academic achievement, academic emotions, appropriate behavior, behavior problems, bullying,
executive functions and self-control, motivation, school belonging and engagement, and well-
being. To address RQ2, we narratively described important moderators in the included meta-
analyses (RQ2a) and conducted a moderator analysis that was based on the SOMA baseline
model (RQ2b). To address RQ3, we narratively reviewed the methodological quality and
statistical power at the level of the included meta-analyses (RQ3a, RQ3b) and estimated
moderator effects (RQ3c). We used the R packages “metafor” (Viechtbauer, 2010) and
“dmetar” (Harrer et al., 2019) to conduct the SOMAs.

In contrast to meta-analyses of primary studies, where the number of participants can
be used to calculate standard errors (Borenstein et al., 2009), we used the standard errors of the
weighted average effect sizes reported in the meta-analyses instead. In a SOMA, this standard
error contains both the sampling variances and the heterogeneity between or within primary
studies in a meta-analysis (Schmidt & Oh, 2013). Using the weighted average effect sizes (7%)
and their standard errors, we estimated a second-order meta-analytic correlation between TSRs
and student outcomes (') with inverse-variance weighting.

Given the dependencies between the multiple correlations reported in a meta-analysis,
we assumed that a multilevel data structure was needed to describe the variation within and
between the meta-analyses (e.g., Van den Noortgate et al., 2013). To select an appropriate meta-
analytic baseline model, we compared several random-effects models and a standard fixed-
effects model. For the entire data set of meta-analytic effect sizes, we assumed (a) a three-level,
hierarchical data structure with variances at the levels of the primary studies, within meta-
analyses, and between meta-analyses; and (b) correlated effects, because multiple effect sizes
were based not only on multiple samples but also on multiple outcome measures. As a
consequence, our hypothesized baseline model was a three-level random-effects model with
correlated effects (CHE model; see Pustejovsky & Tipton, 2021). Given the small number of
effect sizes, we assumed a constant correlation between effects and examined the sensitivity of

the SOMAs to the choice of this correlation. When subsetting the data to meta-analyses that
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focused on specific outcomes, we re-evaluated the baseline model again and adjusted it if
necessary. Hence, the SOMAs were not based on a single, unifying model.

To evaluate the models, we compared their information criteria—including Akaike’s
Information Criterion (AIC), the Bayesian Information Criterion (BIC), and the corrected AIC
(AICc; Cavanaugh, 1997)—and performed likelihood-ratio tests. Smaller values of the
information criteria indicated a preference for a model. Variances were estimated via the
confidence intervals and standard errors obtained through restricted maximum-likelihood
estimation with the R-Package “metafor” (Viechtbauer, 2010). To further examine the
sensitivity of the SOMAs to the choice of standard error, we obtained cluster-robust standard
errors using the R package “clubSandwich” (Pustejovsky, 2022), and we compare their results
in Supplemental Material S11.

Given the small number of effect sizes, we assumed a constant correlation between
effects and examined the sensitivity of the SOMAs to the choice of this correlation.

To evaluate the sizes of the weighted average effects extracted from the meta-analyses,
we considered » = .10 to indicate a small effect, » = .20 a medium effect, and » = .30 a large
effect (Funder & Ozer, 2019; Gignac & Szodorai, 2016; Paterson et al., 2016). We did not apply
Cohen’s (1988) benchmarks (» = .10 as small, » = .30 as medium, and » = .50 as large effects),
because these effects are considered too large for the science of psychology (Richard et al.,
2003). Instead, we drew on the abovementioned recommendations that are specific to the field
of psychology.

We calculated Cochran’s Q to examine whether the weighted average effect sizes were
heterogeneous across meta-analyses. A statistically significant Q value indicates heterogeneity
within the distribution of effect sizes, whereas a statistically nonsignificant O value indicates
homogeneity (Ellis, 2010). Furthermore, we calculated the I° indices for the heterogeneity

estimates within (f(zz)) and between meta-analyses (f(zg)). The P index indicates the proportion

of variance introduced through heterogeneity above and beyond the standard error provided by
the meta-analyses. It can be categorized as low (25%), moderate (50%), or high (75%)
heterogeneity (Higgins et al., 2003). Cheung (2014) defined the level-specific I indices for a
three-level random-effects model as follows:
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where  is the variance component captured by the standard error of the effect size in the meta-

analysis.
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5.6.6.3 Moderator Analyses

To address RQ2a, we narratively reviewed all moderators that were assessed at least
twice in the meta-analytic literature. To address RQ2b and RQ3c, we conducted moderator
analyses for the publication, sample, measurement, and quality characteristics. We extended
the three-level random-effects model (i.e., the SOMA baseline model) to a mixed-effects (meta-
regression) model by adding the potential moderating variables. To facilitate the interpretation
of some moderator effects, we z-transformed the students’ average age, mean-centered several
continuous moderators, arcsine-transformed proportions (e.g., the percentage of female
students in the sample to represent the gender composition; see Schwarzer et al., 2019), and
dummy-coded categorical and ordinal moderators with more than two categories (e.g., school
status) into multiple binary variables. Finally, we quantified the variance explained by the

moderators as the proportional reduction in the level-specific heterogeneity estimates (R(Zz) and
R(23) , respectively) when comparing the model with the moderators with the model without the

moderators (see Cheung, 2014).

5.6.6.4 Evaluation of Methodological Quality and Reproducibility

To address RQ3, we evaluated the methodological quality, reproducibility, and
statistical power of the included meta-analyses. More specifically, to assess the validity of the
meta-analyses and to identify potential issues of quality, we used 16 items partly adapted from
the AMSTAR checklist (a measurement tool for the assessment of multiple systematic reviews;
Shea et al., 2007). We reviewed them narratively (RQ3a) and entered all the items separately
into the moderator analyses. We also added them together to form a sum score representing
overall study quality (RQ3c). A critical discussion of this approach can be found elsewhere
(e.g., Wedderhoff & Bosnjak, 2020).

5.6.6.5 Calculating the Statistical Power of the Meta-Analyses

To complement our selection of methodological quality indicators, we calculated the
statistical power of each included meta-analysis with the R package “metameta” (Quintana,
2023). To further supplement the visual assessment of statistical power, we constructed a
fireplot to indicate the statistical power for all included meta-analyses on a range of true effect
sizes and the respective mean effect sizes found by the meta-analyses (RQ3b). We constructed
the fireplot at the level of the meta-analytic effect sizes with the R package “metaviz”

(Kossmeier et al., 2020b, 2020a; Quintana, 2020).
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5.7 Results
5.7.1 Description of the Included Meta-Analyses

Table 1 provides an overview of the included meta-analyses. The design, sample, and
measurement characteristics of the 24 included meta-analyses are described in the data in
Supplemental Material S1. Supplemental Material S12 shows the abstracts of the included
meta-analyses. Overall, the present sample included 24 meta-analyses and 116 effect sizes.
Twenty-one of the 24 meta-analyses reported multiple effect sizes, ranging from 1 to 1,475
effect sizes per meta-analysis. The effect sizes stemmed from 22 published journal articles and
two gray literature doctoral dissertations (Cherne, 2008; Wilkinson, 1980). Eleven meta-
analyses were first-authored by researchers from institutions in the US and Canada, whereas
eight of the meta-analyses originated from Europe, four from Asia, and one from Australia. All
meta-analyses drew on student samples with average 1Q. None of the meta-analyses explicitly
focused on ethnic minorities, and two included social minorities. More than half of the effect
sizes (59%) were based on the measurements of TSRs on the dyadic level, whereas 31% used
measures on the classroom level, and 10% drew on both. Most meta-analyses focused on
positive rather than negative student outcomes (17 with kgs = 54 vs. seven with kgs = 25) and
positive rather than negative TSRs (18 with kgzs = 54 vs. six with kgs = 25).

On average, the included meta-analyses drew on 231 primary studies, ranging from 16
to 1,475 (see Table 2). Our review of meta-analyses included more than 2 million students from
prekindergarten to high school. The students were mostly between 3 and 18 years of age, and
about half of them were girls and young women (M = 49.1%, SD = 4.5%). The included meta-
analyses were published between 1980 and 2022 with an increase since 2007 (see Figure S13
in the Supplemental Material). These meta-analyses drew on primary studies published between
1948 and 2020. Thus, the publication range was 42 years for the meta-analyses and 72 years
for the primary studies. Figure 6 shows the publication year range of the included meta-

analyses.
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Table 2. Continuous Characteristics of the Included Meta-Analyses

Continuous moderator kma  kes M SD Mdn Min Max

Descriptive results across all meta-analyses
Publication year 24 95 201442 858  2016.50 1980 2022

Age (mean in years) 6 11.16 3.61 12.04 5.20 15.00
Age (SD in years) 2 2 2.79 1.74 2.79 1.56 4.02
Age range (lower bound) 9 12 4.67 3.43 3.00 2.00 12.00
Age range (upper bound) 9 12 15.94 3.34 18.00 11.00 20.00
Gender composition 8 19 49.05 4.47 50.00 42.00 54.00
Number of primary studies 24 90 11.67 6.83 11.50 1 32
Number of primary effect 23 91 231.22 347.09 107.00 16 1475
sizes

Estimated sample size 23 86 97,597 148,095 57,798 382 651,014
Sample size 22 65 101,269 150,504 58,083 382 651,014
Total quality score 24 95 7.29 2.39 7.00 3.00 12.00
Descriptive results across all meta-analytic effect sizes

Publication year 20 79 2013.25 8.00 2012 1980 2022
Age (mean in years) 3 11.21 1.80 11.07 8.95 13.00
Age (SD in years) 1 2 4.15 0.19 4.15 4.02 4.29
Age range (lower bound) 6 12 5.44 2.96 4.55 3.00 12.00
Age range (upper bound) 6 12 15.38 3.01 17.25 12.00 18.00
Gender composition 6 15 48.31 4.26 50.00 41.97 54.00
Number of primary studies 19 78 20.86 41.17 7.00 1 297
Number of primary effect 20 79 57.95  199.62 8.00 2 1475
sizes

Estimated sample size 19 74 28,833 89,039 3,319 2 651,014
Sample size 15 58 34,879 99,836 3,157 2 651,014
Total quality score 20 79 7.01 1.91 6.00 3.00 12.00

Note. Publication year = the years in which the meta-analysis was published (not the primary
studies therein; Age range (lower/upper bound) = the quantifies the highest and lowest end of
the age range of the sample; ky4 = Number of included meta-analyses; kzs = Number of meta-
analytic effect sizes; Gender composition = Percentage of girls in the sample; Estimated sample
size = average of students per effect size across all included meta-analyses.
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Figure 6. Publication Year Range of the Primary Studies in the Included Meta-Analyses
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5.7.2 Preliminary Analyses

5.7.2.1 Model Selection

As noted earlier, we first selected a baseline model for the entire data set by estimating
and comparing several random-effects models and a fixed-effects model. The random-effects
models included (a) a three-level random-effects model assuming only hierarchical effects, (b)
a three-level random-effects model assuming a constant correlation of 0.5 between effects, and
(c) a standard random-effects model ignoring the effect size multiplicity in the meta-analyses.
Concerning (b), we chose a moderate average correlation between effects of 0.5 to capture both
substantially and weakly correlated measures. As part of our sensitivity analyses, we further
examined the impact of this choice on the pooled correlation in Supplemental Material S14.
Table 3 presents the fit statistics for all statistical models. Overall, we found a preference for
the three-level random-effects but chose the three-level random-effects model with correlated
effects as the baseline—due to its theoretical implications—for further moderator analyses that
were based on the full data set.

When subsetting the data by outcome cluster, the meta-analytic effects were likely

hierarchical and no longer correlated. Hence, we evaluated (a) a three-level random-effects
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model with hierarchical effects, (b) a standard random-effects model, and (c) a fixed-effects
model as the potential baseline model. Overall, we found that a standard random-effects model
fit the data best for the outcome clusters of academic achievement, academic emotions,
appropriate behavior, behavior problems (recoded to represent a positive correlation),
motivation, school belonging and engagement, and well-being. A fixed-effects model fit the
data best for the clusters of bullying (recoded) and executive functions and self-control, each
with only two effect sizes from the same study. For the clusters of negative and positive student
outcomes and for positive and negative TSRs, we found a preference for the three-level random-
effects model but chose the three-level random-effects model with correlated effects as the
preferred model for its theoretical implications. The model results were robust against different

constant sampling correlations (Supplemental Material S14).
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Table 3. Information Criteria and Log-Likelihood Values of the Meta-Analytic Models

Variable df  LogLik AIC BIC AlCc

Cross-classified four-level 4 23.15 -38.31 -28.88 -37.76
random-effects model with
the hierarchical effects,
), C3), and Ty freely
estimated

Three-level random-effects 3 21.16 -36.33 -29.26 -36.00
model with hierarchical and
correlated effects, 7°(2) and
73 freely estimated, r =
p=.5

Three-level random-effects 3 23.15 -40.31 -33.24 -39.98
model with hierarchical
effects, 7212 and 7° 3 freely
estimated

Standard random-effects 2 10.17 -16.35 -11.63 -16.19
model, °» = 0 and 73,
freely estimated

Fixed-effects model, %2 = 0 1 -4183.48 8368.95 837132  8369.00
and 7° 3= 0

Note. LogLik = Value of the Log-Likelihood; df = Degrees of freedom, AIC = Akaike
Information Criterion; BIC = Bayesian Information Criterion; AICc = corrected Akaike
Information Criterion.

5.7.2.2 Publication Bias Analysis

Figure 7 shows the contour-enhanced funnel plot for the full data set. Contour-enhanced
funnel plots for all SOMAs are presented in Supplemental Material S15. The moderator
analyses suggested no association between the sample sizes and the effect sizes. The full data
set yielded a nonsignificant Kendall’s T of -.07 (p = .390; see Figure 7). Hence, the funnel plot
did not exhibit substantial asymmetry. Moreover, the precision-effect test and precision-effect
estimate with standard errors (PET-PEESE) indicated that there was no significant association
between effect size and precision with B=-0.9, SE=0.6,p=.144and B=-3.5,SE=2.5,p =
158, respectively. Overall, this evidence did not uncover substantial publication bias, and we

therefore did not adjust the effect sizes for publication bias in subsequent analyses.
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Figure 7. Contour-Enhanced Funnel Plot of the Meta-Analytic Effect Sizes
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Note. Larger positive effect sizes indicate closer relations between TSRs and student outcomes.
Correlation coefficients on the x-axis are plotted against the standard errors on the y-axis for
every effect size. 7« = Kendall’s t value from Begg’s test.

5.7.3 Main Analysis: Pooled Correlations (RQ1)

To address RQ1, we conducted 14 SOMAs (see Figure 8)—one overall effect size for
the relation between TSRs and all student outcomes, nine effect sizes for the student outcome
clusters (RQ1a), two effect sizes for the positive and negative outcomes (RQ1b), and two effect
sizes for positive and negative TSRs (RQ1c). Table 4 provides the respective coefficients of
the 14 pooled TSR-outcome correlations, and Appendix C describes and illustrates these
outcome categories. Figure S16 in the Supplemental Material presents the respective forest
plots. For the SOMAs, all the expected correlations are positive to make the results more
comparable, as explained above. Consequently, the correlations between positive TSRs and
negative student outcomes are positive. In the narrative description, outside the SOMA context,
we report the meta-analytic effect sizes in their original direction. Overall, we found an average
correlation of 7 =.25 (95% CI [.17, .32]) for the relations between TSRs and all student

outcomes (see Figure 8).
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Figure 8. Overview of the SOMAs on the TSR-Outcome Relations

Overview of Second Order Meta-analyses

Second-order meta analyses F195% CI  kyy/ ks
Appropriate behavior . 34 (.15, .54] 6/13
School belonging and engagement . .30[.09, .52] 3/4
Bullying (recoded) l .29 [-.04, .62] 1/2
Motivation B 28[.12, .44] 3/5
Well-being B 27[.18, .36] 5/6
Behavior problems (recoded) . .24 (.10, .38] 6/17
Executive functions and self-control t ] 1 .211[.03,.39] 1/2
Academic emotions B 20[.10, .31] 3/8
Academic achievement . 9111, .27] 10/15
Positive outcomes '—.—1 25[.17, .34] 17/54
Negative outcomes (recoded) ‘ I | 21[.10,.31] 7125
Positive TSR . 241[.15, 33] 18/54
Negative TSR (recoded) . 221[.12,.32] 6/25
Overall . 25[.17, .32] 20/79
-0',1 0:0 011 0'2 0'_3 0',4 0',5 0’,6
Correlations 7
. Non-significant effect size . Significant effect size

Note. The second-order meta-analytic effect sizes are distributed from largest to smallest. All
effect sizes we expected to be negative were recoded to be positive (i.e., behavior problems,
bullying, negative outcomes, negative TSR) to render them comparable. Thus, a positive effect
size for a negative outcome (e.g., behavior problems) represents a negative correlation with
TSRs. The total effect size at the bottom represents the positive weighted average of all included
effect sizes. Generally, larger effect sizes signify stronger TSR-outcome relations.
ky4 = Number of included meta-analyses; kzs = Number of effect sizes; ¥ = Weighted average
correlation.

In addressing RQ1a, the SOMAs yielded several moderate, positive, and statistically
significant average correlations between TSRs and the academic, behavioral, socioemotional,
motivational, and general cognitive outcomes in prekindergarten and K-12 students ranging
from 7 = .19 to .34. More specifically, we found positive average correlations for appropriate
behavior (recoded, ¥ = .34, 95% CI [.15, .53]), school belonging and engagement (7 = .30, 95%
CI[.09, .52]), motivation (7 = .28, 95% CI [.12, .44]), general well-being (7 = .27, 95% CI [.18,
.36]), behavior problems (recoded, ¥ = .24, 95% CI [.10, .38]), executive functions and self-
control (¥ = .21, 95% CI [.18, .24]), academic emotions (7 =.20, 95% CI [.10, .31]), and
academic achievement (¥ =.19, 95% CI [.11, .27]). Furthermore, we found moderate average
correlations for bullying (recoded, ¥ = .29, 95% CI [-.04, .62]), which just missed statistical
significance (p = .057).
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To further examine whether these pooled correlations varied across outcome clusters,
we took an additional step: We extended the baseline model to a cross-classified random-effects
model by adding the level of outcome clusters and removing the assumption of correlated

effects. This model did not show a better fit to the data than the baseline model (see Table 3)
and did not exhibit variation between outcomes (T(24) =.000, 95% CI [.00, .00]), which were

therefore not significantly different (RQla: Q,[10, 68] = 0.395, p = .944).
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Table 4. Results of the SOMAs of the TSR-Outcome Relations

Clusters kvia kes T 95% CI SE t P o ) 0 Py P
Academic 10 15 .188 [.11,.27]  .037 5.05 <.001 .019 - 308.75%* .97 -
Achievement
Academic Emotions 3 8 .204 [.10,.31] .046 4.49 003 .011 - 290.63** .98 -
Appropriate 6 13 .343 [.15,.53] .088 3.88 002 .089 - 135.44** .96
Behavior
Behavior Problems 6 17 242 [.10,.38] .065 3.70 002 .068 - 3755.33%* 1 -
(recoded)

Bullying (recoded) 1 2 .290 [-.04, .62] .026 11.25 057 - - 1.69 - -
Executive functions 1 2 .210 [.18,.24] .014 1458 <.001 - - 2.17** - -
and Self-Control

Motivation 3 280 [.12,.44]  .058 4.80 009 .013 - 17.56** 81 -
School Belonging 3 4 .302 [.09,.52] .068 4.43 021 .018 - 86.36** .97 -
and Engagement

Well-Being 5 6 .267 [.18,.36] .034 7.76 001 .005 - 320.47* .97 -
Negative Outcomes 7 25 .207 [.10,.31] .051 4.03 001 .046 .000 8202.42%* 1 .00
(recoded)

Positive Outcomes 17 54 254 [.17,.34] .042 6.07 <.001 .007 .025 1333.79%* 22 77
Negative TSR 6 25 217 [.12,.32] .050 4.39 <.001 .044 .000 1797.62%* .99 .00
(recoded)

Positive TSR 18 54 237 [.15,.32] .044 5.40 <.001 .007 .029 2038.87** 20 .80
Overall 20 79 246 [.17,.32] .037 6.60 <.001 .021 .018 11770.75%* 53 46
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Note. All effect sizes we expected to be negative were recoded to be positive (i.e., behavior problems, bullying, negative outcomes, negative TSR)
to render them comparable. Thus, the mean correlations of TSRs with behavior problems, bullying, and general negative student outcomes can be
read as negative. Larger positive effect sizes indicate stronger TSR-outcome links. All clusters are further defined and accompanied by examples
in Appendix C. 7= Weighted average correlation, pooled from all effect sizes within the respective study; k14 = Number of included meta-analyses;
kes = Number of meta-analytic effect sizes; 7(2;3 = Heterogeneity at the effect size level (2) and the study level (3), respectively; O = Sum of squared
deviations of each effect size’s estimate from the overall meta-analytic estimate; I 2;3 = Heterogeneity indices at the effect size level (2) and the
study level (3), respectively.

*p<.05.**% p<.001.

74



Study 1

In addressing RQ1b, we found an average correlation between TSRs and positive
outcomes of 7 = .25 (95% CI [.17, .32]) and between TSRs and negative outcomes of 7 = .21
(recoded; 95% CI [.10, .31]). In addressing RQlc, the average correlation between student
outcomes and positive TSRs was 77 = .24 (95% CI [.15, .32]); for negative TSRs, it was 77 = .222
(recoded; 95% CI [.12, .32]). Neither pair of pooled effects differed significantly from the other
(RQ1b: Qu[1, 771 = 0.044, p = .834; RQlc: Qu[1, 77] = 050, p = .824).

When looking at the single meta-analytic effect sizes, we found the four largest
relations between conflicts in the TSRs and external problem behavior (7 = .57; Nurmi, 2012),
negative TSRs and externalizing behavior problems (7 = .55; Lei et al., 2016), teacher support
and school belonging (i = .46; Allen et al., 2018), and teacher support and intrinsic value in
classroom activities (7 =.40; Givens Rolland, 2012). We found the largest negative correlations
for anxious attachment to the teacher and external problem behavior (e.g., aggression,
hyperactivity; ¥ = -.37; Nurmi, 2012), conflicts in the TSR and well-being (encompassing
academic engagement, effort, effortful control, self-regulation, school avoidance, school
liking, task orientation; 7 = -.35; Nurmi, 2012), and a negative TSR and school engagement (©
=-31 and 7 = -.34; Roorda et al., 2011, 2014, respectively). For a full list of all the included
effect sizes, see Table 1 and Supplemental Material S1. Along with the effect sizes from
Kincade et al.’s (2020) intervention study, three meta-analytic effect sizes could not be clearly
categorized into any of the outcome clusters but still offered great informative value. These
were the relations between students’ perceptions of teacher acceptance and psychological
adjustment (¥ = .32; Ali et al, 2015), TSRs and socioemotional outcomes ( = .03;
Korpershoek et al., 2016), and supportive communication in school and school dropout (7 =
.14; Strom & Boster, 2007).

5.7.4 Narrative and Quantitative Moderator Analysis (RQ2)

First, we identified the most frequently analyzed moderators in the meta-analyses
(RQ2a). Second, we tested which characteristics of the meta-analyses, meta-analytic samples,
or constructs and their measurement moderated the TSR-outcome relation (RQ2b). To this end,
we conducted SOMA moderation analyses. The corresponding data set and the analytic code
are presented in Supplemental Materials S1 and S3

5.7.4.1 Narrative Review of the Moderators in the Meta-Analyses (RQ2a)

In the present review of meta-analyses, we coded all moderator analyses that were
conducted in the included meta-analyses. Table 5 shows these moderators for the TSR-outcome

relations ordered by the moderators, whereas Appendix D shows them ordered by the meta-
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analyses, and Supplemental Material S17 shows the moderator sections from the included

meta-analyses color-coded for each moderator. For more information about each moderator,

please refer to the moderators column in our data set in Supplemental Material S1 or to the

original article for each meta-analysis. The results of the moderator analysis are presented in

Table 5, and we discuss selected example moderators below.

Table 5. Moderators Analyzed in Included Meta-Analyses (Ordered by Moderator)

Moderating variable

Significant/nonsignificant
moderation in ka4

Description of the direction of the moderation
(meta-analytic level)

Student characteristics
Students’ age
Students’ gender
Students’ SES

Students’ ethnic
minority status

Teacher characteristics
Teachers’ gender

Teaching experience

Teachers’ ethnicity
minority status

Social-ecological factors
School location

Culture and
Country

Measurement characteristics
Informant
Outcome type

Publication characteristics
Publication year

Publication status

Sample size

10/5

6/2

3/2

3/1

3/1

2/2

4/0

1/2

2/4

5/0

2/0

0/2

0/2

0/4

3 favored primary school students, | favored lower
primary school students, 4 favored older students, 2 were
inconclusive

3 favored female students, and 3 favored male students

2 favored lower SES students, 1 favored higher SES
students

1 favored minorities, 1 favored nonminorities, 1 was
inconsistent

1 favored male teachers, 1 favored female teachers, 1 was
inconsistent
2 slightly favored teachers with more experience

1 favored minorities, 3 favored nonminorities

1 favored students in rural areas

2 found conflicting results

3 favored teacher reports, 1 favored multiple informants,
1 found conflicting results as to whether the same
informant was used to measure the TSR and the outcome

1 favored using test scores, 1 favored grades to measure
academic achievement
No significant effects found

No significant effects found

No significant effects found

Note. The table reports the number of meta-analyses (column 2) and outcomes (column 3) for
which the moderator (column 1) had a significant/nonsignificant influence. The direction of
the moderating effect is further described in columns 4 and 5. The list above shows moderators
that were tested in at least 2 of the included meta-analysis. The list contains only moderators
of the TSR-outcome link. k4 = Number of included meta-analyses.
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Students’ Age and Grade Level. Because younger children typically attend preschool,
kindergarten, or lower grades, whereas older children usually attend middle or high school, we
looked at the moderating effects of age and grade level on the TSR-outcome relations jointly.
Age/grade level were the most frequently examined moderators and occurred in 15 (out of the
24 included) meta-analyses. Four meta-analyses found a larger relation for younger students,
four for older students, two were inconclusive, and five were statistically nonsignificant. Meta-
analyses reporting stronger relations in younger students focused on the following outcomes:
academic achievement (Cherne, 2008; Wilkinson, 1980), appropriate behavior (Cherne, 2008),
executive functions (Vandenbroucke et al., 2018), and bullying (Krause & Smith, 2022). The
meta-analyses that found larger relations for older students did so for academic achievement
(Givens Rolland, 2012; Roorda et al., 2011, 2014; Tao et al., 2022), well-being (Chu et al.,
2010), and behavior problems (Roorda et al., 2021). Somewhat mixed moderator effects were
reported for academic emotions (Lei et al., 2016, 2018), with a tendency toward larger relations
with increasing age. Strom and Boster (2007) and Roorda et al. (2017) did not find any
moderating effects of age in their analysis on the relation between supportive communication
and school dropout or on the relations between TSRs and either academic achievement or
engagement.

Students’ Gender. The proportions of male/female students in the primary study
samples was the second most frequently examined moderator. Nine meta-analyses used student
gender as a moderator (Appendix D), eight of which specifically looked at the TSR-outcome
relation in their analyses (Table 5). Three meta-analyses found slightly stronger effects for all-
female versus all-male samples (Lei et al., 2016, 2018) and majority-female samples (Roorda
et al., 2014), implying that female students profit more from better TSRs than male students
do. Lei et al. (2016) found that positive TSRs had a larger relation with externalizing behavior
problems in an all-female sample but negative TSRs did not. Lei et al. (2018) reported that
TSRs were more strongly associated with negative academic emotions in an all-female sample
than in an all-male sample, but TSRs had the same associations with positive academic
emotions in male and female samples. Roorda et al. (2014) found stronger relations between
TSRs and achievement and engagement in samples with a majority of female students in four
of six TSR-outcome combinations.

Contrary to these findings, three meta-analyses found that positive TSRs had larger
relations with executive functions (Vandenbroucke et al., 2018) and school conduct (Ali et al.,
2015) and for three combinations of positive and negative TSRs with academic achievement

and school engagement (Roorda et al., 2011) in studies that included more male students.
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Roorda et al. (2011) also found larger effects in samples with more male students for three
combinations (positive/negative TSRs with academic achievement and school engagement),
but larger effects in samples with more female students for the relation between positive TSRs
and achievement. Cornelius-White (2007), Korpershoek et al. (2016), and Roorda et al. (2021)
did not find gender differences in relations between TSRs and positive student outcomes.

Students’ Socioeconomic Status (SES). SES was the third most frequently assessed
moderator and was included in five of the included meta-analyses. Two meta-analyses (Roorda
et al.,, 2011, 2014) with seven effect sizes uncovered stronger TSR-outcome relations in
students with lower SES. Vandenbroucke (2018) obtained mixed results with weaker TSR
relations with executive functions in low-SES samples in a between-study comparison but
stronger TSR-outcome relations for low-SES students within studies. Wilkinson (1980)
identified slightly higher correlations with reading gains for low-SES students compared with
high-SES students. For mathematics gains, she found a slightly larger effect on middle-SES
students compared with low- and high-SES students. Korpershoek et al. (2016) did not find
any moderating effect of SES on the relations between TSRs and behavioral, socioemotional,
motivational, and other outcomes.

Students’ Ethnic Minority Status. Moderation analyses of students’ ethnic groups
yielded mixed results with one meta-analysis finding larger TRS-outcome relations for students
with an ethnic minorities status, one for nonminorities, and one yielding inconsistent findings.
Specifically, Roorda et al. (2021) found that, in studies with more Caucasian student samples,
student-teacher dependency had a stronger positive association with academic achievement and
a stronger negative association with behavior problems. They did not find significant
moderating effects on school engagement, internalizing behavior, or prosocial behavior.
Similarly, Roorda et al. (2011) and Roorda et al. (2014) found that students’ ethnic minority
status made no difference in the TSR-outcome relation in three out of four and three out of five
analyses, respectively. Cornelius-White (2007) did not find any moderating effect of student
ethnicity on the TSR-outcome links. Hence, for most student outcomes, student ethnicity did
not moderate the TSR-outcome relation.

Teachers’ Gender. Eight meta-analyses investigated the moderating effect of teachers’
gender and found mixed results. Roorda et al. (2021) found stronger associations in samples
with fewer female teachers for student-teacher dependency’s relations with school engagement
and achievement. Cornelius-White (2007) identified female teachers as showing stronger
associations with learner-centered features than male teachers or unspecified samples. Roorda

et al. (2011) found the somewhat inconclusive result that samples with more male teachers
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showed larger TSR-school engagement associations, whereas this gender effect did not occur
when studies with secondary-school samples were excluded.

Teaching Experience. Four meta-analyses examined teaching experience as a potential
moderator. Roorda et al. (2011) and Roorda et al. (2014) found that the positive TSR-
achievement relation became stronger with every year of teaching experience. However, many
moderating effects in these meta-analyses—namely, the ones describing the relations between
positive TSRs and school engagement or between negative TSRs and school engagement and
achievement—yielded nonsignificant effects. At the same time, Roorda et al. (2021) and
Cornelius-White (2007) did not find any moderating effect of teaching experience.

Teachers’ Ethnic Minority Status. Out of the four meta-analyses investigating
teachers’ ethnic minority status as a moderator, three found larger TSR-outcome effects in
samples with larger proportions of ethnic majority teachers (i.e., Roorda et al., 2011, 2014,
2021). Cornelius-White (2007) found the opposite, namely, larger effects in samples with more
teachers of color than when the ethnic minority was not specified. There were no significant
effects when comparing teachers of color with Caucasian teachers.

School Location. Three meta-analyses examined differences between schools located
in urban, suburban, and rural areas as well as the potential effect of schools located in different
regions of North America. These meta-analyses generated dispersed results. Allen et al. (2018)
found significantly stronger TSR-school-belonging relations in rural areas than in urban areas
but mixed results for suburban areas. At the same time, Givens Rolland (2012) reported
significant correlations between TSRs and achievement for schools with a mixed or unreported
location but nonsignificant correlations for suburban and urban schools. She further found
larger relations between TSRs and prosocial factors in urban schools than in schools in
suburban and mixed or unreported areas. Cornelius-White (2007) did not find any moderating
effects of school location.

Culture and Country. Three meta-analyses focused on culture (Lei et al., 2016, 2018;
Tao et al., 2022) and another three on the country in which the student samples were located
(Allen et al., 2018; Korpershoek et al., 2016; Strom & Boster, 2007). Culture was defined as
whether the sample from the primary study had been recruited from an Eastern culture (broadly,
East Asia), a Western culture (e.g., Europe or North America), or another culture (e.g., Turkey).
Lei et al. (2016) found that Western students showed larger relations between positive TSRs
and externalizing behavior, whereas Eastern student samples showed larger relations between
negative TSRs and externalizing behavior problems. In their 2018 meta-analysis, Lei et al.

reported that Western student samples showed larger relations between TSRs and positive
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academic emotions, whereas Eastern student samples showed larger relations between TSRs
and negative academic emotions. Tao et al. (2022) did not find moderating effects of culture,
and Korpershoek et al. (2016), Allen et al. (2018), and Strom and Boster (2007) did not detect
any differences between countries in the TSR-outcome relations.

Informant. Informant effects (i.e., whether teachers, student peers, or students rated
the TSRs) were found in four out of the five meta-analyses that investigated this variable. All
four meta-analyses presented statistically significant moderating effects but with mixed
directions. Cornelius-White (2007) found larger effects when multiple perspectives were
combined or research focused on observers’ perspectives than teachers’ or students’
perspectives for behavioral or affective outcomes. Roorda et al. (2011) found that the TSR
informant was a significant moderator in all their moderator analyses. When looking at the
relation between TSRs and engagement, they found larger correlations when both TSRs and
achievement were rated by the same informant. When looking at the relation with school
achievement, by contrast, they found larger correlations for different informants. Endedijk et
al. (2022) found the largest correlations between TSRs and peer relations when teachers rated
the TSR, lower correlations for student ratings, and the lowest correlations for classmate/peer
ratings. Focusing on the relation between conflictual TSRs and peer aggression, Krause and
Smith (2022) found larger effect sizes for teacher- or peer-reports than for student self-reports
of the TSR. Lei et al. (2016) also found the larger effect for teacher ratings compared with
student-, peer-, or parent-ratings on the association between TSRs and academic emotions.

Overall, teacher ratings yielded stronger TSR-outcome relations than any other
informant in most meta-analyses. Results were inconclusive whether the same or different
informants for TSR and the outcome led to stronger associations.

Outcome Type. Tao et al. (2022) found significantly larger associations between TSRs
and teacher-assigned grades over standardized test scores. By contrast, Givens Rolland (2012)
found that studies using standardized test scores showed significant positive associations with
TSRs, whereas studies using teacher-assigned grades showed no such association.

Publication Year and Status. Neither Allen et al. (2018) nor Cornelius-White (2007)
found that publication year moderated the TSR-outcome relation. Similarly, neither Cherne et
al. (2008) nor Cornelius-White (2007) found publication status to be a moderator.

Sample Size. Four meta-analyses investigated the moderating effect of sample size as
part of their publication bias assessment (see Table 5). Cornelius-White (2007), Roorda et al.
(2011, 2021), and Vandenbroucke et al. (2018) concluded that sample size did not have a

significant effect.
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5.7.4.2 Second-Order Moderation Analyses (RQ2b)

The meta-analytic effect sizes in our data set were highly heterogeneous (po < .001; see
Table 4 for the exact Q values). For the three-level random-effects meta-analysis, the
heterogeneity at the level of the meta-analytic effect sizes and the level of the meta-analyses
was 49% and 51% of the total variance, respectively. Given the large heterogeneity in the data,
we conducted second-order moderator analyses for RQ2b and found that some characteristics
significantly moderated the TSR-outcome relation.

Continuous Moderators. To explain this heterogeneity, we examined a total of six
continuous moderators described in Table 6. Our analyses showed that publication year,
average age (in years), gender composition, estimated sample size, sample size, and the
methodological quality total score did not moderate the TSR-outcome link. Table 6 presents

the respective results of the second-order continuous moderator analyses.

Table 6. Results of the Continuous Moderators on the Effect-Sizes Level

Continuous moderator kv kes B SE 95% CI p
Publication year 20 79 0.01 0.03 [-0.05,0.08] .713
Age (mean in years) 3 5 0.03 0.03 [-0.05,0.11] .321
Gender composition 6 15 0.34 0.65 [-1.07,1.76] .608
Estimated sample size 19 74 0.00 0.00 [-0.00, 0.00] .861
Sample size 15 58 0.00 0.00 [-0.00, 0.00] .737
Total quality score 20 79 0.02 0.02 [-0.01, 0.05] .137

Note. A significant p-value indicates that there was a statistically significant difference between
the levels of the moderator. Publication year stands for the years in which the meta-analysis
was published; ka4« = Number of included meta-analyses; kzs = Number of effect sizes; Gender
composition = Percentage of female students in the sample; Estimated sample size = average
of students per effect size across all included meta-analyses.

Categorical Moderators. We further investigated a total of 20 categorical moderators.
Table 7 reports the results of the respective analyses, and Appendix E shows the levels of all
the categorial moderators. We excluded moderators with fewer than four effect sizes per
category (e.g., social minority status of the sample; see Bakermans-Kranenburg et al., 2003).

The following categorical characteristics did not show statistically significant
moderating effects on the TSR-outcome relation (see Table 7): publication type, publication
status, affiliation, country, grade level mode, prekindergarten, kindergarten, preschool,

elementary school, TSR level, TSR modality, TSR informant mode, outcome cluster, outcome
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modality, outcome informant mode, outcome type mode, and moderator analysis [yes/no].
Although statistically nonsignificant, the mean effect sizes tended to be larger in the
unpublished doctoral dissertations in our sample (i.e., Cherne, 2008; Wilkinson, 1980) than in
the published journal articles (7 = .42 vs. 7 = .23, p = .13; see Appendix E). Regarding school
status, meta-analytic effect sizes based on samples including middle school (7 = .25, 95% CI
[.20, .30]) were significantly larger than those based only on other grade levels (¥ = .15, 95%
CI [.08, .22]). This moderator explained heterogeneity mostly between meta-analyses

(REy) =4%; Rl3) =94%). Similarly, meta-analyses of samples of high school students also
reported significantly larger mean effect sizes (7 = .26, 95% CI [.21, .31]) than meta-analyses
of samples of students from other school levels (7 = .15, 95% CI[.09, .22]), with large amounts
of the explained variance between meta-analyses (R(ZZ) = 6%, R(23) =100%).

5.7.5 Methodological Quality of Included Meta-Analyses (RQ3)

5.7.5.1 Description of the Meta-Analytic Quality (RQ3a)

Figure 9 summarizes the methodological quality criteria ordered by the included meta-
analyses, and Figure 10 presents the number of criteria that were fulfilled. For the detailed
coding of the quality indicators, we refer readers to Appendix F and Supplemental Material
S18.

Overall, the methodological quality of the included meta-analyses varied. On average,
the meta-analyses fulfilled seven of 16 quality indicators, and 10 of the 24 included meta-
analyses fulfilled at least half of the 16 quality criteria (Figure 9). Moreover, seven of the 16
quality and reproducibility indicators were reached by at least half of the meta-analyses (Figure
10). Most meta-analyses reported moderator analyses (kma = 19), provided a list of included
studies (kma = 21) and clear descriptions of the inclusion and exclusion criteria (kma = 22), and
reported confidence levels or standards errors (kma = 22). Only a few meta-analyses had made
their data freely available online (kma = 3), included a list of excluded studies (kma = 2), and
considered primary study quality (kma = 2). Moreover, only a few meta-analyses reported that
they had used two raters to select studies and extract data (kma = 6). No meta-analysis fulfilled
all 16 quality criteria. Looking at the extremes of the distribution, two meta-analyses achieved
a total of 12 of the 16 quality criteria (i.e., Endedijk et al., 2021; Krause & Smith, 2022),
whereas two meta-analyses met only three out of the 16 indicators (Roorda et al., 2014;

Wilkinson, 1980).
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Table 7. Results of the Categorical Moderators

Moderator kvma  Kes T [95% CI] SE R} Rfy P
Baseline (I7,,3): 53%; 46%) 20 79 25(17,.32] 004 - - -
Publication type 20 79 — — .00 .13 .10
Publication status 20 79 — — .00 .13 .10
Affiliation 20 79 — — .03 .00 .99
Country 20 79 — — .00 .00 .95
Social minority 20 79 - - .02 .13 .06
Grade level mode 11 27 - - 57 55 .28
Prekindergarden 19 71 - - 00 1 48
Kindergarten 18 66 - - 00 1 .89
Preschool 18 66 - - 00 1 81
Elementary school 18 66 - - 00 1 42
Middle school 19 71 - - 04 1 .02%

No 5 37 15 1.08, .22] 0.03 - - -

Yes 14 34 .25 (.20, .30] 0.03 - - -
High school 19 71 - - 06 1 .01%

No 5 39 151.09, .22] 0.03 - - -

Yes 14 32 26 [.21, .31] 0.03 - - -
TSR level 18 54 - - .62 .00 0.21
TSR modality 24 79 - - .00 .00 .82
TSR informant mode 15 65 - - .00 .00 .21
Outcome cluster 41 75 - - .00 .00 .94
Outcome modality 24 79 - - .00 .00 .83
Outcome informant mode 17 59 - - 00 84 .90
Outcome type mode 37 73 - - .00 .00 .95
Moderator analysis 23 61 - - .00 .00 1
(yes/no)

Note. The levels of the nonsignificant categorical moderators are shown in Appendix E. Larger
positive effect sizes indicate stronger TSR-outcome links. A significant p-value indicates that
there was a statistically significant difference between the levels of the moderator.
2:3 = Heterogeneity indices at levels two and three, respectively; k4 = Number of included
meta-analyses; kzs=Number of effect sizes; 7= Weighted average correlation; R’
(2;:3 = Variance explained within (Level 2) and between (Level 3) meta-analyses.

* p<.05.
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Figure 9. Bar Charts Summarizing the Methodological Quality and Reproducibility
Indicators Each Included Meta-Analysis Fulfilled

Included Meta- Number of Meta-Analysis fulfilling the criterion
Analyses 0 2 4 6 8 10 12 14 16

Endedijk et al. 2022 I 12
Krause & Smith 2022 I 12
Liet al. 2021 I 10
Tao etal. 2022 I 10
Allen etal. 2018 I 9
Cherne 2008 I 9
Moore et al. 2019 NN 9
Wang et al. 2020 I 9
Leietal. 2018 I 3 .
Vandenbroucke et al. 2018 NN 3 i’lgl;efn:é_analyses
Givens Rolland 2012 NN 7
Korpershoek et al. 2016 [INEEG— 7
Roorda etal. 2011 NG 7
Alietal. 2015 NG 6
Chu etal. 2010 NG 6
Leietal. 2016 NN 6
Nurmi 2012 N ¢
Roorda etal. 2017 NG 6
Roorda et al. 2021 NG 6
Kincade et al. 2020 NG 6
Cornelius-White 2007 NN 5
Strom & Boster 2007 NG 5
Roorda et al. 2014 M 3
Wilkinson 1980 M 3
Average NN 7.3

> 7 meta-analyses

Note. Meta-analyses that fulfilled only half or fewer than half of the methodological quality
and reproducibility indicators are colored red.
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Figure 10. Bar Charts Summarizing the Number of Meta-Analyses Fulfilling Each of Our 16
Methodological Quality and Reproducibility Indicators

Methodological Number of Meta-Analysis fulfilling the criterion

Quality Criteria 4 8 12 16 20 24

>

Did the review authors describe

inclusion criteria? 22

Were confidence/credibility
intervals or standard errors
reported?

e e I,
provided?
M taneerogeneryr . I
explain heterogeneity?

22

Was the status of publication
(i.e., grey literature) used as an
inclusion criterion?

that can be converted into I
squared reported?

Wesasan e | -
provided?
W ety N
in the statistical analysis?
Was the likelihood of publication _ 10
bias assessed?
Were the characteristics of the _ ]
included studies provided?
Was the scientific quality of the
included studies assessed and _ 7
documented?
Was there duplicate study _ 6
selection and data extraction?
Was data made available? - 3

Was a list of excluded studies - .
: 2 Fulfilled by
provided?
B < 12 meta-analyses
Was the scientific quality of the . > 12 meta-analyses

included studies used
appropriately in formulating - 2

conclusions?

Was syntax made available? - 2

Note. Methodological quality and reproducibility indicators fulfilled by only half or fewer
than half of the meta-analysis are colored red.
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5.7.5.2 Statistical Power of the Included Meta-Analyses (RQ3b)

Given the lack of reports of statistical power (Valentine et al., 2010), we conducted
power analyses for the included meta-analyses. Figure 11 shows a resultant fireplot of the
median statistical power. By and large, this plot indicated high statistical power in our sample
of meta-analyses. Specifically, 20 meta-analyses had a power of at least 80% to detect the mean
effect they actually found (see Figure 11), whereas four meta-analyses were statistically

underpowered.

Figure 11. Fireplot of the Median Statistical Power of all Included Meta-Analyses

Wilkinson 1980 -
Wang et al. 2020 -
Vandenbroucke et al. 2018 -
Tao et al. 2022 -
Strom & Boster 2007 -
Roorda et al. 2021 -
Roorda et al. 2017 -
Roorda et al. 2014 -
Roorda et al. 2011 - Power
Nurmi 2012 - 1.00
Moore et al. 2019 -
Li et al. 2021 - 0.75
Lei et al. 2018 -
Lei et al. 2016 - 050
Krause & Smith 2022 -
Korpershoek et al. 2016 - 0.25
Kincade 2020 -
Givens Rolland 2012 -
Endedijk et al. 2022 -
Cornelius-White 2007 -
Chu et al. 2010 -
Cherne 2008 -
Allen 2018 -
Ali et al. 2015 -

Observed 01 02 03 04 05 06 07 08 09
Pearson’s correlation

Note. The fireplot displays statistical power for the observed mean effect size of the included
meta-analyses on the left and for a range of hypothetical effect sizes (Quintana, 2023). Darker
shaded cells identify larger statistical power. Lighter cells indicate smaller statistical power.

5.7.5.3 Sensitivity of the Meta-Analytic Results to Methodological Quality
(RQ3¢)

Even though the total methodological quality score did not moderate the TSR-outcome

relations (see RQ2b), we also examined the possible moderating effects of the single quality
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indicators reported in Table 8. Thirteen of the 16 quality indicators did not show significant
moderating effects. However, we found significantly smaller correlations in meta-analyses that
did not report primary study quality (7 = .19, 95% CI [.11, .27]) than in those that did (¥ = .35,
95% CI [.12, .57]). Similarly, the correlations were larger for meta-analyses that considered
study quality in their conclusion (7 = .70, 95% CI [.48, .91]) than for those that did not (7 = .21,
95% CI [.17, .26]).

We also found a substantial correlation between the number of quality criteria that had
been fulfilled and publication year, » = .54 (95% CI [.36, .68]). Hence, older meta-analyses
were more likely to have lower quality scores than more recent ones. Figure S13 in the
Supplemental Material presents this association and additionally shows a peak in recent years
with a steady increase from 1980 (i.e., Wilkinson, 1980) to 2022, with Endedijk (2022) and
Krause and Smith (2022) each fulfilling 12 quality indicators.

Table 8. Results of the Quality Indicators as Moderators

Quality indicators Ou No Yes

7 (95%CI)  kgs 7 (95% CI) kes  p
Inclusion criteria described 0.41 31 (.08, .54) 7 24 (-24,.71) 72 .52
Double screening and coding 1.03 22 (.13, .31) 57 30 (.05,.56) 22 31
Standardized search string 0.06 23 (.12, .34) 27 25 (-.01,.51) 52 .81
Unpublished articles included  1.56 .20 (.09, .30) 50 29 (.04,.53) 29 22
List of included studies 0.15 20 (-.05, .44) 6 25(-25,.75) 73 .70
List of excluded studies 0.29 25 (.17,.33) 56 A7 (-22,.55) 23 .59
Study description included 0.08 24 (.15, .33) 48 26 (.00,.52) 31 .78
Study quality assessed 4.74 19 (11,.27) 55 35 (12,.57) 24 .03*
Study quality considered 32.10 .21 (.17,.26) 71 .70 (.48, .91) 8 .00**
Heterogeneity index reported 0.12 .26 (.13,.39) 44 23 (-.06,.52) 35 .73
Heterogeneity accounted for 0.03 25 (.15, .35) 52 24 (-.02,.49) 27 .86
Moderator analysis conducted  1.93 .15 (.00, .30) 8 27(-.05,.59) 48 .17
Publication bias assessed 0.05 24 (13, .34) 56 25 (.00,.51) 23 .83
CI or SE reported 3.90 -.14 (-.53, .25) 1 26 (-.54,1.05) 78 .05
Data available 0.07 25 (.17, .33) 74 22 (-.09, .52) 5 .79
Syntax available 0.00 24 (.16, .32) 75 .24 (-.09, .58) 4 .99

Note. The p-value refers to the test of differences in weighted average for each methodological quality
indicator. The indicators were adapted from the AMSTAR rating scale by Shea et al (2007). The
significant difference between meta-analyses reporting confidence intervals and those that did not,
should not be interpreted, as the former only occurred once (see Bakermans-Kranenburg et al., 2003).
The exact wording can be found in Figure 10 and Table S18 in the Supplemental Material. Oy = Test
statistic of the omnibus test of moderators.; 7 = Weighted average correlation.

*p<.05.*%* p<.001.
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5.8 Discussion
5.8.1 Summary of Findings

Our preregistered review of meta-analyses provides a first quantitative umbrella study
of the research on the relations between TSRs and student outcomes. Synthesizing over 70
years of educational research in 24 meta-analyses and with more than 2 million prekindergarten
and K-12 students, we answered three pending research questions. First, we synthesized
correlations for nine clusters of student outcomes and identified the descriptively largest
significant relations (in descending order) between TSRs and appropriate behavior, school
belonging and engagement, motivation, general well-being, behavior problems, executive
functions and self-control, academic emotions, and academic achievement (RQ1). There were
no statistically significant differences between these relations and, thus, all TSR-outcome
relations are similarly important. Second, we narratively reviewed important moderators of the
TSR-outcome relations in the meta-analyses and conducted second-order meta-analytic
moderator analyses to quantitatively examine moderators at the level of meta-analyses. Prior
meta-analyses had frequently investigated student age and gender with mixed findings, which
our analyses showed as well. Further, they found larger TSR-outcome correlations for teacher-
reported TSRs and for teachers without ethnic minority status. We also identified samples that
yielded larger correlations, including middle school and high school students. At the same time,
many variables did not moderate the TSR-outcome relations (RQ2). Third, we examined the
methodological quality of the included meta-analyses and found large quality differences and
areas for improvement, such as thorough reporting to facilitate reproducibility (RQ3).
5.8.2 Seven Discussion Points

In line with previous reviews of meta-analyses (Jansen et al., 2022; Schneider &
Preckel, 2017), we structured our discussion around seven discussion points. The first point
concerns the weighted average effect sizes in RQ1. The second, third, and fourth discussion
points pertain to the variables that we found to (not) moderate the TSR-outcome relations in
RQ2. The fifth point concerns the quality of the included meta-analyses from RQ3. Discussion
Point 6 begins with a discussion of the impact of our findings on future TSR interventions, and
Point 7 addresses potential implications for educational policy.

5.8.2.1 1. Which student outcomes have the closest associations with TSRs?

We found the largest relations between TSRs and academic achievement, academic
emotions, appropriate student behavior, behavior problems, executive functions and self-
control, motivation, and student well-being (Figure 8). These findings show that TSRs play a

vital role in many aspects of student characteristics and are linked not only to achievement but
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also to the students’ emotions, behavior, and general cognitive outcomes in school, all of which
are important aspects of students’ well-being (Chu et al., 2010; Wang et al., 2020).

Surprisingly, bullying did not show a significant relation with TSRs. This lack of
relation could be due to two issues: First, the number of effect sizes in the outcome cluster was
small (see Figure 8). Whereas some researchers might question the meta-analysis of only a few
effect sizes, Valentine et al. (2010) argued that two effect sizes are sufficient for such a
synthesis and that alternative synthesis strategies are usually subpar. At the same time, to
ensure comparability and a meaningful interpretation, the authors cautioned against
synthesizing effect sizes from studies that are vastly different. Second, the confidence intervals
of the included effect sizes varied substantially and were generally large, which introduced
more variation into the SOMA.

5.8.2.2 2. Do TSR-outcome relations change with students’ age?

The most frequently tested moderator in the included meta-analyses was the age of the
students. Our review of prior research showed that the moderating effect of age is unclear. This
lack of clarity was surprising because the extant literature largely agrees that students become
more independent from their teachers over time and, thus, also less influenced by positive or
negative TSRs (e.g., Cherne, 2008; Krause & Smith, 2022; Vandenbroucke et al., 2018;
Wilkinson, 1980) and TSRs tend to decrease (Bosman et al., 2018). In our second-order meta-
analytic moderator analysis, we found that when children from kindergarten, preschool, or
elementary school were included in the meta-analytic samples, the correlations were smaller
than when students from middle or high school were included. This finding too was
unexpected, as both attachment theory and bioecological theory—alongside the moderator
analyses of some of the included meta-analyses—suggest that younger students are more
sensitive to negative TSRs and may actually be more in need of positive TSRs than older
students (Bowlby, 1982; Bronfenbrenner, 1979). At the same time, there are also good reasons
for TSRs to become more important over time. Chu et al. (2010) discussed that teachers and
students have more of an equal footing in their relationship as the students move through their
school careers, thus pointing to the great potential of building better relationships to enhance
well-being. Roorda et al. (2011) suggested that positive TSRs could support the students in
meeting the higher expectations of secondary school and benefit their development (Roorda et
al., 2011).

Another hypothesis is that younger students typically hold positive perceptions of their
teachers and the relationships they share with them (Fauth et al., 2014). If this is the case for a

sample of students, then there is not much variation in TSRs, and small deviations from the
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average can become influential. In secondary school, students may generally have neutral
perceptions of TSRs and be less engaged, but they might appreciate a specific, positive TSR
that supported them during major life events (Hamre & Pianta, 2001; Roorda et al., 2011). In
this sense, teachers may serve as protective factors during challenging times, such as periods
of high-stakes testing, school stress, bullying, or a coming out (Krause & Smith, 2022;
Murdock & Bolch, 2005; Tao et al., 2022).

5.8.2.3 3. Why are there no gender differences in TSR-outcome associations?

The second most frequently tested moderating variable was student gender, and there
was no clear direction or difference between male and female students in TSR-outcome
correlations. The question is why one might expect gender differences in TSRs at all. Lei et al.
(2016), for example, suggested that female students cared more about positive TSRs than male
students (Hu et al., 2015), and that female students might be more influenced by TSRs in an
externalizing problem behavior context (Deater-Deckard & Dodge, 1997). Vandenbroucke et
al. (2018) discussed that children with difficulties (e.g., male students with more problems in
executive functions; Diamond & Lee, 2011) or male students with lower SES could profit more
from positive TSRs (Roorda et al., 2011). Vandenbroucke et al. (2018) also questioned whether
gender was a significant moderator only because samples with a majority of male students also
tended to be older, and age was a significant moderator.

The meta-analyses included in our systematic review are good examples that gender
differences in TSR research are somewhat unclear and, when they exist, tend to rely a great
deal on the specific student outcome. Craig Aulisi et al. (2023) showed that finding significant
moderating effects of gender in meta-analyses involving psychological constructs is actually
rare. In their review of 286 tests of the moderating effect of the gender composition in 50 meta-
analyses, they only rarely identified a moderating effect of gender even though large
differences in effect sizes existed between genders. Craig Aulisi et al. (2023) argued that the
lack of between-study variation in the female-to-male ratio might cause this lack of moderating
effect. In the meta-analyses we reviewed, the included primary studies seemed to have very
similar female-to-male ratios, making potential gender differences difficult to detect without
additional single-gender primary research.

The question is whether future meta-analysts should keep looking for gender
differences, even though we did not find overarching evidence for their moderating effects. In
our SOMA, we found only nongeneralizable or even null results, which could be considered
support for the gender similarities hypothesis—that is, the hypothesis that women and men are

more similar rather than substantially different in most psychological constructs (Hyde, 2014).
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These findings are just as important as finding that gender acts as a moderating variable. Future
research should carefully assess the need to test for gender differences and should exercise
caution with regard to implementing single-gender TSR-building programs (Hyde, 2014).
Future research will also need to appraise gender diversity (not perceiving gender as binary;
Hyde et al., 2019) in psychological research and use this new knowledge to advance TSRs
(Cameron & Stinson, 2019; Garvey et al., 2019; McGuire et al., 2019).

5.8.2.4 4. Why future research should focus on TSRs and their link to teacher

outcomes?

As noted earlier, when looking at the teacher-related variables in prior meta-analyses,
we found two clear results: Three out of four meta-analyses favored nonminority teachers over
teachers with a minority status, and three out of five meta-analyses favored teacher reports of
TSRs over those from students or peers (see Table 5). What was not coded in most meta-
analyses was the level at which the TSRs were reported (i.e., whether the reports were based
on classroom-level or dyadic measures; Wentzel, 2022) and whether there was a match
between the minority status of the teachers and their students. The level of reporting needs
further exploration within and across meta-analyses because these two levels may capture
different aspects of TSRs (Sabol & Pianta, 2012). Moreover, the two levels may interact
because students tend to be more similar in their TSR reports within a classroom than between
classrooms. Through the general classroom climate, students in one classroom may also share
a more similar interaction style with their teacher, resulting in more similar bonds on the dyadic
level. Randomized controlled trials could account for this dyadic dependency within a
classroom (Sabol & Pianta, 2012). Ultimately, teachers need to be put more into the focus of
TSR research. This starts by clearly reporting and differentiating between TSRs on the dyadic
and the classroom-level.

In most primary studies and meta-analyses, the link between TSRs and teacher variables
is largely missing. As Cornelius-White (2007) already stated, positive TSRs are a two-way
street in that they influence but are also influenced by both teachers and students alike. Teachers
are key players in TSRs, and it is likely that happy, intelligent, healthy, and motivated teachers
can form more positive TSRs (see, e.g., Bardach & Klassen, 2020; Chamizo-Nieto et al., 2021;
Peldez-Fernandez et al., 2021). This effect could also work in the opposite direction—positive
TSRs may help prevent teachers’ burnout, enhance their motivation, facilitate more effective
teaching, and offer opportunities for them to develop their skills and well-being (Li et al., 2022;
Milatz et al., 2015; Pianta, 1999; Roorda et al., 2011; Spilt et al., 2011). In recent years, Li et
al. (2022) found that positive TSRs are linked to complex teaching practices, and students who
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engage emotionally in the lesson promote better TSRs. Furthermore, positive and caring TSRs
activate the positive effects of teachers’ expectations on student outcomes (Johnston et al.,
2022). Future research is thus needed to further identify the associations of teacher variables
with TSRs, clarify the direction of these associations, and develop classroom interventions,
teacher training, and policy advice.

5.8.2.5 5. How can the methodological quality of meta-analyses on TSRs be

improved further?

Assessing and considering study quality is important to ensure the validity of research
syntheses (Johnson, 2021; Scherer & Emslander, 2023b). In general, methodological quality
and reproducibility differed between the included meta-analyses but did not moderate TSR-
outcome relations in our second-order meta-analytic moderator analysis. Hence, our results did
not systematically differ between studies with high and low quality. Furthermore, most
included meta-analyses were sufficiently powered. Whereas these findings strengthen the
validity of the present findings, we still detected several shortcomings in quality,
reproducibility, and power. Adhering to common reporting guidelines and open science
practices in both primary and meta-analytic research will make future research both easier and
more meaningful. In line with Schalke and Rietbergen (2017), we suggest that authors should
be aware of high-standard guidelines for meta-analyses, such as AMSTAR (Shea et al., 2007).

As the use of a single quality sum score has several problems (Scherer & Emslander,
2023b; Wedderhoff & Bosnjak, 2020), meta-analysts could examine the correlation between
the individual quality indicators to check whether multiple scores would be appropriate. In the
correlogram in Supplemental Material S19, for example, one could argue for three separate
sum scores and the exclusion of a few counterintuitive quality indicators. These practices could
help corroborate the face validity of the quality scores and might yield results that are easier to
interpret substantively. However, more research is needed to provide a best practice example
of how to derive quality scores from multiple indicators (e.g. Scherer & Emslander, 2023).

To some extent, differences in quality and reproducibility were correlated with
publication year, which might be a confounder (see Figure S20 in the Supplemental Material
for the correlation plot). Meta-analyses published in very short articles (i.e., Roorda et al.,
2014) before the widespread use of the Internet (i.e., Wilkinson, 1980), let alone the emergence
of the open science movement advocating for thorough reporting for reproducibility (Nosek et
al., 2015; Open Science Collaboration, 2015), could not have met all the quality criteria. These
advances promote the dissemination of knowledge and the assessment of newer meta-analyses.

For example, original data, analytic code, measurement instruments, and other materials can
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be directly stored on open-access platforms, such as the Open Science Framework, which
ensures the availability of key information for meta-analysts. Aggregated and individual
participant data can both be utilized (Campos et al., 2023), making community-augmented
meta-analyses possible (see Waack, 2018). In our view, to drive improvements in research
quality, it is crucial to embrace preregistration, ensure online availability, uphold the principles
of open science, and adhere to reporting guidelines, such as MARS (APA Publications and
Communications Board Working Group on Journal Article Reporting Standards, 2008) and
PRISMA (Moher et al., 2009; Page et al., 2021). By adopting these measures, we strive to
approach an optimal framework for distinguishing high-quality meta-analyses in psychology.
To take these next steps toward reproducible research, primary study authors, meta-analysts,
reviewers, and editors need to work together and streamline the scientific processes that should
be followed when conducting meta-analyses.

Whereas the statistical power of most included meta-analyses was high (80%), some
were underpowered (see Figure 11). However, statistical power is still not commonly checked
in meta-analyses. Only in recent years have guidelines on how to assess the statistical power
of one or multiple meta-analyses been made prominent (Valentine et al., 2010), and R packages
have been developed to visualize it (e.g., the metameta package by Quintana, 2023). As a
consequence, future meta-analyses and SOMAs could include statistical power as a quality
criterion, map it across meta-analyses, and utilize it for sensitivity analyses to further put into
perspective the value of the evidence of the included research (Johnson, 2021; Scherer &
Emslander, 2023D).

5.8.2.6 6. How do these findings inform interventions to improve TSRs and

student outcomes?

The present findings on the TSR-outcome relations and important moderators can be
used to refine TSR interventions, help TSR building, and enrich teacher training. At least two
types of interventions are imaginable: those focusing on improving TSRs and those aiming to
further enhance a specific student outcome through positive TSRs. Building TSRs through
interventions or specific teacher training would be most promising if aimed at improving
students’ behavior and well-being. Robinson (2022) already explored how to best support
teachers in their relationship-building. The question that remains is which student outcomes to
focus on (RQI) and for which students, teachers, and contexts (RQ2) such interventions or
training might be effective.

In our review, students’ appropriate behavior, school belonging and engagement,

motivation, general well-being, and behavior problems showed the closest (bidirectional)
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associations with TSRs. Thus, these variables could be auspicious targets to improve through
TSRs in a school context, alongside executive functions and self-control, academic
achievement, and academic emotions, all of which were also statistically significantly related
to TSRs and did not largely differ. Specifically, future interventions may explore how to
effectively focus on the positive aspects of TSRs and positive student outcomes, as these
variables showed a considerably larger effect than their negative counterparts.

Our review of moderators and our SOMAs provide valuable information about the
potential efficiency of TSR interventions for specific individuals and contexts. Whereas there
seems to be no need to differentiate between female and male students, there seems to be an
effect of grade level. Students in middle and high school tended to have larger TSR-outcome
associations, potentially indicating a larger return on investment in these older student groups.
Thus, the larger connections between TSRs and outcomes of middle- and high-school students
should be causally tested in future intervention studies and could inform learner-centered
teacher education (Cornelius-White, 2007).

As discussed above, however, teachers’ well-being should also be considered an
important outcome of such interventions. Further, teachers need to engage in direct and
proactive interventions to increase the TSRs (Kincade et al., 2020). Recent developments in
TSR interventions are well underway (Keane & Evans, 2022; Robinson, 2022), calling for
future research to develop easy-to-administer programs designed to target specific student
outcomes and aspects of TSRs (see, e.g., Keane & Evans, 2022). Along with these recent
findings, the present review offers a basis from which to launch future research on effective
interventions.

5.8.2.7 7. What is the impact of our findings on educational policy?

In educational policy, the TSR is a crucial factor for school success and student well-
being. Its importance is signified in the creation of agencies, such as the National School
Climate Center at Ramapo for Children (USA), and school climate reports, such as the CARAT
A School Climate Model for Luxembourg’s Schools [CARAT Ein Schulklima-Modell fiir
Luxemburger Schulen] (SCRIPT, 2018). The latter argues that schooling should be structured
to support positive interpersonal relationships that can promote performance and health. Our
findings support this claim, as we found that TSRs had medium and large associations with
academic achievement and students’ well-being (see Figure 8). Based on our findings, reports
(e.g., the CARAT) should include more behavioral and socioemotional aspects of students’

thriving, besides the traditional dimensions of performance and health.
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Our review of meta-analyses provides some empirical basis from which to further refine
educational policies on TSRs and school climate at large. One possible direction could be to
emphasize the importance of TSRs in teacher training. Here, the medium and large associations
(cf. Cohen, 1988; see Gignac & Szodorai, 2016) of TSRs with appropriate behavior (recoded,
7 =.34), school belonging and engagement (7 = .30), motivation ( = .28), and general well-
being (7 = .27) could be helpful for preservice teachers. Furthermore, these findings should be
an incentive for practicing teachers to invest more time in relationship building between
teachers and students, even though the direction of this association is yet unclear.. During
teacher evaluations, additional support and resources should be provided for teachers identified
as needing improvement in this area through professional development programs.

In looking beyond the K-12 school years, future research may further extend the idea
of emphasizing TSRs to other age groups and learning situations. Through the Bologna Process
(Bonjean, 2018), for example, student-centered learning and, thus, the importance of TSRs
have made their way into higher education in the European Higher Education Area. New
studies could generate valuable insights into (a) which of the beneficial associations of positive
TSRs are applicable in higher education, (b) which variables moderate them, and possibly (c)
the impact of the Bologna process on TSRs in higher education.

By and large, we are still lacking a way to effectively translate the findings from
psychological meta-analyses on TSRs into educational practice. Stellar examples of how to do
this important work in a broader context are the What Works Clearinghouse in the US (What
Works Clearinghouse, 2023) and the Clearing House Instruction in Germany (Clearing House
Unterricht, 2023). They review, synthesize, and make research findings accessible to teachers
and policymakers to see cutting-edge research applied in schools, psychological practices, and
political debates. Especially for TSRs with their high relevance for everyday teaching, such
clearinghouses can help disseminate research evidence to teachers and teacher education.
5.8.3 Limitations and Future Directions

5.8.3.1 Difficult Interpretation Due to a High Level of Abstraction

Several limitations are worth mentioning, as reviews of meta-analyses and SOMAs
condense all the limitations of the included primary studies and meta-analyses (Polanin et al.,
2017). This high level of abstraction applies to all second-order reviews and meta-analyses,
leading to several imprecisions in the sample or the definition of constructs and their
measurement. For example, even though we systematically excluded samples with special
needs or medical conditions, they might still have been included in some of the primary study

samples and might therefore be included in our sample of meta-analyses. Thus, this potential
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inclusion of students with special needs may affect the generalizability of our findings to this
group. Furthermore, we applied bootstrapping methods to approximate the sample size when
the exact number of students had not been reported. Moreover, one weighted average effect
size in the SOMA might be driven largely by a specifically precise meta-analysis with a larger
weight. Alternatively, single meta-analyses might lack adequate statistical power, or the vote-
counting method could be overinterpreted as an inferential technique. Due to the high level of
abstraction, we used a vote-counting method for the narrative review of important moderators
(RQ2a). However, this vote-counting method has been identified as potentially controversial.
For example, this method has properties that seriously limit the validity of an analysis by
potentially ignoring the possibility of Type I and Type II errors and having less statistical power
in conditions of low-to-moderate statistical power in the included meta-analyses (Valentine et
al., 2010). We therefore backed up our review of moderators by conducting SOMAs. As a
consequence, our review of meta-analyses and SOMAs offer a rich and multifaceted evidence
base for future research.

5.8.3.2 SOMAs Implicitly Reproduce Language and Other Biases

Like most of the included meta-analyses, our review of meta-analyses used only
English search terms. While explicitly welcoming meta-analyses written in another language
(i.e., Roorda et al., 2014), we would have missed any meta-analysis that did not use English
Keywords, an alternative Title, or Abstract. In addition, some included meta-analyses explicitly
excluded primary studies that were not reported in English (e.g., Kincade et al., 2020; Moore
et al., 2019). This limitation to English may have implicitly skewed our meta-analytic sample
and may have overproportionately included more students, researchers, and research from
English-speaking and Western countries. Future meta-analyses should include different
language cultures by at least accepting publications in languages other than English and thus
improving the generalizability of our research results (see Ryan et al., 2023).

5.8.3.3 Causality and the Lack Thereof

In psychological research, the question of causality is pertinent. Especially in
educational contexts, research designs permitting causal inferences (e.g., experiments with
randomized control trials) could be difficult to realize due to ethical concerns. For instance,
assigning a teacher who may intentionally not care about students in order to create negative
TSRs would be unethical. And even so-called “natural” experiments, in which students would
be naturally selected into experimental and control groups are rare (see Grosz et al., 2023).
Recently, more primary studies and, consequently, most meta-analyses have been based on

correlational designs. This use of correlational designs is a growing trend, and
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recommendations for practice on the basis of correlations should be made with caution (Brady
et al., 2023). However, both experimental and correlational studies—and the meta-analyses
thereof—can have practical implications (Grosz, 2023). The limitations of experiments (i.e.,
their internal, external, and construct validity, replicability, or oversimplification of causal
effects) need to be considered when evaluating their use compared with a correlational study
(Diener et al., 2022). Thus, future TSR research may integrate evidence obtained from
experimental and correlational studies and use a wide array of established methods, including
natural experiments, regression discontinuity designs, or structural equation modeling, to
investigate complex causal relations (Diener et al., 2022; Dumas & Edelsbrunner, 2023; Grosz,
2023; Grosz et al., 2023).

Nevertheless, some reviews have already provided insights into the causal relations
between TSRs and student outcomes: Cherne (2008) reported evidence on the effect of teacher
praise for increasing social and academic behaviors across different age groups and types of
disabilities. However, Moore et al. (2019) reviewed 11 experimental studies and concluded
that teacher praise cannot yet be considered an evidence-based practice for this student
population. Korpershoek et al. (2016) found that classroom management strategies focusing on
students' social-emotional development contributed most to the effectiveness of interventions.
Finally, Kincade et al. (2020) evaluated approaches for improving TSRs and found that
proactive and direct teacher practices had the largest impact. Two additional meta-analyses by
Roorda et al. (Roorda et al., 2017, 2021) focused partially on longitudinal primary studies and
explicitly tested different design effects. They found slightly different results for longitudinal
studies when comparing them with cross-sectional designs. However, these meta-analyses
differed in their methodological approaches, construct definitions, and conclusions, so that
generalizing about the causes of good TSRs is hardly possible. We therefore argue that there
is a need for more studies that allow causal inferences to be drawn on whether (a) positive
TSRs lead to positive student outcomes, (b) the TSR-outcome relation is reciprocal, or (c)
positive student characteristics facilitate TSR building.

5.9 Conclusions

With this preregistered systematic review of meta-analyses and SOMAs, we
summarized 70 years of meta-analytic research on TSR-outcome relations, moderators, and
methodological quality. On the basis of 116 effect sizes with more than 2 million
prekindergarten and K-12 students, we found substantial relations between TSRs and student

outcomes, which were homogeneous across outcomes. Due to their overlap, the psychological
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constructs underlying reports of TSRs could have properties that are similar to those of the
student outcomes. Consequently, TSRs are not largely differentially related to or effective for
different student outcomes but share a more generalizable association. In light of bioecological
and attachment theories (Bowlby, 1982; Bronfenbrenner, 1979), our findings should encourage
teacher educators to convey the importance of TSRs and how TSRs are linked to students’
success and well-being.

Whereas we could explain heterogeneity through teacher and student sample
characteristics, much of it remained unexplained. We drew two possible conclusions from this
result: First, individual characteristics are key for describing the TSR-outcome relations and
may call for adaptive interventions that are aimed at improving TSRs (e.g., age-adapted).
Second, causes of heterogeneity within and across meta-analyses are not yet fully explored, are
complex to uncover (e.g., gender differences; see Craig Aulisi et al., 2023), and remain for
future research.

Whereas most meta-analyses exhibited good quality, there is room for improvement,
especially in reporting sample statistics and results as well as making data and analytic code
openly available. We believe that the current developments in open science, which offer
detailed guidelines and tools for ensuring high methodological quality and reproducibility, can
lead to a transparent and reproducible research process, establish trustworthiness and

reliability, and have an impact on psychological research on TSRs.
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Abstract

Executive functions (EFs) are key skills underlying other cognitive skills that are
relevant to learning and everyday life. Although a plethora of evidence suggests a positive
relation between the three EF subdimensions inhibition, shifting, and updating, and math skills
for schoolchildren and adults, the findings on the magnitude of and possible variations in this
relation are inconclusive for preschool children and several narrow math skills (i.e., math
intelligence). Therefore, the present meta-analysis aimed to (a) synthesize the relation between
EFs and math intelligence (an aggregate of math skills) in preschool children; (b) examine
which study, sample, and measurement characteristics moderate this relation; and (c) test the
joint effects of EFs on math intelligence. Utilizing data extracted from 47 studies (363 effect
sizes, 30,481 participants) from 2000 to 2021, we found that, overall, EFs are significantly
related to math intelligence (¥ = .34, 95% CI [.31, .37]), as are inhibition (7 = .30, 95% CI [.25,
.35]), shifting (¥ =.32, 95% CI [.25, .38]), and updating (¥ = .36, 95% CI [.31, .40]). Key
measurement characteristics of EFs, but neither children’s age nor gender, moderated this
relation. These findings suggest a positive link between EFs and math intelligence in preschool
children and emphasize the importance of measurement characteristics. We further examined
the joint relations between EFs and math intelligence via meta-analytic structural equation
modeling. Evaluating different models and representations of EFs, we did not find support for

the expectation that the three EF subdimensions are differentially related to math intelligence.

Keywords: cognitive skills, executive functions, mathematics, meta-analysis, pre-

school children

Public Significance Statement: Executive functions (EFs) are key to learning and
children who score higher on EFs also show better scores in mathematics. This meta-analysis
confirms that children who can better avoid (or inhibif) being distracted, shift easily between
different tasks, or update the information they have just learned are also scoring high on math
intelligence tests. However, this link between EFs and math intelligence should always be
interpreted in light of the measurement characteristics of EFs, as suggested by the moderator
analyses. We found evidence to support the idea that the three EFs (inhibition, shifting, and

updating) are equally important for math intelligence.
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6.1 Introduction

Executive functions (EFs)—a set of mental processes that regulate human cognition
and behavior (Miyake et al., 2000; Miyake & Friedman, 2012)—and their three arguably most
investigated subdimensions (response inhibition, mental set shifting, and updating of working
memory; aka inhibition, shifting, and updating) are considered prerequisites for many cognitive
skills, such as reading, and correlate with fluid intelligence (Cassidy et al., 2016; Diamond,
2013; Follmer, 2018). In addition to providing empirical evidence of the relation between EFs
and these cognitive skills, researchers have repeatedly shown that EFs are linked to math skills,
such as basic number knowledge, calculation, spatial skills, and mathematical reasoning, in
schoolchildren and adults (see, e.g., Best et al., 2011; Cragg et al., 2017; Friso-van den Bos et
al., 2013; Peng et al., 2016; Yeniad et al., 2013) and play a crucial role in the development of
math skills (van der Ven, 2011; van der Ven et al., 2012). Therefore, it is critical to examine
the preschool years and comprehensively investigate the constructs that have been found to
contribute to the development of mathematical skills. For instance, development of an
understanding of numbers begins before school entry (Passolunghi & Lanfranchi, 2012) and is
related to EFs (Geary et al., 2019), suggesting that the preschool years are a formative period
with rapid development of mathematical skills and EFs (Zelazo & Carlson, 2012). These
developmental patterns might even differ between EF subdimensions in this age group
(Diamond, 2013; Garon et al., 2008) as some EFs develop earlier than others. As preschool
children are on the brink of structured schooling, their EFs constitute an important part of their
school readiness and predict their academic success throughout their school careers (Blair,
2002; Diamond, 2013; Duncan et al., 2007). EFs and early mathematical skills are not only
core areas of school readiness (the very goal of the preschool years) but also predict academic
success later in the school career. Thus, both constructs are crucial to investigate in preschool
children due to their age and preschool status.

Following the literature on the differentiation of cognitive skills over time, some
researchers have argued that EFs and basic math skills actually measure the same underlying
construct in children, as both are strongly linked to intelligence and can be integrated into the
Cattel-Horn-Carroll (CHC) theory of intelligence (Ackerman et al., 2005; Allan et al., 2014;
Fleming & Malone, 1983; Jewsbury et al., 2016; Roth et al., 2015). Specifically, Jewsbury et
al. (2016) suggested subsuming inhibition and shifting under a general speed factor (Gs), and
updating can be captured by a general memory factor (Gsm). Math skills have been categorized
as quantitative knowledge (Gq), fluid intelligence (Gf), and visual processing (Gv; Schneider
& McGrew, 2018; Uttal et al., 2013). However, other scholars have argued that EFs and math
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skills measure correlated but distinct constructs (see, e.g., Best et al., 2011; Cragg et al., 2017,
Friedman et al., 2006; Peng et al., 2016; Yeniad et al., 2013). These perspectives differ in
whether math skills are conceptualized as broader (e.g., students’ grades or performance on
teacher-constructed math tests) or narrower (e.g., only intelligence tests with math
components). Typically, EFs and math skills in preschool children are not measured with
standardized questionnaires that require the children to read and write (cf. the Behavior Rating
Inventory of Executive Function [BRIEF]; Gioia et al., 2000), and researchers have to resort to
innovative ways of assessing EFs and math skills. Thus, EFs might vary in their relation to
math skills in terms of the measurement properties (e.g., Allan et al., 2014; Cortés Pascual et
al., 2019) or study and sample characteristics (David, 2012; Friso-van den Bos et al., 2013;
Peng et al., 2016). Investigating the influence of diverse measurement, sample, and study
characteristics on the relation between EFs and math skills can provide valuable information
to practitioners who want to streamline the assessment of these constructs and researchers who
aim to better understand the nature of the relation.

The extant body of literature also reveals another issue. There is some disagreement
about the magnitude of the joint relations of inhibition, shifting, and updating with math skills
in preschool children. While some researchers found that all three are key predictors of math
skills (e.g., Duncan et al., 2016; Purpura et al., 2017), others found that updating (Friso-van
den Bos et al., 2013) or shifting (Jacob & Parkinson, 2015) is superior to the other EF
subdimensions. With this equivocal discussion at hand, researchers should avoid jumping to
conclusions about the differential effects of specific EFs, as strong claims call for even stronger
evidence, and the field of EF research is no stranger to critical discussion (see, e.g., the
discussion on the relation between working memory and intelligence; Ackerman et al., 2005;
Beier & Ackerman, 2005; Kane et al., 2005; Oberauer et al., 2005). Concerning the joint and
individual contributions of inhibition, shifting, and updating to math skills, some of these
divergent findings may depend on the ways in which EFs are represented in measurement
models, for instance, as single or multiple latent variables or composite factors (Camerota et
al., 2020). The common practice of utilizing single, reflective latent variables has been
questioned, especially when describing the relations between EFs and math skills. For instance,
Nguyen et al. (2019) examined an alternative model to the single latent EF variable model and
showed that relations with math skills could also operate via unique components of EFs. To
integrate these different approaches, we performed meta-analytic structural equation modeling

and examined the effects of EFs on math intelligence jointly rather than separately.
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To examine the relations among the three EF subdimensions and narrow math skills, in
the present study, we synthesized 363 effect sizes from 47 studies from 2000 to 2021. Most
meta-analyses have investigated the relation between a specific EF and math skills (e.g., Allan
et al., 2014; David, 2012; Peng et al., 2016) or the relation between EFs and general cognitive
abilities in preschool children (Ackerman et al., 2005; Brydges et al., 2012; Jewsbury et al.,
2016). However, the present meta-analysis combines these two approaches by focusing on
math skills related to general cognitive abilities, that is, math intelligence and the three EF
subdimensions. Furthermore, we identified which study, sample, and measurement
characteristics may moderate these relations and examined their multivariate nature. To the
best of our knowledge, this study is the first to investigate the relation between EFs and math

intelligence using a multilevel and multivariate meta-analysis of preschool children.

6.2 Theoretical Framework
6.2.1 Executive Functions and Their Measurement

EFs are a set of general-purpose control mechanisms that regulate human cognition and
behavior and are important for self-control and self-regulation (Miyake et al., 2000; Miyake &
Friedman, 2012). Miyake and Friedman (2012) characterized these control mechanisms in their
EF framework based on four conclusions drawn from the literature on EFs. First, the three EF
subdimensions in their framework—inhibition, shifting, and updating—tend to be distinct in
adults, showing a diversity factor structure with three distinct factors. Yet the three EFs are
correlated, especially in preschool children, yielding a unitary factor for all three EFs (Wiebe
et al., 2008). Second, twin studies have suggested that a large proportion of EFs are genetically
inherited (Friedman et al., 2008). Third, measures of executive functions can be used to
differentiate between clinical and nonclinical behaviors (Young et al., 2009). Fourth,
longitudinal studies have shown that EFs are expressed in a stable way over the course of one’s
life (Mischel et al., 2011), although the structure of EFs develops over time and therefore differs
between age groups. Other researchers have investigated the differences between emotionally
arousing (“hot”; e.g., due to a punishment or reward) and emotionally neutral (“cool”) EFs
(Brock et al., 2009; Zelazo & Carlson, 2012). Their findings suggested that, when considered
jointly, “hot” EFs are uniquely related to disruptive behavior in preschool children, and “cool”
EFs are uniquely related to academic achievement (Brock et al., 2009; Willoughby et al., 2011).
This distinction was further corroborated for inhibitory control by Allan et al.’s (2014) meta-
analysis, hinting at a variety of executive function dimensions that can be distinguished beyond

Miyake et al.’s (2000) work. Additionally, higher-level EFs have been examined, such as
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“planning,” tapping into multiple more basic EF processes (Miyake & Friedman, 2012). For
the purpose of this meta-analysis, we further describe the EF framework proposed by Miyake
et al. (2000) and its three subdimensions (inhibition, shifting, and updating), the ways EFs are
measured in children, and their implications for math skills.

Inhibition is the ability to deliberately override a dominant, automatic, or prepotent
response when needed (Miyake et al., 2000; Miyake & Friedman, 2012). Inhibition tasks
generally include a conflict between the child’s automatic response and the correct response.
For instance, in the head-toes-knees-shoulders task (McClelland et al., 2014), a child is
instructed to touch their head when prompted to touch their toes and vice versa, as well as to
touch their knees when prompted to touch their shoulders and vice versa. One of the dependent
variables is the number of correct trials, and the prepotent response that needs to be inhibited
is touching the stated body part (for a comprehensive review of EF tasks, see Garon et al.,
2008). In math learning, this ability comes into play whenever the obvious answer to a question
is not the correct one, and the task demands a more thorough approach (Graziano et al., 2016).
When a child is trading cards, stickers, or marbles with a friend, for instance, the friend might
ask how many items (i.e., marbles) the child has. A specific answer requires the child to avoid
shouting out the answer that comes to mind first (e.g., “many, many marbles”) and instead
count the marbles one by one and then tell their friend (“I have four marbles”). In addition, for
children working on a math question, inhibition is important to stay focused and avoid the urge
to give up or be distracted by more attractive alternatives (Clements et al., 2016).

Shifting—also referred to as attention shifting or cognitive flexibility (Diamond,
2013)—is the ability to switch back and forth between mental sets or tasks (Miyake et al., 2000;
Miyake & Friedman, 2012). Tasks that measure shifting generally have an element of novelty
to them, be it changing rules or adjusting priorities. For example, in the dimensional change
card sorting task (Zelazo, 2006), the child is presented with cards displaying various shapes in
different colors. The child is asked to sort the cards by color, and after some time, they are
asked to sort the cards by shape. The number of correct responses after the sorting rule is
changed serves as the dependent variable. This change in sorting rules represents the novelty
inherent in shifting tasks. In a math skill-testing situation, shifting is represented by the act of
switching to a new question and then applying the appropriate rule to the new question rather
than sticking with one rule, although the question demands otherwise. Shifting also comes into
play when the solutions to math questions require children to change their perspectives. To be

a successful marble trader, for instance, the child in the previous example must constantly
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switch from receiving marbles and adding them to their count to giving marbles to their friend
and subtracting them.

Updating is the ability to constantly monitor and rapidly manipulate the content of
working memory (Miyake et al., 2000; Miyake & Friedman, 2012). Although this definition is
only slightly different from working memory itself (namely, the ability to store and process
information at the same time; Baddeley, 1992), the two constructs can be distinguished
regarding several points. In Baddeley’s (1992) memory model, working memory is an
overarching brain system with three components: the central executive, the phonological loop,
and the visual sketch. Both updating and working memory tasks go beyond merely holding
content in working memory (Baddeley, 1992) and add the aspect of manipulation (Lehto,
1996), while updating tasks introduce an aspect of monitoring and replacing old pieces of
information with new ones. Consequently, working memory can be assessed with a backward
digit span. The child is asked to repeat a list of digits (or words) backward, with the number of
correct responses in a row representing the dependent variable. This task requires the child to
listen to and remember the list of digits (holding them in their working memory) while
simultaneously reversing the order of the digits (processing the content of working memory).
To make this an updating task, the child can be asked to use only the third last digit, which
adds the aspect of monitoring and manipulating, rather than repeating all digits backward. In
the present study, we refer to working memory and updating as updating due to the similarities
in their assessment and considerable ambiguity in primary studies. In the mathematics context,
updating is crucial for solving multistep problems. Using the marble trading example, the child
needs to remember the preceding steps or preliminary results (e.g., “I have two marbles”) to
decide on the next step and then update their previous results mentally (Harvey & Miller, 2017).
The latter step could be to add one marble to the count (e.g., “My friend gave me one marble.
So, I have three now”) without having to count the marbles again.

Despite the distinction between multiple EF subdimensions, this distinction may not be
clear-cut for complex EF tasks. In fact, such tasks may require multiple EF processes or
processes other than executive functioning. Friedman et al. (2008) described this issue of “task
impurity” using an example from the Wisconsin Card Sorting Test (WCST): While some
WCST tasks require shifting due to changing sorting rules, the tests may also require perceptual
and motor skills. Moreover, EF and math tasks may share design and assessment features, such
as relying on numbers or operations (i.e., “method overlap”). Therefore, the relations between

EFs and other constructs could be biased. To circumvent such bias, latent variable models have
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been proposed to account for common and unique variations among EF tasks and processes
(Camerota et al., 2020).

Several models that describe the structure of EF assessments have been developed and
reported in primary studies. These models include, but are not limited to, latent variable models
with a single latent EF variable, multiple-correlated latent EF variables, or multiple latent EF
variables with a general EF factor and some specific factors (Camerota et al., 2020; Friedman
& Miyake, 2017). The question of the unity or diversity of executive functions is a key question
in EF research and has initiated many empirical studies that have explored the fit of appropriate
measurement models (Karr et al., 2018). However, such measurement models may vary among
age groups, and most evidence supports the representation of EFs by a single latent variable
for young and preschool-age children (Wiebe et al., 2008; Willoughby et al., 2012). At the
same time, some evidence also points to the representation of EFs by a two-dimensional
model (Karr et al., 2018; Lerner & Lonigan, 2014). Nonetheless, over time, the various EF
processes may become more differentiated in later childhood (Brydges et al., 2014; Lerner &
Lonigan, 2014).

6.2.2 Math Intelligence and Its Measurement

In the present study, we conceptualized math skills as part of intelligence due to their
inherent fluid and crystallized aspects (Wechsler, 2003; Woodcock et al., 2001). Some
theoretical frameworks subsume math skills in subfacets of intelligence. For instance, the CHC
theory of intelligence categorizes math skills mainly under the narrow stratum I of fluid
intelligence (Gf) as quantitative reasoning—that is, the inductive and deductive reasoning
abilities involving mathematical relations and properties—and under stratum I quantitative
knowledge (Gg), which includes mathematical knowledge and achievement (Schneider &
McGrew, 2018). Mathematics skills related to geometry and space may also involve visual
processing (Gv) generally and spatial reasoning specifically (Uttal et al., 2013). This
conceptualization of math skills as part of general intelligence, which we refer to as “math
intelligence” (e.g., Dweck, 2014; Martens et al., 2006; Rattan et al., 2012), is based on two
elements. First, the present sample was comprised of preschool children who had not yet been
exposed to formal schooling; thus, school achievement scores or teacher grades were not
included. Second, we reasoned that intelligence and EFs are related (Friedman et al., 2006).
Although much research attention has been paid to examining the relations between EFs and
domain-general intelligence components (Ackerman et al., 2005), little is known about the

relation between EFs and math-specific intelligence components.
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Further, we differentiate between three subdimensions of math intelligence tasks:
calculation and reasoning, basic number knowledge, and spatial tasks. Calculation and
reasoning, which encompass numerical operations and applied mathematical problems, can be
measured by, for instance, the Applied Problems subscale of the Woodcock-Johnson Test of
Cognitive Ability (version III; Woodcock et al., 2001). This is a widely used intelligence test
validated for individuals ages 2 to older than 90. The Applied Problem scale includes
subitizing, simple subtraction, and calculation tasks, among others. Basic number knowledge,
which comprises counting and cardinality, can be measured with simple tasks in which children
are asked to count for as long as they can. The highest number to which the children can
correctly count serves as the dependent variable. Spatial tasks involve aspects of geometry,
shapes, and algorithms. Examples include shape recognition or shape-matching tasks in which
children must match a probe with a target shape (e.g., Child Math Assessment; Starkey et al.,
2004). In the present study, spatial tasks were later merged with the “other” category due to the
small number of available effect sizes.

The three subdimensions of math intelligence were derived from previous theory and
research. From a theoretical perspective, they reflect the three aspects of the CHC theory of
intelligence adapted to math intelligence in preschool-age children: Calculation and reasoning
and basic number knowledge represent fluid intelligence (Gf) and quantitative knowledge (Ggq),
while spatial tasks represent math-related visual processing (Gv) in preschool children
(Schneider & McGrew, 2018). We merged the calculation and reasoning categories into one
subdimension following previous factor-analytic research, which indicated that mathematical
operations (i.e., calculation) and reasoning load on quantitative knowledge (Ggq, Parkin &
Beaujean, 2012). Friso-van den Bos et al. (2013) specified similar categories (simple
arithmetic; counting, and basic understanding of numerical concepts; geometry, shapes, and
algorithms) but included additional categories that did not apply to preschool children (e.g.,
advanced arithmetic or teacher rating). Peng et al. (2016) drew on similar but more
differentiated categories of math tasks (i.e., basic number knowledge, whole-number
calculations, fractions, geometry, algebra, and word-problem solving). Thus, we derived the
math intelligence construct and its three subdimensions in the present study from previous
theory and research.

6.2.3 Relations Between Executive Functions and Math Skills

EFs contribute to the process of learning and performing math skills. Not only are there

applied settings where EFs and math skills are related, as described previously, but there is also

strong evidence that preschool children’s EFs can predict their math skills later (Bull et al.,
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2008; Clements et al., 2016; Cragg & Gilmore, 2014; McClelland et al., 2014). For researchers
and educators, it is crucial to better understand this relationship in preschool children in order
to pave the way for success in their (academic) careers (Ancker & Kaufman, 2007; Duncan et
al., 2007). In addition, measures of EFs can be deployed to identify children who need more
help learning mathematical skills (Clark et al., 2010).

Because EFs are crucial for learning and performing math skills, a lack of EFs can
predict difficulties in math skills. This has been suggested by experimental dual-task studies,
such as those focused on updating (for a review, see Raghubar et al., 2010). To adequately
assist children who are struggling with math skills early on, it is important to clarify the
structure of the EF construct and the potential differential contribution of the three EF
subdimensions. In contrast to most of the evidence suggesting a unitary EF construct in
preschool children (Wiebe et al., 2008), several researchers have shown results that support the
notion of distinct EF subdimensions in that age group (Carlson, 2005; Espy et al., 2001). Thus,
it is unclear whether EFs are best represented as one construct or as several subdimensions.
However, this knowledge could help educators and parents assist struggling children to thrive
with tailored instruction later in school (e.g., by reducing updating demands, as in Case et al.,
1996) or could help parents provide support and strengthen EFs in a playful way (see, e.g.,
Hutchison & Phillips, 2018). However, there seems to be no strong evidence of far transfer
from, for instance, updating to reading comprehension and arithmetic (Melby-Lervag &
Hulme, 2013) or between EFs (Kassai et al., 2019). Furthermore, although it might be possible
to train EFs, the benefits of such training seem to vanish quickly (Takacs & Kassai, 2019).
From an economic perspective, knowledge of the EF subdimensions is relevant for the
construction of measures for EFs and math skills. If the constructs cannot be differentiated,
they could be measured with one instrument, saving time and financial resources as well as
reducing the effort required of children. Examining the relation between EFs and math skills
will inform not only theorization but also the current assessment practices for EFs in preschool
educational contexts.

The unity and diversity of EFs have implications for describing the EF—math
intelligence relationship. Different representations of EFs can result in different inferences
drawn from this relationship. Nguyen et al. (2019) noted that there is a lack of agreement about
the theoretical assumptions underlying the link between EFs and math skills. Specifically, the
authors observed the common practice of representing EFs as a single latent variable or a
composite score (see also Camerota et al., 2020). With this representation, the relation between

EFs and math skills operates through a variable that captures what is common among the
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manifest EF indicators (Borsboom et al., 2003). Such a model ultimately provides information
about the extent to which a unitary EF construct explains variations in the measures of skills in
mathematics and sheds light on the joint contribution to math skills. However, if researchers
are interested in the unique effects of EFs, the EF—math relations could be described via the
residuals of the manifest EF indicators or multiple latent EF variables (Gignac & Kretzschmar,
2017; Nguyen et al., 2019). Finally, models describing the direct relations between multiple
manifest or latent EF variables and math skills have the potential to unravel whether differential
or uniform effects exist (Aran Filippetti & Richaud, 2017). Overall, the joint relations between
multiple EFs and math intelligence can be modeled and interpreted in several ways.

6.2.4 Previous Meta-Analyses

We identified eight meta-analyses that investigated the relation between math skills and
EFs as a whole, as well as the specific subdimensions (inhibition, shifting, and updating). This
body of research revealed the need to bring together multiple EF subdimensions, a focus on
age groups, and conceptualizations of math skills. Table 9 presents an overview of the previous
meta-analyses.

In general, studies have found moderate correlations between all three subdimensions
of EF and math skills. Allan et al. (2014) found a moderate average correlation (¥ =.34)
between inhibition and the development of academic skills, including math skills, in their meta-
analysis of preschool children. For shifting, Yeniad et al.’s (2013) meta-analysis yielded a
correlation of 7 = .26 between shifting and math skills (operationalized as math performance)
in children ages 4-14 years. Five meta-analyses (Cortés Pascual et al., 2019; David, 2012;
Friso-van den Bos et al., 2013; Peng et al., 2016; Swanson & Jerman, 2006; see Table 9)
focused on the relation between updating and math skills and found slightly higher correlations
than those reported previously for inhibition and shifting. Two meta-analyses (David, 2012;
Swanson & Jerman, 2006) found medium to large group differences in updating between
children and young adults with and without math difficulties in favor of the group without math
difficulties. Extending the sample to participants between 3 and 52 years of age, Peng et al.
(2016) found a correlation of 7 = .35 between updating (operationalized as working memory)
and math skills. Recently, Cortés Pascual et al. (2019) examined the links between composite
EF and updating scores and math performance in children ages 6—12 years, finding similar

average correlations (7 = .37) for both links (Table 9).
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Table 9. Prior Meta-Analytic Findings on the Relation between Executive Functions and Math Skills in Children

Reference Description and Method Significant moderators (selected) Age range Examined relation ks r 95% CI
Allan et al. (2014) Meta-analysis of the link between inhibition e EF task type (hot vs. cold) 2.5-6.5 Inhibition & the development of math 75 .34 [.29, .39]
and academic skills (encompassing literacy e Test mode (behavioral vs. as a school subject
& math) rating)
Cortés Pascual et al. Meta-analysis of the link of WM and an EF e  EF subdimensions 6-12  EF composite & math performance 18 37 [.30, .42]
(2019) composite score with math performance e Gender composition 6-12 WM & math performance 11 37 [.29, .45]
David (2012) Meta-analysis comparing groups with and e WM task type (numerical vs. 9-21  Phonological loop d=-0.36 12 - [-0.58, -0.14]
without math learning difficulties on three non-numerical) 9-21  Visuospatial sketchpad d =-0.59 9 - [-0.87,-0.31]
aspects of WM * Age 921  Central executive d=-0.93 17 - [-1.53,-0.33]
Friso-van den Bos et al. Multilevel meta-analysis of the link of e Math skills task type 4-12  Inhibition & math skills 29 27 -
(2013) inhibition, shifting, and updating with math e WM task type 4-12  Shifting & math skills 18 28 _
skills * Age 4-12  Visuospatial updating & math skills 21 .34 -
4-12  Verbal updating & math skills 85 .38
Jacob & Parkinson Meta-analysis looking at cross-sectional and e EF subdimension 3-5 EF composite & math achievement 26 29 [.23, .36]
(2015) longitudinal data on the EF subdimensions, 6-11  EF composite & math achievement 34 35 [.28, .41]
figﬁﬁfﬁ;ﬁ; zgggﬁeeflzgez gbg’gﬁfs (ering 12-18  EF composite & math achievement 8 33 [25 .42
standard errors by lead authors 3-18  EF composite & math achievement 60 31 [.26,.37]
3-18  Inhibition & math achievement 33 31 [.25, .38]
3-18  Shifting & math achievement 17 34 [.24, .44]
3-18  Updating & math achievement 40 31 [.22, .39]
Peng et al. (2016) Meta-analysis of the WM-math-skills-link, e WM type (e.g., verbal, 3-52 WM & math skills 110 .35 [.32, .37]
accounting for dependencies of effect sizes numerical)
with robust standard error estimation e Types of math skills
Swanson & Jerman Multilevel meta-analysis comparing e Type of cognitive measure 6-13  Verbal WM d=-0.70 432 - [-0.79,-0.61]
(2006) memory performance of students withand o Age 6-13  Visuospatial WM d=-0.63 13— [-0.77,-0.48]
without math disabilities
Yeniad et al. (2013) Meta-analysis of the links between e None, due to the small 4-14  Shifting & math performance 18 .26 [.15-.35]
shifting, math performance, and number of included studies  4-14  Shifting & Intelligence 11 30 [.18-41]
intelligence

Note. Larger positive effect sizes indicate a closer relationship between EFs and math intelligence. Common meta-analysis refers to a meta-analysis
which takes only one effect size per study into account. ks = Number of included studies; Age range = Mean age of the youngest and the oldest
sample within the meta-analysis in years; EF = Executive function; 7= weighted mean correlation; d = Cohen’s d; WM = working memory.
4 = Number of included effect sizes (not studies).
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Two meta-analyses examined the connections between math skills and all three EF
subdimensions separately. Friso-van den Bos et al. (2013) examined the relation between math
skills and inhibition (¥ =.27), shifting (7 = .28), and updating (visuospatial: 7 = .34; verbal:
7=.38) in samples of 4- to 12-year-olds. Jacob and Parkinson (2015) investigated the link
between the three EF subdimensions and math skills (indicated by math achievement) in
preschool children and schoolchildren, as well as in adolescents (ages 3—5 years, 611 years,
and 12-18 years, respectively). Their results showed moderate correlations across the age
groups and EF subdimensions, with an overall correlation of 7= .31. However, Jacob and
Parkinson (2015) did not examine inhibition, shifting, and updating separately across the three
age groups. Thus far, only this meta-analysis and one other have focused on preschool children
(Allan et al., 2014; Jacob & Parkinson, 2015). All the meta-analyses broadly conceptualized
math skills, including a wide range of subdimensions, measures, and tasks. Two meta-analyses
showed substantial heterogeneity in correlations due to variations in math skills and tasks
(Friso-van den Bos et al., 2013; Peng et al., 2016). In addition, key aspects of the unique and
joint effects of EFs on math skills have not yet been investigated meta-analytically.

6.2.5 Possible Moderators

Previous meta-analyses of the relations between EFs and math skills have suggested a
wide array of possible moderators, focusing on differences in age and measurement (see Table
9). In the present meta-analysis, we focused on study, sample, and measurement characteristics
as three key sources of heterogeneity (for an extensive list of all coded moderators, see the
Coding of Studies section and the codebook in Supplemental Material S1). As in any meta-
analysis, study characteristics, such as variables indicating the context of the primary study or
whether a primary study was published, can reveal research trends and design issues (see
Ferguson & Heene, 2012). Sample characteristics, such as gender composition, country of
origin, average age, and whether the children were in kindergarten, preschool, or still at home,
have been found to explain substantial heterogeneity (see Friso-van den Bos et al., 2013;
Yeniad et al., 2013). In particular, differences in age may lead to divergent findings because
the development of EFs and math skills evolves rapidly before children enter school (Allan et
al., 2014; Garon et al., 2008). David (2012) and Swanson and Jerman (2006) found that the
links between updating and math skills are stronger in younger children than in older ones, and
Friso-van den Bos et al. (2013) reported similar findings for shifting. We coded the authors’
descriptions of the preschool status of the respective samples. As for gender composition, some

studies found no effect on the relation between EFs and math skills (Bull et al., 2008; Clark et
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al., 2010). In a meta-analysis of children ages 6—12 years, however, Cortés Pascual et al. (2019)
found gender composition significantly moderates the relationship of updating and an EF
composite with math performance. At the same time, most studies in the present sample did
not explicitly examine the possible influence of gender, leaving a research gap in the literature
on preschool children. Additionally, there is some evidence that children from different
countries and continents vary in terms of performance speed and problem-solving strategies,
which might hint at differences in instruction and number language (Imbo & LeFevre, 2009).
Furthermore, studies have reported that socioeconomic status is related to EFs (Blair, 2010)
and influences their relation to math skills (Noble et al., 2007; Riggs et al., 2006). Finally,
measurement characteristics are especially important in the context of preschool children
because children at that age generally are not yet able to read or write. Therefore, commonly
used measures based on reading and writing (e.g., paper-and-pencil word problem-solving
tasks) cannot be applied. As a result, a wide array of alternative measures of inhibition, shifting,
and updating have been used, introducing heterogeneity to the pool of measurements for
preschool children. Some previous meta-analyses have supported the possible differential
relation between different types of EF tasks and math skills (see Allan et al., 2014; Jacob &
Parkinson, 2015). Table S6.1 presents a summary and examples of all types of EF tasks
examined in the present meta-analysis. Regarding the measurement characteristics of math
skills, different task types (e.g., basic number knowledge tasks vs. numerical reasoning tasks)
have been proposed (see Allan et al., 2014; Peng et al., 2016) and have been found to moderate
the relation between updating and math skills (Friso-van den Bos et al., 2013). Despite this
evidence, several key characteristics have been tested to only a limited extent, including
whether using a verbal, paper-and-pencil, behavioral, or computer-based test of EFs or math
skills makes a difference (see Allan et al., 2014); whether the constructs were tested in a group
setting or individually; and whether the test was a performance test or a third-person rating. In
the present meta-analysis, we investigated the possible moderating effects of such
characteristics on the relation between measures of EFs and math intelligence within and
between studies. In the Coding of Studies section, we provide a list of all moderators.
6.3 The Present Meta-Analysis

The present meta-analysis was aimed at elucidating the relation between EFs and math
skills—the latter of which is conceptualized as a facet of intelligence—in preschool children.
The meta-analysis also aims to quantify variations within and between studies through

multilevel meta-analysis, explaining these variations based on the study, sample, and
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measurement characteristics, and to test the amount of variation in math skills that can be
jointly explained by inhibition, shifting, and updating. To answer the research questions, we
followed the steps of the Meta-Analysis Reporting Standards (APA Publications and
Communications Board Working Group on Journal Article Reporting Standards, 2008), and
we utilized advanced meta-analytic approaches, including multilevel meta-analysis and meta-
analytic structural equation modeling. Specifically, the present meta-analysis addresses three
research questions:

RQ4: To what extent are EFs (represented by a composite and by the three
subdimensions of inhibition, shifting, and updating) and math skills (conceptualized
as math intelligence) related in preschool children? (Overall correlations)

RQ5: To what extent do these relations vary within and between studies, and which
sample, study, and measurement characteristics explain this variation?
(Heterogeneity and moderators)

RQ6: To what extent do the three subdimensions of EFs (i.e., inhibition, shifting, and
updating) differ in their ability to explain variations in math intelligence, and how
much variation do they jointly explain? (Model testing)

6.4 Methods
6.4.1 Literature Search

We report how we determined our sample size, all data exclusions (if any), all
manipulations, and all measures in the study. The literature search and parts of the study
selection were part of a broader project conducted by the authors that focused on the
interrelations between EFs and different facets of intelligence in the general population. For
this reason, the first steps of the literature search, screening, and coding procedure included the
broad construct of intelligence. The literature search focused on published peer-reviewed
articles and dissertations listed in Medline, Embase, ERIC, PsycINFO, ISI Web of Science
(Core Collection), and ProQuest Dissertations and Theses. To mitigate potential publication
bias, we also searched for gray literature in Google Scholar, OpenGrey, PsyArXiv, and
ResearchGate. We performed an initial search of these databases in November 2018 and
updated the search in March 2019 and in February—March 2021. The two updates yielded about
1,800 additional publications. We adjusted the search terms to fulfill the requirements of the
different databases. The details of these searches, the search terms, and the full search strategy
are in Supplemental Material S2. All searches were limited to results from between January 1,

2000, and the dates above; English-language publications; and studies with human subjects
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(Boyle et al., 2018). The start date was chosen to ensure that the studies utilized the core EF
dimensions defined in Miyake et al.’s (2000) seminal paper. More practical reasons for this
start date were to minimize cohort effects and keep the number of studies manageable. Given
that math skills are considered an element of intelligence and cognate reasoning skills, we first
based the search terms on EFs, intelligence, and reasoning:
((executive (function* or dysfunction® or control* or abilit*)) OR (dysexecutive
(function* or dysfunction® or control* or abilit*)) OR (cognitive control)) OR (short
term memor*) OR (working memor*) OR (updating) OR (Multitasking Behavior) OR
(Inhibition) OR (Shifting) OR (Switching) OR ((cognitive or mental) flexibilit*)) AND
((Intelligence) OR (IQ) OR ((Intelligence or IQ) (test™ or measure* or examination™® or
tool* or score* or scoring or scale* or instrument™® or assessment* or rating* or evaluat™®
or questionnaire*)) OR (reasoning) OR (Problem Solving) OR (Decision Making)).
The first step of the search (the main literature search) yielded 13,887 publications, and
the second step (gray literature search) yielded 1,529 publications. We removed duplicates and
all publications with participants older than 18 years to ensure a focus on children and youths
(Bramer et al., 2016), resulting in 4,620 publications. We then transferred these publications to
DistillerSR (Evidence Partners, 2021) and deduplicated them once more, resulting in 4,611
publications for further screening. The literature search, deduplication, and screening
procedure for all references are summarized in Figure 12. As part of the screening, we extracted

relevant publications that focused on math intelligence.
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Figure 12. Flowchart Summarizing the Literature Search and Study Selection
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6.4.2 Study Selection

The screening procedure comprised three steps—initial screening of titles and abstracts,
screening for preschool children, and full text screening (see Figure 12). Table S6.2 in the
Supplemental Material presents detailed descriptions of all three screening steps. After
following the three steps, we included all studies that fulfilled the following five criteria: (a)
The study had to be empirical and report original research findings. (b) The mean age of the
sample had to be at or less than 6 years and 11 months, with more than half of the sample not
in primary school yet. We chose this high cut-off age to possibly include children from
countries such as Germany, where children tend to start first grade in the year they turn 7 years
old. In combination with including only samples of which the majority was not yet in school,
we tried to create an age-inclusive but predominantly preschool overall sample. (¢) The study
had to contain at least one sample in which the majority of participants were healthy and not
diagnosed with a disorder or medical condition. This criterion maximizes the generalizability
of the findings to the general public, as recent meta-analyses have found impaired EFs in
children with conditions such as type 1 diabetes mellitus, fetal alcohol spectrum disorder, or
high-functioning autism spectrum disorder (Broadley et al., 2017; Kingdon et al., 2016; Lai et
al., 2017). (d) The facet of intelligence and at least one EF had to be measured. (¢) The zero-
order correlations of this relation had to be reported, or sufficient information to compute such
an effect size had to be given. We did not include partial correlations or the results of
multivariate analyses, as they do not purely represent the relation between EFs and facets of
intelligence and, therefore, are not equivalent to zero-order correlations (Lipsey & Wilson,
2001).

We excluded studies during the three screenings if they fulfilled one or more of the
following seven exclusion criteria: (a) The study was published before January 1, 2000. (b)
The language of reporting was not English. (c) The subjects were nonhuman. (d) The results
of the same sample were included in another study. (e) The abstract, full text, and secondary
sources reporting the results of the study were unavailable. (f) Intelligence was operationalized
as anything other than math intelligence, numerical intelligence, figural intelligence, verbal
intelligence, or literacy skills (e.g., emotional intelligence, theory of mind). (g) Results were
reported only for samples with a medical condition or a disorder or for samples with a mean
age older than 6 years and 11 months.

A total of 221 studies were eligible for the next screening step after we applied the
inclusion and exclusion criteria. The screening was conducted by one of the authors together

with another graduate coder who had undergone training with a screening manual in 2020.
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After the update in 2021, the coding author worked with the DistillerSR (Evidence Partners,
2021) artificial intelligence module (for an introduction, see Baguss, 2020). Between 20% and
30% of the studies in each screening step were double-screened. Any disagreement was settled
through discussion among the authors, and the interrater reliability of the coding () ranged
from 93% to 98%.

After this screening, we conducted a finer-grained screening to identify which studies
examined EFs and math intelligence in preschool children. Table 10 presents an evidence gap
map of the frequency of intercorrelations between EF subdimensions and facets of intelligence.
As we aimed to sort the studies by EF and intelligence facets, we differentiated among four
categories of EFs: inhibition, shifting, updating, and a composite of multiple EFs. Intelligence
measures were divided into four categories (subcategories are listed in parentheses):
standardized intelligence tests (figurative, verbal, or numerical), math intelligence tests
(standardized math test or math-related test), literacy skills tests (reading comprehension,
reading fluency, receptive vocabulary, productive vocabulary, language fluency, letter
identification, or language comprehension), and working memory tests. Of the 221 studies
included in the facet screening, 56 studies reported results for at least one EF and math

intelligence and therefore met the inclusion criterion for the present meta-analysis.
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Table 10. Evidence Gap Map of the Number of Studies Measuring EF Subdimensions and
Intelligence Facets in Preschool Children

Intelligence Inhibition Shifting ~ Updating EF composite EF sum
Standardized IQ test 58 37 48 39 102
Figurative intelligence 41 28 36 29 77
Verbal intelligence 32 17 23 22 57
Numerical intelligence 8 3 6 1 9
Math intelligence 39 21 34 18 56
Standardized math test 32 16 28 18 48
Math-related test 11 9 10 2 14
Literacy skills 86 53 60 40 124
Reading comprehension 8 5 7 5 15
Reading fluency 6 4 4 1 8
Receptive vocabulary 60 37 38 31 89
Productive vocabulary 24 15 15 10 31
Language fluency 11 9 10 4 16
Letter identification 22 10 15 11 32
Language comprehension 15 9 12 3 20
Working memory 90 63 95 21 100

Intelligence sum _ 104 129 65

Note. Darker shaded cells identify sufficient amounts of research to conduct a meta-analysis.
Lighter cells indicate a need for more primary studies. Numbers are based on ks =221 studies
with preschool children identified in the screening process

6.4.3 Coding of Studies

Three independent coders extracted data from the full texts and coded data on the study,
sample, and measurement characteristics for moderator analyses beyond the statistical relation
between EFs and math intelligence. The following study characteristics were coded:
publication year (2000-2021), publication status (published study vs. gray literature), type of
publication (journal article, conference paper, dissertation, or preprint), study background
(whether the research question of the study was educational vs. clinical), and study design
(whether the data were longitudinal vs. cross-sectional). The coded sample characteristics were
children’s mean age (in years), gender composition (percentage of girls in the sample),
percentage of school students in the sample (samples with 50% or more school students were
excluded), country of sample origin (e.g., the United States, Spain, and China), continent of
sample origin (North America vs. Australia, Asia, and Europe), sample size, preschool status
of the majority of the children in the sample (prekindergarten, kindergarten, preschool), and
socioeconomic status of the sample (low, low to medium, medium, medium to high, high). We
coded socioeconomic status based on either an explicit indication (e.g., “families reported a

medium-high socio-economic level”; Cueli et al., 2020, p. 239) or, if that was not available, a
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combination of factors (e.g., parents’ education, eligibility for free meals, household income in
comparison to the national average) rated by two coders.

For the measurement characteristics of math intelligence, we coded the number of items
used to assess math intelligence, math intelligence subdimension (basic number knowledge,
calculation and reasoning, spatial, composite), mode of math intelligence testing (paper-and-
pencil, verbal, behavioral, verbal and paper-and-pencil, computer-based), whether math
intelligence was tested with a performance-based test or a third-party rating, whether math
intelligence was tested in a group setting or individually, and the internal consistency of the
math intelligence measure (Cronbach’s a). Measurement characteristics of EFs included the
number of items used to assess EFs, EF subdimensions (inhibition, shifting, updating, or
composite of at least two of the other subdimensions), type of EF task (e.g., Stroop task, Simon
task, dimensional change task, span task; see Table S6.1 for descriptions and examples of all
15 task types), mode of EF testing (verbal, behavioral, apparatus-based, computer-based),
whether EFs were tested with a performance-based test or a third-party rating, whether EFs
were tested in a group setting or in an individual setting, and the Cronbach’s « value of the EF
measure. We considered the study characteristics and sample characteristics moderators at the
study level and the measurement characteristics moderators at the effect size level. The three
coders, one of the authors and two graduate coders, had undergone training with a coding
manual. The two graduate coders showed excellent interrater reliability with the coding author
(k = 91% and 94%) for the 23 studies they had double coded. Disagreement was resolved
through discussion after the interrater reliability estimation. The codebook, with a description
of all coded variables and their possible values as well as all data, can be found in Supplemental
Material S1.

Twenty-five studies did not report crucial information for the meta-analysis, such as the
correlation coefficients between EFs and math intelligence. In such cases, we contacted the
authors and asked them to provide the missing information. After 2 to 6 weeks and a reminder,
16 of 25 authors provided the missing information. Therefore, it was possible to include 47
studies. From these studies, we extracted 363 effect sizes for a total sample of 30,481 preschool
children. The studies included three gray literature publications.

6.4.4 Data-Analytic Approaches

After conducting preliminary analyses for publication bias and influential cases, we

applied multilevel meta-analysis, which has two major advantages over conventional meta-

analysis, to address RQ1 and RQ?2. First, this approach enabled us to include multiple effect
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sizes per study, in contrast to conventional meta-analyses, and enhanced statistical power (see
Soveri et al., 2017). Second, it is possible to examine heterogeneity and moderator effects at
the effect size and study levels All data sets as well as the general analytic code for RQ1 and
RQ2 can be found in Supplemental Material S1 and S3 respectively. To address Research
Question 3, we performed meta-analytic structural equation modeling (MASEM).
Supplemental Material S1 and S4 represent the corresponding data set and the analytic code
for the MASEM approach, respectively.

6.4.4.1 Publication Bias and Influential Cases

In psychological research, nonsignificant results are less likely to be published—a
phenomenon called publication bias (Egger et al., 1997; Ferguson & Heene, 2012). To avoid
replicating selectively published findings in the meta-analysis, we assessed the publication bias
in the present data. We graphically inspected the 363 effect sizes of this meta-analysis via
contour-enhanced funnel plots.

A contour-enhanced funnel plot depicts all effect sizes in comparison to their respective
standard errors, and different shades of color indicate their level of statistical significance
(Peters et al., 2008). In cases of publication bias, the plot should be skewed to one side at the
base of the funnel. Otherwise, the plot should be symmetrical, and studies with larger standard
errors should be evenly spread around the base of the funnel (Egger et al., 1997). We performed
Begg’s rank correlation test to check for a significant association between the effect size
estimates and their sampling variances (Begg & Mazumdar, 1994). Moreover, Fernandez-
Castilla et al. (2021) recently extended trim-and-fill analyses to multilevel meta-analysis and
developed a procedure for obtaining estimates of the number of effect sizes that may have been
suppressed due to selection bias (L§ and Ry ). Estimates above 2 (L§) or 3 (R]), respectively,
could indicate the presence of selection bias.

Extending the baseline (correlated and hierarchical effects [CHE]) model, we
performed the Precision Effect Test (PET) by estimating the moderator effects of the sampling
standard errors, the funnel plot test by estimating the moderator effects of the study sample
sizes, and the Precision Effect Estimate with Standard Error (PEESE) test by estimating the
moderator effects of the sampling variances.

6.4.4.2 Multilevel Meta-Analyses

For the meta-analysis, we used the R packages metafor (Viechtbauer, 2010), metaSEM
(Cheung, 2015b), dmetar (Harrer et al., 2019), robumeta (Fisher et al., 2017), and
clubSandwich (Pustejovsky, 2021). To address all the research questions, we conducted the

analyses with five data sets: the complete data set (encompassing the entirety of ks = 363 effect
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sizes), the inhibition data set (with ks = 137 effect sizes for inhibition as the EF), the shifting
data set (with kzs = 96 effect sizes for shifting as the EF), the updating data set (with kzs = 107
effect sizes for updating as the EF), and the pooled data set with study-level data (i.e., one
average effect size per study, ks = kes = 47). To obtain the average effect sizes of the pooled
data set, we aggregated the correlations between EFs and math intelligence to weighted-
average, study-level correlations utilizing the aggregate()-function in the R package metafor.
This aggregation was based on inverse-variance weighting and accounted for the dependencies
between the multiple correlations within the studies (Viechtbauer, 2021). Specifically, we
assumed a within-study correlation of p = 0.3 and specified a compound symmetric structure
to represent this dependency.

As noted, most of the 47 studies provided more than one correlation and reported a
relation between multiple EF tasks and multiple measures of math intelligence. Consequently,
the effect sizes were dependent (Borenstein et al., 2009; Cheung, 2014). Specifically, due to
the inclusion of multiple correlations within studies and the inclusion of multiple measures of
EFs or math intelligence in the same study, the dependency structure may be correlational and
hierarchical (Pustejovsky & Tipton, 2021). To account for these two forms of dependencies,
we specified a three-level random-effects model with a constant sampling correlation (p) to
obtain an estimate of the average correlation between EFs and math intelligence in preschool
children and the respective variance components. Pustejovsky and Tipton (2021) referred to
this model as the CHE model and emphasized that it is suitable in situations in which the data
structure may be correlational and hierarchical, and where an informed estimate of the within-
study correlation between effect sizes (p) can be obtained. Compared to multilevel meta-
analysis (Van den Noortgate et al., 2013), the Level 1 sampling errors in the CHE model are
assumed to be correlated. This assumption provides a suitable representation of the nature of
the present meta-analytic data. Compared to robust variance estimation (Fernandez-Castilla et
al., 2020), the CHE model quantifies the variance components at the different levels of analysis
and thus could shed light on the level at which heterogeneity exists or is explained by
moderators.

In a review of the existing measurement models describing the structure of executive
functions, Camerota et al. (2020) found support for average correlations between EF tasks of
p = 0.20-0.40. Drawing from existing reviews and influential studies on the relations between
EF tasks (Ackerman et al., 2005; Friedman & Miyake, 2017; Jewsbury et al., 2016) and the

existing meta-analyses on the relations between mathematics skills and EFs (see Table 9), we
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assumed a constant sampling correlation of p = 0.30 for the complete, composite, and pooled
data sets (as they include a broad range of EF and math tasks), and p = 0.40 for the inhibiton,
shifting, and updating datasets (as they include EF tasks assessing only one EF subdimension).
However, we examined the sensitivity of choosing these values, varying p between 0.20 and
0.60 and examining the effects on model parameters.

The CHE model without moderators represents a three-level random-effects model

incorporating p as follows (Cheung, 2015; Pustejovsky & Tipton, 2021):

Level 1 (Sampling variation): éij = 0; + ¢,
Level 2 (Within-study variation): 05 =1+, )i
Level 3 (Between-study variation): K =Byt Lo

where the estimator of the ith effect size, 6

j» in the jth study is decomposed into the true effect

size, 0,;, and the residuals, €

i at Level 1 with €;;~N(0, s?) and Cov(ep;, €;;) = ps} forh # i

ijs
and sz representing the average known sampling variance of study j. At Level 2, the true effect

size, 6;;, is then decomposed into the average study-level effect size, x;, and some deviation of

ij> s s

the effect size, 0;, from x;. The variance 1(22) indicates the within-study heterogeneity,

((2)I.J.~N (1 1(22)). Similarly, the average effect size, x;, is decomposed into the average
population effect, #,, and the study-specific deviation to quantify the between-study
heterogeneity, Csy~N (0, 1(23)). This three-level approach allowed us to quantify three

components of variance via restricted maximum likelihood estimation: variance between
studies (Level 3), variance between the effect sizes within a study (Level 2), and sampling
variance (Level 1; see Van den Noortgate et al., 2013).

To support our choice of the CHE model as the baseline model, we specified alternative
models with random effects and a fixed-effects model and compared them to the CHE model.
For these comparisons, we examined the following information criteria: Akaike’s information
criterion (AIC), the Bayesian information criterion (BIC), and the corrected AIC (AICc;
Cavanaugh, 1997). Smaller values indicate a preference for a model.

To assess whether variations other than the sampling error existed, we calculated
Cochran’s Q (Cochran, 1950). A statistically insignificant Q value indicates homogeneity,
whereas a statistically significant Q value indicates heterogeneity within the distribution of
effect sizes (Ellis, 2010). To complement this overall heterogeneity test, we calculated the

level-specific I° indices. The F index quantifies the proportion of variance caused by
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heterogeneity, and it is categorized as low (25%), moderate (50%), and high (75%)
heterogeneity (Higgins et al., 2003). The /? indices for levels 2 and 3 in a three-level random-
effects meta-analysis are defined as follows (Cheung, 2014):

22 22

102 T3
Iy = —%— - and I} = +(§ e
T tip to T t1i) to

where %?2 ) represents the Level 2 variance, %?3 ) represents the Level 3 variance, and o represents
the within-study sampling variance (Cheung, 2015a). We supplemented these indices at the
respective levels.

6.4.4.3 Moderator Analyses

To address the second research question, we examined possible moderator effects on
the relation between EFs and math intelligence by entering the study, sample, and measurement
characteristics into the CHE model. To facilitate interpretation, we mean-centered some of the
continuous moderators, z-transformed the children’s average age, arcsine-transformed
proportional measures (e.g., gender composition coded as the percentage of girls in the sample;
see Schwarzer et al., 2019), and dummy-coded categorical and ordinal moderators with more
than two categories. The respective mixed-effects meta-regression models with the constant

sampling correlation p and moderator variables X;; represented a direct extension of the CHE
model (Pustejovsky & Tipton, 2021): é,-j =x;;B+ ij + C(Z)!}. + ¢, with €;;~N (0, sjz),
Cov(ehj,eij) = ps]? for h # i, ((2)4.1.~N(0, T(ZZ)), and 5(3)j~N(0, 1(23)). For moderators with
many categories, we extended the CHE model by an additional level of analysis (CHE + model;
Pustejovsky & Tipton, 2021)For instance, to assess the moderator effects of the EF task types,
we specified a cross-classified random-effects model with the level of task type next to the

effect size and study levels (Figure 13). This model allowed us to explicitly quantify the

variance between EF task types.

123



Study 2

Figure 13. Exemplary Structure of a Cross-Classified Model

Level 3a Studies Study 3

Level 2 Effect sizes

Level 3b Task types

6.4.4.4 Meta-Analytic Structural Equation Modeling

To examine the joint effects of EFs on math intelligence and test for possible
differential effects (RQ3), we performed correlation-based MASEM. To distinguish clearly
between the three EF subdimensions (i.e., inhibiting, shifting, and updating), we excluded
correlation matrices that contained only composite EF measures. Specifically, we tested four
structural equation models (see Figure 14) and evaluated their goodness-of-fit to the meta-

analytic data at the study level.

Figure 14. Meta-Analytic Structural Equation Models (Models 1-4) Representing the
Relations between Executive Functions and Math Intelligence

Model 1 1\ Model 2 1\
Inhibition Bin a? Inhibition B o?
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Note. MATH = Math intelligence, IN = Inhibition, UP = Updating, SH = Shifting, EF = Latent
variable representing general executive functions.
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Model 1 represented a regression model in which math intelligence was predicted by
the three EFs. This model quantified the overall variance explanation, allowing for differential
effects of the EF subdimensions. Model 2 further constrained the regression coefficients in
Model 1 to equality across the three executive functions. This model assumed equal effects on
math intelligence (Marsh, Dowson, et al., 2004). Model 3 represented the three EF
subdimensions with a latent variable (i.e., a general factor underlying the EFs; Miyake &
Friedman, 2012) that predicted math intelligence. This model captured the covariation among
the three EFs in a latent variable and quantified the explanation of joint variance (e.g., Scherer
et al., 2018). As in Model 3, Model 4 assumed a latent variable of EFs but used the residuals
of the EF subdimensions as predictors of math intelligence. Model 3 focused on a common
latent EF variable as the primary source of variance in math intelligence (“common factor
model”); Model 4 focused on the residuals of EFs as the sources of variation (“residual factors
model”). In other words, these two models targeted common or unique effects on math
intelligence (see also Nguyen et al., 2019). Notably, Model 4 estimated the unique effects after
we controlled for the common latent EF variable, but not after we controlled for the effect of
the common latent EF variable. In fact, adding a direct path between the latent EF variable and
math intelligence resulted in a model that was not identified (df,; =—1). Following Nguyen et
al.’s (2019) procedure, we specified a hybrid model that estimated the direct effect of the latent
EF variable and the direct effect of one EF residual at a time on math intelligence. This model
allowed us to include the latent variable and the residual effect and resulted in an identified
model. We refer to these models (one for each EF residual) as hybrid models.> Supplemental
Material S1 and S5 represent the corresponding data set and the analytic code for the hybrid
models, respectively.

Correlation-based MASEM allows researchers to synthesize not only single
correlations but also entire correlation matrices across primary studies to test multivariate
hypotheses (Cheung, 2015a). Several procedures have been developed to perform correlation-
based MASEM, and they benefit from these advantages (Sheng et al., 2016). In a review of
these procedures, Scherer and Teo (2020) highlighted that they comprise two key elements:

pooling of correlation matrices and structural equation modeling based on the pooled

> We also examined alternative modeling approaches to identify Model 4 with an additional direct path, such as
constraining factor loadings (and ultimately residual variances) to equality or fixing the parameters of the EF
measurement model to values that had been estimated from MASEM of a confirmatory factor analysis model with
only the EF subdimensions (the two-step estimation approach). However, none of these approaches resulted in
robust and trustworthy standard errors and, thus, were not considered for further analyses.
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correlation matrix. Two-stage MASEM pools the correlation matrices utilizing maximum
likelihood estimation and allows researchers to quantify the between-study heterogeneity of
the correlation coefficients (i.e., random-effects modeling) in the first stage (Cheung &
Cheung, 2016). In the second stage, the structural equation model is fitted to the pooled
correlation matrix utilizing weighted least squares estimation (Cheung, 2015a) but without
quantifying the heterogeneity of the model parameters. One-stage MASEM performs these two
stages in one step and utilizes maximum likelihood estimation (Jak & Cheung, 2020). In the
present meta-analysis, we performed two-stage MASEM to address the third research question
and compared the resultant model parameters with those obtained by performing one-stage
MASEM as a sensitivity test. At the time of writing, these two MASEM approaches had not
been extended to accommodate hierarchical or correlation dependencies among correlation
matrices (Jak & Cheung, 2020). Therefore, we estimated Models 1-4 based on the study-level
correlation matrices, combining multiple correlations for the same pairs of variables within
studies via Fisher’s z-transformation (Borenstein et al., 2009). Thus, each primary study
contributed only one correlation matrix. This data set and the corresponding analytic code can
be found in Supplemental Material S1 and S4 respectively.

To evaluate the fit of the four models, we relied on common guidelines for the
comparative fit index (CFI), the root mean square error of approximation (RMSEA), and the
standardized root-mean-square residual (SRMR; acceptable fit was defined as CFI > .95,
RMSEA < .08, SRMR < .10; e.g., Hu & Bentler, 1999; Marsh et al., 2005). However, these
guidelines have been validated only on a limited set of specific structural equation models;
therefore, we did not apply them as “golden rules” (Marsh, Hau, et al., 2004). Model
comparisons were performed via chi-square difference testing and differences in information
criteria (Kline, 2015). We performed correlation-based MASEM in the R package metaSEM
(Cheung, 2015Db).

6.4.4.5 Sensitivity Analyses

To evaluate the sensitivity of the results, we examined the effects of (a) including vs.
excluding the study with the largest sample (Nguyen & Duncan, 2019; more than 17,000
participants), (b) different choices of the constant sampling correlation p between 0.20 and
0.60, as previously noted (Fisher et al., 2017), (c) one-stage vs. two-stage MASEM (Jak &
Cheung, 2020), and (d) unattenuated vs. attenuated correlations with the reliabilities of EF
(agr) and math intelligence (o) measures (Hunter & Schmidt, 2004). For (d), we considered
only Cronbach’s a values as reliability coefficients. If Cronbach’s o was not provided in a

primary study, we used the average reliabilities of all available EF or math intelligence
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measures in the data set. These average reliabilities were obtained with a random-effects meta-
analysis of all available reliabilities for the respective constructs (see Supplementary Material
S3).

6.4.4.6 Evaluation of Primary Study Quality

Evaluating the quality of the primary-level studies is an important step towards crafting
an argument for the evidential value of the meta-analytic data (Johnson, 2021). In this meta-
analysis, we extracted the following quality indicators from the primary studies: Publication
status (0 = gray, 1 = published), overall sample size N, the reporting of the reliability
coefficients for the study sample (0 = not reported, 1 = reported), the reliability coefficients
of the executive functions and math intelligence assessments (Cronbach’s Alpha), and the
reporting of p-values associated with the EF-math intelligence correlations (0 = not reported,
1 = reported). To synthesize these indicators, we created a study quality index as an emergent
composite variable via structural equation modelling. This model contained the EF-math
intelligence correlation as an outcome variable that is predicted by the quality index (see
Supplementary Material S7). To identify the model, the residual variance of the composite
variable was fixed to zero, and the regression coefficient connecting study quality and the
correlations was fixed to 1 (Henseler, 2021). Creating a composite quality index via SEM has
several advantages: First, it allows meta-analysts to combine a diverse set of quality indicators,
such as binary, ordinal, count, and continuous variables, into a single index. Second, it handles
missing data in the quality indicators efficiently via multiple imputation or model-based
procedures. Third, the quality indicators receive individual rather than equal weights. Fourth,
it accounts for the hierarchical structure of the meta-analytic data (i.e., multiple samples or
effect sizes per study). After estimating the SEM parameters in the R package lavaan (Rosseel,
2012), we extracted the resultant composite index and explored the extent to which it explained
heterogeneity in the EF-math intelligence correlations.
6.4.5 Transparency and Openness

This review’s protocol was not pre-registered. We followed the PRISMA reporting
guidelines for our systematic review and meta-analysis. We share all Supplemental Material,
analysis syntaxes, data, the codebook, and the documentation of the systematic search at
https://osf.io/vnSpe/?view_only=d4a5f0670ca5469599d13828918957ba  (Emslander &
Scherer, 2022).
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6.5 Results
6.5.1 Description of the Included Studies

The study, sample, and measurement characteristics of all (ks = 47) studies included in
the present meta-analysis are described in Table S6.3, and the frequencies and missing values
of the categorial moderators are shown in Table S6.4 in the Supplemental Material. Thirty-
eight of the 47 studies reported multiple effect sizes, ranging from 1 to 36 per study, with an
average of 8. Overall, the present meta-analysis included 65 samples and kzs = 363 effect sizes.
These effect sizes stem from 44 published journal articles and three gray literature items: one
dissertation (Ahmed, 2019), one preprint (Costa et al., 2021), and one conference proceeding
(Duncan et al., 2016; see Table S6.3). Figure S6.1 in the Supplemental Material displays the
number of effect sizes and studies by the country of sample origin. Most studies (66%) drew
on samples from the United States (representing North America; none of the studies were based
on Canadian samples), whereas 17% of the studies used samples from Europe, 13% drew from
Asia, and 4% drew from Australia. All studies were conducted in an educational context. Most
EF measures (98%) and math intelligence measures (99%) were administered in an individual
setting, although one study measured EFs in a group setting (Ahmed, 2019), and another
measured both constructs in group settings (Triff et al., 2020; see Table S6.4).

Figure S6.2 in the Supplemental Material presents the number of effect sizes by EF
subdimension, math intelligence subdimension, EF task type, EF test mode, and math
intelligence test mode. The largest number of effect sizes (38%) indicated the relation between
inhibition and math intelligence (kes= 137), followed by the relation between updating and
math intelligence (kzs = 107) and the relation between shifting and math intelligence (kes = 96).
Thus, the literature slightly emphasizes the correlation between inhibition and math
intelligence. Regarding math intelligence, most effect sizes were associated with the
correlations of EFs and basic number knowledge (kes= 157), calculation and reasoning
(kes = 105), or a math intelligence composite (kzs = 93). The tasks that were most frequently
used to measure EFs were Stroop-like tasks (kzs=79) to measure inhibition, dimensional
change tasks (kes= 83) to measure shifting, and difficult span tasks (kzs= 50) to measure
updating. These EF measures were mostly administered verbally (kes= 120) followed by
apparatus-based (kzs =93) or computer-based (kgs=71) and behaviorally (kzs= 62). Math
measures were administered verbally even more often than EF measures (kes =273; 77% of

effect sizes).
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Table 11 shows the descriptive statistics of the continuous moderators. The total sample

of the present meta-analysis included 30,481 preschool children ranging in age from 3.0 to 6.6

years. Half of the children were girls (M = 50.4%, SD = 4.2%). Although 46 studies drew on

samples of children who had not yet entered first grade, 15% of Mills et al.’s (2019) sample

were first graders. All studies were published between 2007 and 2021 (see Table 11).

Table 11. Descriptive Results of Continuous Moderators

Continuous moderator ks kes M SD Mdn Min Max
Publication year 47 363 2016.21 1.13 2017 2007 2021
Gender composition 47 363 5036 4.23 50 37.59  63.90
Age (in years) 46 355 4.93 0.84 5 3 6.58
Reliability of math 22 169 0.85 0.10 0.88 0.46 0.97
intelligence measures
Number of math 42 268 32.46 22.51 33 3 120
intelligence items
Reliability of EF measures 24 63 0.87 0.08 0.87 0.56 0.95
Number of EF items 39 237  35.52 40.30 20 3 240

Note. ks=Number of included studies; krzs = Number of effect sizes; Gender

composition = Percentage of girls in the sample.
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6.5.2 Preliminary Analyses

6.5.2.1 Identifying a Baseline Model

First, we specified and estimated the baseline model (i.e., the CHE model) with the
respective constant sampling correlations. To support this model, we identified alternative
meta-analytic models with different variance components. Table 12 displays the fit statistics
for the complete data set. Based on these results, we found that the three-level random-effects
model with a constant sampling correlation best represented the data (CHE in Table 12).
Consequently, this model served as the baseline model for additional moderator analyses and
for reporting an overall effect size. The CHE model also served as a baseline model for the
inhibition, updating, and shifting data sets. Given the small sample sizes of the pooled and
composite data sets, we chose the random-effects model with robust variance estimation and a

constant sampling correlation of p = 0.30.

Table 12. Model Fit Indices for the Baseline and Cross-Classified Models

Variable df LogLik AIC BIC AlCc

CHE model (°zyand 7°3) freely 3 210.51  -415.01  -403.34 -414.94
estimated, hierarchical nesting,
r=rho =0.3)

HE model () and 7°3) freely 3 207.78 -409.57  -397.89 -409.50
estimated, hierarchical nesting)

RE model (2 = 0 and 773, 2 -62545 125491 1262.69 1254.94
freely estimated)

RE model (77 freely estimated 2 162.39 -320.79 -313.00 -320.75
and 73 = 0)

FE model (1‘2(2) =0and 1 -1364.99 2731.98 2735.88 2732.00
T3 =0)
CHE+ model(Z and ) 4 25767 -50735 -491.78  -507.23

freely estimated, hierarchical
nesting, » = rho = 0.3)

HE+ model (72 and %3 freely 4 251.49  -494.98  -479.41 -494.87
estimated, hierarchical nesting)

Note. LogLik = Log-Likelihood; AIC = Akaike information criterion; BIC = Bayesian
information criterion; A/Cc = corrected Akaike information criterion; CHE model = three-
level random-effects model with hierarchical nesting and constant sampling correlation;
HE model = three-level random-effects model with hierarchical nesting; RE model = common
random-effects model; FE model = fixed-effects model; CHE+ model = cross-classified four-
level random-effects model with hierarchical nesting, constant sampling correlation, and
executive function task type as an extra level; HE+ model = cross-classified four-level random-
effects model with hierarchical nesting and executive function task type as an extra level.
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6.5.2.2 Detecting Influential Effect Sizes

Outlier analysis identified two of the 363 effect sizes (Ahmed et al., 2018; Mills et al.,
2019) as influential. The confidence interval of these effect sizes exceeded the average
correlation confidence interval and displayed considerable difference in fits values (DFFITS
> (0.4 standard deviations), Cook’s (1977) distance values (> 0.15), and covariance ratio (< 1),
suggesting that these effect sizes should be removed for greater precision (Viechtbauer &
Cheung, 2010). However, removing these two influential cases yielded a similar average
correlation as the meta-analysis that included all effect sizes (¥ = .347 vs. ¥ =.341), showed
almost equal population variances (z2) = .101 and z3) = .084 vs. 72) = .106 and 73) = .085), and
displayed only marginally different confidence intervals (95% CI [.32, .38] vs. [.31, .37]). As
a result, we assumed that the meta-analysis was robust against influential cases. Furthermore,
both effect sizes stemmed from studies drawing on samples larger than the median sample size
of all 47 studies, exhibited good psychometric quality, and reported core study characteristics.
Therefore, we refrained from excluding the two effect sizes.

6.5.2.3 Analyses of Publication Bias

The contour-enhanced funnel plots for the five data sets are shown in Figure 15. For
the complete data, the precision estimate test indicated the presence of publication bias, because
the sampling errors moderated the overall effect, B =—13.6, SE = 0.6, p < .001. Similarly, the
PEESE test resulted in a statistically significant moderator effect of the sampling variances, B
=-69.5, SE =3.7, p <.001. The funnel plot test did not suggest any dependency between the
effect sizes and the sample sizes, B = 0.0, SE = 0.0, p = .58. The two trim-and-fill estimates
were zero; thus, no extra effect sizes were needed to counterbalance potential asymmetry in the
funnel plot. However, these trim-and-fill results should be interpreted with caution, as the
added value of this method is controversial (Duval & Tweedie, 2000; Peters et al., 2007). The
funnel plots for the complete, inhibition, and shifting data sets yielded nonsignificant Kendall’s
1 values ranging from —.04 to —.10, providing no evidence of publication bias. The Kendall’s t
value in the updating data set, —.15, was statistically significant and suggested some evidence
of publication bias (see Figure 15). We did not adjust for publication bias in the subsequent

models.
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Figure 15. Contour-Enhanced Funnel Plots of all Data Sets
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Note. Larger positive effect sizes indicate a closer relationship between EFs and math
intelligence. Correlation coefficients on the x-axis are plotted against the standard errors on the
y-axis for every effect size. 7k = Kendall’s 1 value.
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6.5.3 Main Analysis: Overall Correlations (RQ1)

Table 13 reports the results of the meta-analyses for the five data sets: the complete,
pooled, inhibition, shifting, and updating data sets. To address RQ1, we calculated a three-level
random-effects meta-analysis with the complete data set, which yielded a moderately positive
average correlation (¥ =.34) between EFs and math intelligence in preschool children.
Similarly, the average correlation was 7 = .40 for the pooled data set (see Table 13) and 7 = .47
for all composite EF measures, testing at least two EF subdimensions. Figure S6.3 in the
Supplemental Material displays a forest plot for the pooled dataset with effect sizes and their
confidence intervals (see Supplemental Material S3).

Investigating the three EF subdimensions separately, we found a substantial average
correlation between inhibition and math intelligence (7 = .30), shifting and math intelligence
(7= .32), and updating and math intelligence (¥ =.36). However, given the overlapping
confidence intervals, there was no evidence of statistically significant differences between the
three average correlations (see Table 13). The complete and pooled data sets and the
corresponding analytic codes are presented in Supplemental Material S1 and S3, respectively.
6.5.4 Heterogeneity and Moderator Analyses (RQ2)

6.5.4.1 Heterogeneity Indices

The effect sizes of the five data sets were highly heterogeneous (po <.001; see Table
13 for the exact Q values). For the three-level random-effects meta-analysis with constant
sampling correlation of the complete data set, the heterogeneity at the effect size level and the
study level was 55% and 35% of the total variance, respectively, which was not due to sampling
error. The univariate meta-analysis of the pooled data set showed high total heterogeneity
(90%), as did the data set with only composite EF measures (81%). The effect sizes of the
inhibition, shifting, and updating data sets also varied substantially within and between studies
(see Table 13). The large heterogeneity throughout the data sets motivated subsequent moder-

ator analyses, in accordance with Research Question 2.
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Table 13. Results of the Meta-Analysis of the Relation of EFs and their Subdimensions with Math Intelligence

Relation Data set r 95% CI SE ks kes t 702) 703) 0 P P

EF and math complete  .34%* [.31,.37] .02 47 363 21.28 .106 .085 3690.13* .55 35
intelligence

EF and math pooled A40%* [.36,.44] .02 47 47  21.70 - 117 658.69* — .93
intelligence

Inhibition and inhibition  .30* [.25,.35] .02 30 137 1235 .089 .110 955.49* 36 .54
math intelligence

Shifting and math  shifting 32% [.25,.38] .03 20 96 994 .063 .124 362.17* 18 .69
intelligence

Updating and updating  .36* [.31,.40] .02 27 107 14.89 .105 .088 1032.50* 52 37

math intelligence

Note. Larger positive effect sizes indicate a closer relationship between EFs and math intelligence. 7 = Weighted average correlation, pooled from
all effect sizes within the respective study; ks = Number of included studies; kzs = Number of effect sizes; 72;3 = Heterogeneity at effect size (2)
and study level (3), respectively; O = Sum of squared deviations of each effect size’s estimate from overall meta-analytic estimate; I
2:3 = Heterogeneity indices at effect size (2) and study level (3), respectively.

*p<.001
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6.5.4.2 Continuous Moderators

To explain the heterogeneity (RQ2), we performed a moderator analysis of the complete
data set, as well as separate analyses for the inhibition, shifting, and updating data sets. In the
complete data set, we examined a total of seven continuous and 14 categorical moderators.
Table 14 reports the results of the continuous moderators in the complete data set, and Table
S6.5 reports the results for inhibition, shifting, and updating data sets separately. Publication
year, gender composition, age, number of math items, EF reliability, and number of EF items
did not moderate the relation between EFs and math intelligence. The only continuous
characteristic that marginally statistically significantly moderated this relation was the
reliability of the math intelligence measures (B =0.30, SE=0.15, 95% CI [-0.01, 0.60],
p = .055). The higher the reliability of the math intelligence test, the higher the correlation with
EFs tended to be (see Table 14). This moderating effect was exclusive to the effect size level

Table 14. Results of the Continuous Moderators

Continuous moderator ks kes B SE 95% CI p
Publication year 47 363 0.00 0.01 [-0.03,0.02] .744
Gender composition 47 363 0.05 0.31 [-0.55,0.65] .882
Age (in years) 46 355 0.00 0.01 [-0.02,0.03] .758
Reliability of math 23 169 0.30 0.15 [-0.01, 0.60] .055

intelligence measures
Number of math 42 268 0 0 [-0.00, 0.00] .373
intelligence items
Reliability of EF measures 13 63 0.11 0.30 [-0.50,0.71] .730
Number of EF items 39 237 0 0 [-0.00, 0.00] .840

Note. A significant p-value indicates that there is a statistical difference between the levels of
the moderator. ks=Number of included studies; kezs=Number of effect sizes; Gender
composition = Percentage of girls in the sample.

6.5.4.3 Categorical Moderators

Table 15 displays the results for categorical moderators in the complete data set, and
Table S6.6 shows the results for the inhibition, shifting, and updating data sets separately. To
ensure meaningful interpretation of the results, moderators with fewer than four effect sizes
per category were excluded from the testing (see Bakermans-Kranenburg et al., 2003). This
criterion was applied to publication type, study background, and math intelligence performance

test vs. third-party rating. To facilitate interpretability, we reduced the categories of the
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moderators’ mode of EF testing (to verbal, behavioral, apparatus-based, and computer-based)

and socioeconomic status (to low, medium-low, medium-high, and high).

Table 15. Results of the Categorical Moderators

Moderator ks ks 7 [95% CI] SE RGy Ry P
Baseline (1(22;3): .55;.35) 47 363 34 .31, .37] 0.02 - - -
Country 47 363 - - .00 .30 .021*

United states 31 247 .36 [.33, .40] 0.02 - - -

Australia 2 20 32 (.15, .49] 0.09 - - -

Spain 2 21 28 [.11, .45] 0.09 - - -

Netherlands 2 11 34 [.13,.54] 0.10 - - -

United Kingdom 2 22 .37 [.20, .55] 0.09 - - -

Sweden 2 9 25[.07, .42] 0.09 - - -

Japan 1 4 47 [.25, .69] 0.11 - - -

China 3 14 .30 [.14, .46] 0.08 - - -

Turkey 1 9 13 [-.16, .42] 0.15 - - -

Pakistan 1 6 .07 [-.14, .28] 0.11 - - -
Continent 47 363 - - .00 .07 .041*

North America 31 247 .36 [.33, .40] 0.02 - - -

Asia, Australia, Europe 16 116 .30 [.19, .40] 0.05 - - -
Publication status 47 363 - - .00 .09 .09
Preschool status 47 363 - - .00 .02 31
Socioeconomic status 38 304 - - .00 .00 7
Study design 47 363 - - .00 .00 .58
Math intelligence subdimension 47 355 - - .00 .08 .06
Mode of math intelligence testing 46 353 - - .00 .00 48
Math performance testing 46 360 - - .00 .00 46
Math group testing 46 360 - - .00 .00 31
EF subdimension 47 363 - - .06 24 <.001**

Inhibition 32 137 .30 [.26, .33] 0.02 - - -

Shifting 19 96 32[.25, .40] 0.04 - - -

Updating 27 107 35[.28, .41] 0.03 - - -

Composite 9 23 A451[.35,.55] 0.05 - - -
EF task type 46 356 - - 24 17 <.001**

Composite 6 11 47 [.38, .56] 0.05 - - -

Stroop (Inhibition) 19 79 .24 [.05, .43] 0.10 - - -

Simon (Inhibition) 10 21 .40 [.20, .60] 0.10 - - -

Slow (Inhibition) 2 5 .26 [.03, .49] 0.12 - - -

Shape school (Inhibition) 1 4 38 [.14, .62] 0.12 - - -

Delay (Inhibition) 5 9 .30 [.09, .51] 0.11 - - -

Flanker (Inhibition) 4 12 31[.10,.52] 0.11 - - -

Tap (Inhibition) 6 14 44 [.23, .66] 0.11 - - -

Dimensional change (Shifting) 17 83 31[.12,.50] 0.10 - - -

Flexible selection (Shifting) 4 14 37[.16, .58] 0.11 - - -

Random generation (Updating) 2 8 45 1[.23,.67] 0.11 - - -

Easy span (Updating) 9 18 .30 [.10, .50] 0.10 - - -

Difficult span (Updating) 15 50 .391[.20, .59] 0.10 - - -

Last word (Updating) 1 12 .14 [-.08, .35] 0.11 - - -

Search (Updating) 2 16 .26 [.04, 47] 0.11 - - -
Mode of EF testing 45 346 - - .03 .00 .03*

Verbal 23 120 31[.27, .35] .02 - - -

Behavioral 22 62 .37 [.29, .46] .04 - - -

Apparatus-based 20 93 .35[.26, .43] .04 - - -

Computer-based 13 71 .36 [.27, .46] .05 - - -
EF performance testing 46 349 - - .00 .00 .79
EF group testing 45 347 — — .00 .00 .63

Note. Larger positive effect sizes indicate a closer relationship between EFs and math
intelligence. A significant p-value indicates that there is a statistical difference between the
levels of the moderator. I (2;3 = Heterogeneity indices at levels two and three, respectively;
ks=Number of included studies; kzs=Number of effect sizes; 7= Weighted average
correlation; R? 2,3 = Variance explanation at levels two and three, respectively.

*p<.05.** p<.001
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Most categorical characteristics (publication status, preschool status, socioeconomic
status, study design, math intelligence subdimension, mode of math intelligence testing, group
vs. individual math intelligence test, EF performance test vs. third-party rating, and group vs.
individual EF test) did not show a statistically significant moderating effect on the relation
between EFs and math intelligence (see Table 15). However, several categorical
characteristics—country, continent, EF subdimension, mode of EF testing, and EF task type—
statistically significantly moderated this relation for effect size and study level. The country
where the study was conducted was identified as a statistically significant moderator at the
study level (RE,)=0%; R&)=30%). We found nonsignificant correlations in the two studies
that drew on samples from Turkey (Sogiit et al., 2021) and Pakistan (Armstrong-Carter et al.,
2020). All other countries yielded significant correlations, which were especially high in
studies with samples from Japan (Fujisawa et al., 2019) and the United Kingdom (Blakey &
Carroll, 2015; Costa et al., 2021). Closely related, the continent on which the study was
conducted significantly moderated the relation between EFs and math intelligence almost

exclusively at the study level (Rf,y=0%; R%)=7%). Specifically, studies conducted in the

United States on the North American continent yielded higher correlations than studies
conducted in countries on the Asian, Australian, and European continents (see Table 15). The
EF subdimension was a significant moderator as well, explaining most variance at the study
level (R(22)= 6%; R(23)= 24%). Inhibition, shifting, and updating correlated significantly with
math intelligence. However, the EF composite showed the greatest relation. Examination of
the confidence intervals revealed that the EF composite had a significantly stronger correlation
with math intelligence than inhibition (see Table 15). The mode of EF testing significantly
moderated the relation between EFs and math intelligence, with descriptively higher
correlations for behavioral, apparatus-based, and computer-based assessments than for verbal
assessments. This moderator explained only a small amount of variance between effect sizes

and none between studies (R%)= 3%; R{s)=0%). The EF task type also showed a statistically

significant influence on the relation between EFs and math intelligence and had a moderating

effect at the effect size and study levels (R(22)= 24%; R(23)= 17%). All EF task types exhibited

statistically significant correlations with math intelligence. The Simon and tap tasks revealed
the largest correlations for inhibition, the flexible selection tasks for shifting, and the random
generation and difficult span tasks for updating (see Table 15). For the data set with composite
EF measures, there was a statistically significant difference in the effects between

prekindergarten and kindergarten with higher correlations for pre-K children (B =-0.07, SE =
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0.02, p < .05). For separate results of the categorical moderators of inhibition, shifting, and
updating, please see Table S6.6. Overall, mostly the location of the sample origin and the
characteristics of the EF measurement moderated the relation between EFs and math
intelligence.

To further test the significant effects of the EF task types, we specified this moderator
as another level of analysis in addition to the study level. The resultant cross-classified model,
in which the EF task types represented a fourth analytic level, was favored over the three-level
model with constant sampling correlation (Ax?[1] = 94.3, p < .001) and resulted in a between-

task variance of T(24) =.01, 95% CI [.01, .02]. These results further indicated that the EF—math

intelligence correlations varied across EF task types (see Table 12 and Supplemental Material
S3).
6.5.5 Meta-Analytic Structural Equation Modeling (RQ3)

To test the hypothesized models that shed light on the extent to which the three EFs
explain variation in math intelligence jointly and uniquely (RQ3), we performed a two-stage
MASEM utilizing study-level data. The analytic code for the MASEM approach and the hybrid
models can be found in Supplemental Material S4 and S5 respectively.

6.5.5.1 Stage 1: Pooling Correlation Matrices

Excluding the correlations between the composite scores of executive functions and
math intelligence, we were able to include 38 studies and 120 correlation coefficients based on
the data of 26,281 children in these analyses. Before pooling the correlation matrices across
the primary studies, we tested them for positive definiteness, a key prerequisite for structural
equation modeling (Cheung, 2015a; Kline, 2015). All matrices were positive definite and could
be submitted to the pooling stage.

Next, we pooled the correlation matrices under a random-effects model via the
tssem1()-function in the R package metaSEM. This model resulted in statistically significant
between-study heterogeneity of the correlation matrices (Qg[114] = 1039.5, p < .001). The
corresponding pooled correlation matrix, between-study variances, and heterogeneity indices

are shown in Table 16.
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Table 16. Pooled Correlation Matrix Under the Stage-1 Random-Effects Model (ks = 23,

N =5402)
Constructs 1 2 3. 4
1. Math intelligence
T 1.000
2. Inhibition
T 0.312 1.000
95% CI [0.245, 0.379]
72 0.020
12 85.0%
3. Shifting
T 0.381 0.294 1.000
95% CI [0.311,0.451] [0.217,0.371]
72 0.007 0.007
12 63.1% 60.2%
4. Updating
T 0.379 0.279 0.245 1.000
95% CI [0.323, 0.435] [0.190,0.367] [0.178,0.312]
72 0.009 0.021 0.001
12 71.7% 84.4% 16.5%

Note. Larger positive effect sizes indicate a closer relationship between EFs and math
intelligence. The pooled correlation coefficients () were based on the stage-1 random-effects
model of the two-stage MASEM procedure. ks = Number of included studies; N = Number of
included students; 95% CI = Wald 95% confidence intervals, 72 = Between-study variation of
the correlation coefficients, I? = Heterogeneity index.
** p<.0l.

6.5.5.2 Stage 2: Structural Equation Modeling

Model 1 (Regression Model). Fitting Model 1 to the pooled correlation matrix via the
tssem2()-function in metaSEM resulted in positive and statistically significant regression
coefficients for inhibition (Binnipition = 0.19, 95% CI [0.14, 0.24]), shifting (Bsnifting = 0.19,
95% CI[0.12, 0.26]), and updating (Bypaating = 0-26, 95% CI [0.20, 0.33]). With a residual
variance of g5 = 0.79 (95% CI [0.75, 0.83]), about 21% of the variance in math intelligence
can be explained. Dominance analyses indicated that updating contributed to explaining the
overall variance with 10%, while inhibition and shifting contributed less (about 6% each).
Although this result may indicate that inhibition and shifting have the lowest explanatory
power, the differences in the average contribution among the three EFs were not substantial
(see Supplemental Material S4). Model 1 was just identified and exhibited a perfect fit to the
data.
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Model 2 (Regression Model With Equal Regression Coefficients). Model 2 assumed
equal regression coefficients for the EFs and exhibited a good fit to the data: x2(2) = 2.9, p =
.23, CFI = 0.999, RMSEA = 0.004, SRMR = 0.018. The overall regression coefficient was
=0.21 (95% CI [0.19, 0.24]), and the residual variance was o = 0.80 (95% CI [0.76, 0.83]).
Overall, about 20% of the math intelligence variance was explained by this model. Given that
Model 1 was exactly identified, the chi-square difference test statistic corresponded to the chi-
square value of Model 2 (x%[2] = 3.6, p = .16) and indicated that the equality of the regression
coefficients could be assumed. Thus, for the sample of primary studies, there was no evidence
of differential effects of the three EFs on math intelligence (RQ?3).

Model 3 (Structural Equation Model With a Latent EF Variable). Fitting Model 3
to the pooled correlation matrix, we obtained fit indices that indicated a close-to-perfect fit to
the data: x2(2) = 0.6, p = .75, CFI = 1.000, RMSEA = 0.000, SRMR = 0.008. Factor loadings
were positive and statistically significant for inhibition (A;,nipition = 0.47, 95% CI [0.41,
0.53]), shifting (Aspifting = 0.47, 95% CI[0.42, 0.53]), and updating (Aypaating = 0.54, 95%
CI[0.48, 0.60]). The overall regression coefficient was 8 = 0.65 (95% CI [0.58, 0.72]), and the
residual variance was o2 = 0.58 (95% CI [0.48, 0.66]). Overall, about 42% of the math
intelligence variance was explained in this model. Therefore, representing EFs with a latent
variable and thus capturing the covariance among the three EFs explained substantially more
variance in math intelligence than representing them as distinct but correlated variables (RQ3).

Model 4 (Structural Equation Model With Unique EF Effects). We further specified
and estimated Model 4, a model proposed by Nguyen et al. (2019), which describes the unique
effects of EFs on math intelligence after a common trait shared among the three subdimensions
is controlled for. This model was just identified and exhibited a perfect fit to the meta-analytic
data. As in Model 3, the factor loadings were positive and statistically significant for inhibition
(Amnibition = 0.47, 95% CI [039, 0.57]), shifting (Aspifting = 0.49, 95% C1[0.41, 0.57]), and
updating (Aypaating = 0.51, 95% CI[0.42, 0.61]), and the three EF residuals explained 21% of
the variance in math intelligence. Furthermore, the regression coefficients were positive and
statistically significant for inhibition (Binnipition = 0.19, 95% CI [0.14, 0.24]), shifting
(Bsnifting = 0.19, 95% CI [0.12, 0.26]), and updating (Bypaating = 0.26, 95% CI1[0.20, 0.33]),
and matched those in Model 1. Similar to Model 2, constraining the regression coefficients to
equality did not diminish the fit of Model 4 significantly, x?(2) = 2.9, p = .23. After their shared
variation was controlled for, the unique effects did not differ significantly among the three EF

subdimensions. Finally, Model 3 and Model 4 exhibited a somewhat similar fit to the data,
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X2[2] = 0.6, p = .75. Although both models may explain the joint relations between EF
subdimensions and math intelligence, the unitary Model 3 fit slightly better and was more
parsimonious, as it represented the data with a smaller number of parameters (Kline, 2015).#

Hybrid Models (Structural Equation Models With a Latent EF Variable and One
Unique EF Effect). Finally, we estimated three hybrid models specifying the effects of the
latent EF variable and one residual effect on math intelligence (Nguyen et al., 2019). These
models exhibited a very good fit to the meta-analytic data (e.g., CFIs = 1.000, RMSEAs =
0.000, SRMRs < 0.008; see Supplementary Material S5). In all models, the latent EF variable
was positively and statistically significantly related to math intelligence (s = 0.60-0.68, p <
.001); however, each of the three residual effects was statistically insignificant (B,nipition = —
0.02, 95% CI [-0.15, 0.08]; Bsnifting =—0.03, 95% CI[-0.24, 0.101; Bypdaating = 0.05, 95% CI
[-0.06, 0.16]). Thus, in these models, the variation in math intelligence was primarily explained
by the latent EF variable but not the EF residuals (between 39% and 45% in total).

6.5.5.3 Subgroup Analysis

As the final step, we examined the extent to which the four models applied to two key
groups of primary studies in the samples: studies with prekindergarten and kindergarten
children (ks =19, N=21,401) and studies with preschool children (ks =19, N = 4,880). Figure
16 shows the meta-analytic structural equation models with model parameters for these two
subgroups. These models were based on two separate Stage 1 random-effects models. Although
the variance explanations in Model 1 were similar (20% vs. 21%), the dominance of the EF
subdimension updating was more pronounced in the studies that included preschool children.
However, given the few studies in this subgroup, the differences in the regression coefficients
were not statistically significant (Model 1 vs. 2; for the MASEM syntaxes, see Supplementary
Material S4). Model 3 revealed a slightly higher variance explanation by the latent EF variable
for the prekindergarten and kindergarten samples (45%) than for the preschool samples (39%).
Model 4 supported the dominance of shifting in the preschool samples after we controlled for
the latent EF variable. This model did not exhibit a fit superior to that of Model 3 for both study

subgroups. Overall, the conclusions drawn for the total meta-analytic samples held for the two

4 To further substantiate the unique effects of the EFs, we performed a Cholesky decomposition (Dang et al.,
2015) and found support for the positive relation between inhibition and math intelligence (b = 0.30, 95% CI
[0.25, 0.34]), the positive residual effect of shifting on math intelligence after partialling out inhibition (b = 0.23,
95% CI[0.17, 0.29]), and the unique residual effect of updating after partialling out inhibition and shifting (b =
0.24, 95% CI [0.18, 0.30]). This decomposition explained about 20% in variance and represented an approach for
extracting unique relations while controlling for what is shared by the three EF subdimensions. The equality of
the regression parameters remained (x%[2] = 3.4, p = .18).
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subgroups of primary studies and revealed a tendency toward more pronounced unique effects

of shifting for preschool samples.

Figure 16. Meta-Analytic Structural Equation Models for Prekindergarten/Kindergarten and
Preschool Samples

Model 1 Model 2
1 YN
Inhibition 78/.81 Inhibition [22/-20 78/.82
1N\ YN
) - 22/.20
Updating Updating
S 1~ .22/.20
Shifting Shifting
Model 3 Model 4

T8 116 Inhibition

) mhibition
1 .
@-’ Updating

O shifting

Updating

Shifting

Note. Larger positive effect sizes indicate a closer relationship between EFs and math
intelligence. MATH = Math intelligence, IN = Inhibition, UP = Updating, SH = Shifting, EF =
Latent variable representing general executive functions. The coefficients for the pre-K and K
samples are shown first, the coefficients for the preschool samples second. All coefficients
were statistically significant (p <.05).
6.5.6 Sensitivity Analyses

6.5.6.1 Exclusion of a Large Primary Study

Table S6.7 shows the results of all sensitivity analyses. Comparing the results of the
complete data set with and without the largest study (both rounded to 7 =.34; Nguyen &
Duncan, 2019), we found very similar correlations. Additionally, the confidence intervals of

the two results were identical (95% CI [.31, .39]). After Nguyen and Duncan’s (2019) study

was excluded, the heterogeneity between effect sizes remained similar (1(22)= 55% vs. 53%;
1(23) =35% vs. 33%), as did the variance in the effect size and study levels (T(ZZ) =0.01vs. 0.01;
T(23)= 0.01 vs. 0.01; see Table S6.7 in the Supplemental Material S6).

6.5.6.2 Within-Study Correlation Between Effect Sizes
We further examined the extent to which the parameters of the baseline model were
sensitive to the choice of the within-study correlation between effect size (p), varying its values

between 0.2 and 0.6 (see Supplementary Material S3). Across all data sets, the estimates of the
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weighted-average effect sizes and the Level 2 and Level 3 variance components were not
substantially affected by the choice of p. For instance, the effect sizes of the baseline model
for the complete data were 0.3405 (p = 0.2), 0.3410 (p = 0.3), 0.3415 (p = 0.4), 0.3419 (p =
0.5), and 0.3422 (p = 0.6). The heterogeneity indices were similar, I,y = 37.0% and I,y =
53.4% (p = 0.2), I}y = 35.0% and Iy = 55.4% (p = 0.3), 1%y = 33.0% and 15y = 57.4% (p =
0.4), 1(22) =31.2% and 1(23) =59.4% (p =0.5), 1(22) =29.3% and 1(23) =61.4% (p = 0.6). Overall,
the sensitivity to the choice of p was marginal.

6.5.6.3 MASEM Estimation

Estimating Models 14 via one-stage MASEM resulted in the same directions and sizes
of effects as those resulting from the two-stage approach (see Supplementary Material S4).
Marginal differences occurred in the estimated standard errors and goodness-of-fit indices.
However, the conclusions drawn from the four models did not change. The model parameters
were not sensitive to the MASEM estimation procedure.

6.5.6.4 Attenuation of Correlation Coefficients

Effect sizes were attenuated for their corresponding reliability or, if no reliability had
been reported, for the average reliability of the EF composite (& composize = -86), inhibition
(O jnhivition = -84), shifting (& gpiping = -81), updating (o ypgaring = -90), and math intelligence
(0 jpaen = -84) measures. Comparing the average correlation between EFs and math intelligence
with unattenuated and attenuated effect sizes revealed a higher correlation with attenuated
effect sizes (¥ = .34 vs. ¥ = .40). The average correlation remained statistically significant, of
moderate size, and positive, meaning that its overall interpretation did not change. In addition,
the confidence intervals of the results with unattenuated and attenuated effect sizes overlapped
(95% CI [.31, .37] vs. [.36, .44]). Descriptive comparisons with the other data sets yielded
similar results. It should be noted that the difference between unattenuated and attenuated
average correlations (7 = .40 vs. 7 = .49) for the relation between EFs and math intelligence in
the pooled data set was statistically significant (see Table S6.7). As we averaged all available
Cronbach’s a values for this attenuation, we refrained from interpreting this difference in
average correlations to avoid overgeneralizing the unreliability of EF measures. Due to the very
similar average correlations, identical confidence intervals, and comparable heterogeneity, we
decided to use unattenuated effect sizes, including the three effect sizes reported by Nguyen et
al. (2019). Overall, these findings indicate that the meta-analysis was only marginally sensitive

to the specified conditions.
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6.5.6.5 Influence of Primary Study Quality

The composite index of primary study quality ranged between -0.02 and 0.25 and
deviated from a normal distribution at the two tails (skewness = 0.31, kurtosis = 0.87). On
average, the quality index was 0.12 (SD = 0.05) with a median of 0.12. Using the quality index
as a moderator, we found that it explained about 29.1% of the within-study heterogeneity, yet
no between-study heterogeneity. Primary study quality moderated the EF-math intelligence
correlation significantly (F[1, 361] =20.2, p <.001), and the respective effect was positive (B
=0.05, SE =0.01, 95% CI [0.02, 0.08]). Hence, primary studies with higher quality tended to
report larger correlations between EFs and math intelligence. After controlling for study quality
and considering the cluster-robust standard errors, the effects of all other moderators remained

and were similar in size and direction (see Supplementary Material S7).

6.6 Discussion
6.6.1 Summary of Key Findings

To contribute to the debate on the relations among cognitive skills in preschool children,
we addressed three research questions by performing a meta-analysis of a total of 363 effect
sizes from 47 studies. First, we synthesized the relations between EFs and math intelligence in
preschool children, differentiating among three EF subdimensions: inhibition, shifting, and
updating (RQ1). Second, we identified moderators that explain heterogeneity within and
between studies (RQ2). Table 17 displays the key results for RQ1 and RQ2. Third, we
examined the differential contributions of inhibition, shifting, and updating to the explanation
of variance in math intelligence (RQ3). Overall, the meta-analysis provided evidence of the
relation between math intelligence and EFs as a composite as well as separate subdimensions.
Moreover, we found that several study, sample, and measurement characteristics moderated
this relationship and explained variations within and between studies. Finally, there was no
evidence of differential relations between math intelligence and inhibition, shifting, and
updating. After the relation between a latent variable representing the EFs and math

intelligence was controlled for, none of the EF residuals were related to math intelligence.
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Table 17. Summary of the Main Findings of RQI and RQ?2

Relation (data set)

RQI: Correlations
7 (95% CI)

RQ?2: Significant Moderators

EF and math
intelligence
(complete)

Inhibition and math
intelligence
(inhibition)

Shifting and math
intelligence
(shifting)

Updating and math
intelligence
(updating)

34131, .37]

30[.25, .35]

32125, .38]

36[.31, .40]

Country: Samples from the United
Kingdom and Japan showed large effects,
samples from Turkey and Pakistan small,
non-significant ones

Continent: Larger effect for American
samples

EF Subdimension: Order of effects,
Composite > Updating > Shifting >
Inhibition

EF task type: Largest effects for
Composite, Tap (inhibition), Simon
(inhibition), Random generation
(updating), and Difficult span (updating)
tasks

Mode of EF testing: Order of effects,
verbal < behavioral = apparatus-based =
computer-based testing

Reliability of math intelligence measures:
Math intelligence measures with greater
reliability showed closer link to inhibition
Continent: Larger effect for American
samples

Inhibition task type: Largest effects for
Simon, Shape school, and Tap tasks
Mode of inhibition testing: Order of
effects, verbal < behavioral = apparatus-
based = computer-based testing

Reliability of math intelligence measures:
Math intelligence measures with greater
reliability showed closer link to shifting
Publication status: Larger effect for
published studies

Math intelligence subdimension: Order of
effects, Basic number knowledge <
Calculation & Reasoning < Composite
Updating task type: Largest effects for
Random generation and Difficult span
tasks

Note. Larger positive effect sizes indicate a closer relationship between EFs and math

intelligence. 7 = Weighted average correlation
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6.6.2 Overall Correlations (RQ1)

The results of the meta-analysis indicated a moderate relation between EFs and math
intelligence (¥=.34, p < .001; see Table 9). Investigated separately, the three EF
subdimensions—inhibition, shifting, and updating—each showed moderately statistically
significant relations to math intelligence (¥ = .30, 7 = .32, and 7 = .36, respectively; p <.001).
Answering Research Question 1, these results indicate that EFs and their subdimensions are
substantially related to math intelligence in preschool children similarly to other age groups
(see Best et al., 2011; Cragg et al., 2017; Friso-van den Bos et al., 2013; Peng et al., 2016;
Yeniad et al.,, 2013). From a conceptual perspective, this finding corroborates existing
frameworks that integrate EFs and math skills (Diamond, 2013; Miyake et al., 2000). As they
share some, but not all, variations, EFs and math intelligence can be differentiated but might
have several processes in common (Kovacs & Conway, 2016) and be based on a similar
collection of cognitive and metacognitive skills, which aid children in solving EF and math
intelligence tasks (Van Der Maas et al., 2006). Similar to the assumptions underlying the CHC
theory, math intelligence and EFs may represent distinct but related constructs that share some
common skills. Jewsbury et al. (2016) argued that EFs and facets of intelligence represent
different facets of general cognition. In practice, this implies that assessing one of the two
constructs does not make assessing the other redundant, although the performance on one may
predict the performance on the other to some extent (van Aken et al., 2019). Thus, reducing the
testing burden for young test-takers by focusing on only one construct may come at the cost of
insufficient construct coverage. Additionally, this implies that educators should promote EFs
and math intelligence in young children, as training in one may not necessarily transfer to the
other (Webb et al., 2018). However, EFs might not be causally related to academic
achievement, as suggested by a fixed-effect analysis of longitudinal data on the link between
inhibition and several achievement measures (Willoughby et al., 2012). Additionally,
Willoughby et al. (2019) only found a small within-person association between shifting and
working memory and academic achievement from kindergarten to second grade. The
transferability of EF training has also been questioned meta-analytically (Melby-Lervig &
Hulme, 2013). More research is needed to test the causality and, thus, the transferability of EF
trainings to evaluate the economic sense of a more general use of EFs in teaching (see, e.g.,
Vaughn et al., 2012).

Overall, previous meta-analytic research that included mostly schoolchildren and

adolescents reported somewhat similar relations between EFs as a whole and math skills. For
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instance, Cortés Pascual et al. (2019) observed an effect (¥ =.37) in primary school children
(6—12 years old) that was comparable to the present results. This might imply that there is no
drastic decrease in the strength of the relation between EFs and math intelligence from
preschool to primary school. After integrating the results for the separate EF subdimensions,
however, we observed a slight trend of decreasing relations between math intelligence and
inhibition with older age. The relation between inhibition and math skills seemed to be stronger
in meta-analyses with younger children and weaker with older children, with correlations
ranging from 7= .34 (Allan et al., 2014; 2.5-6.5 years) to the present result of 7= .30
(95% CI [.24, .36]; 3—6.5 years) to 7 = .27 (Friso-van den Bos et al., 2013; 4-12 years). The
relation between shifting and math skills, while yielding considerably lower average
correlations, showed more variation over all the meta-analyses we reviewed. We found an
average correlation of 7 = .32 for the preschool sample, which is descriptively larger than those
reported by Yeniad etal. (2013; 7 = .26; 4—14 years) and Friso-van den Bos et al. (2013; 7 = .28;
4-12) and comparable to that reported by Jacob and Parkinson (2015; 7 = .34, 3—18 years). The
link between updating and math intelligence did not vary substantially, and the correlation of
7= .36 identified in the present study was similar to those reported in previous meta-analyses
(7= .37, Cortés Pascual et al., 2019; 7= .34 and .38, Friso-van den Bos et al., 2013; 7 = .35,
Peng et al., 2016; see Table 9). Given these similarities, our narrower conceptualization of math
skills as a facet of intelligence did not result in substantially different relations compared to
other conceptualizations of these skills.

As noted previously, one key issue challenging the interpretation of the EF—math
intelligence relation is task impurity (Nguyen et al., 2019). We addressed this issue in two
ways. First, effect sizes based on complex EF tasks that required children to engage in multiple
processes rather than a single EF process were meta-analyzed separately as part of the
“composite” data set. In this way, possible bias due to task impurity may have been reduced in
the meta-analyses of the data specific to the EF subdimensions. Second, as a common practice,
we represented EFs with a latent variable (Model 3) to single out what was common across the
tasks measuring the three EF subdimensions and what was considered a measurement error
(Camerota et al., 2020). However, Nguyen et al. (2019) argued that this representation may not
account for possible task impurity in relation to mathematics skills. Thus, we followed their
recommendation and examined the EF—math intelligence relation via the residuals, that is, the
latent variables describing what is unique to each EF subdimension (Model 4). In this way,

common variation that might be due to overlapping EF processes required in the tasks may be
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controlled for by the single latent EF variable. Although these approaches could counter
possible task impurity bias to some extent, alternative latent variable models allowing for cross-
loadings or task-specific factors may construct explicitly overlapping EF processes at the level
of tasks. To specify and estimate such models, meta-analytic correlations among EF tasks are
needed (Scherer & Teo, 2020). Moreover, accounting for the overlap between EF processes
does not address the possible impurity due to the processes involved in EF tasks outside
executive functioning (Friedman et al., 2008). In this sense, some processes involved in EFs
and math intelligence may also be shared. A more detailed differentiation of math intelligence
into its subdimensions and a data set providing a sufficiently large sample of correlations at the
level of subdimensions are needed to control for this form of task impurity via latent variables.
6.6.3 Heterogeneity and Moderators (RQ2)

We found substantial heterogeneity in the data between and within studies. Five study
and measurement characteristics could explain significant amounts of this heterogeneity in the
relation between EFs and math intelligence: (a) the country and (b) the continent on which the
study was conducted; (c) the EF subdimension; (d) the EF task type; and (e) the mode of EF
testing. For the relation between inhibition and math intelligence, heterogeneity was explained
by the reliability of the math intelligence and EF measures, the continent, the inhibition task
type, and the mode of inhibition testing. Only the reliability of math intelligence measures and
publication status moderated the correlation with shifting, and only the math intelligence
subdimension and the updating task type explained the variability in the correlation with
updating (Table 9). Regarding RQ2, these findings stress the importance of measurement
characteristics (compared to study and sample characteristics) as moderators of the relation
between EFs and math intelligence in preschool children (Table 9). At the same time, they
contrast some of the moderator effects identified in previous meta-analyses with a different
conceptualization of math skills.

6.6.3.1 Study and Sample Characteristics

In the present meta-analysis, the only sample characteristics moderating the relation
between EFs and math intelligence were the country and the continent on which the primary
studies had been conducted. These results were most likely driven by two studies, drawing on
samples from Turkey (Sogiit et al., 2021) and Pakistan (Armstrong-Carter et al., 2020), which
found nonsignificant correlations between EFs and math intelligence. This finding aligns
somewhat with the notion that the involvement of EFs in math intelligence differs between
children from different countries and perhaps cultures (Friso-van den Bos et al., 2013).

However, we refrain from further interpreting cultural differences in these skills as the only
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reason for these effects. To the best of our knowledge, such cultural effects have yet to be
examined in detail. Moreover, 31 of the 47 primary studies included in the present meta-
analysis were conducted in the United States, limiting the possible inferences that could be
drawn regarding country differences.

Several promising moderators did not yield statistically significant results. For
example, children’s age did not statistically significantly explain any heterogeneity in the
present meta-analysis. Similarly, Cortés Pascual et al. (2019) found that age does not
significantly moderate the EF—math relation in children between 6 and 12 years of age. One
explanation for these results could be that the age range was restricted in the present meta-
analysis, as well as in previous ones (i.e., Allan et al., 2014; Cortés Pascual et al., 2019; Friso-
van den Bos et al., 2013; Yeniad et al., 2013). This result contrasts with that of David’s (2012)
meta-analysis, in which age was identified as a significant moderator. However, we can
observe the previous trend of younger children exhibiting stronger relations of inhibition with
math intelligence than older children when reviewing previous meta-analyses. In line with
previous studies (Bull et al., 2008; Clark et al., 2010), but contrary to one of eight prior meta-
analyses (Cortés Pascual et al., 2019), the gender composition of the samples did not show any
moderator effects, probably due to the small variation in this characteristic between studies.
These results are very plausible, as even in the clearest case of gender composition in
education—namely, single-sex education—girls and boys are likely to show large differences
other than interests (Eliot, 2013).

6.6.3.2 Executive Function Measurement Characteristics

Three characteristics of the EF measurement moderated the relation between EFs and
math intelligence in preschool children. First, this relation varied slightly between the EF
subdimensions under investigation, such that the correlation was descriptively weaker for
inhibition, moderate for shifting, and stronger for updating (see RQ2). Similar differences in
the correlations with math skills between the EF subdimensions have been found in previous
meta-analyses (Cortés Pascual et al., 2019; Friso-van den Bos et al., 2013; Jacob & Parkinson,
2015). In the moderator analysis, we also examined a composite EF score that summarizes all
EF measures, examining at least two of the three EF subdimensions. With a high correlation
with math intelligence, the composite EF is likely to be the driver of this moderation effect.
The relation between this score and math intelligence was stronger than the relations for each
subdimension individually. This might be because tests yielding a composite score for EFs tend
to be similar in design to tests of general cognitive ability and, therefore, may overlap

substantially with math intelligence tests (see, e.g., Yeniad et al., 2013). Additionally, these

149



Study 2

findings are in line with the notion that the differentiation among the three EF subdimensions
might be greater in the later years of childhood, explaining the small differences between
subdimensions in the present preschool sample.

Second, the EF task type significantly explained heterogeneity within and between
studies. The extent of the explained heterogeneity was so great that a cross-classified random-
effect model in which EF task type was the fourth level suggested substantial variation across
the EF task types. The present meta-analysis categorized more than 70 EF tasks into 15
distinguishable categories. The strongest relations to math intelligence were found for the
composite task type (which measures at least two EF subdimensions), tap and Simon tasks
(which measure inhibition), and random generation and difficult span tasks (which measure
updating). These results are not surprising; the composite, random generation, and difficult
span tasks are very close in structure to math intelligence tasks and require individuals to handle
numbers, especially in updating tasks such as the backward number span task (Peng et al.,
2016). This is another example of task impurity (Friedman et al., 2008), which describes the
common phenomenon that one task requires multiple EF subdimensions, making a clear-cut
interpretation more difficult. Overall, the results reflect the vast variety of EF tasks used in the
field and simultaneously draw attention to inconsistencies related to measuring EFs at an age
at which children cannot read.

Third, the mode of EF testing moderated the relationship between EFs and math
intelligence at the effect size level, with very small descriptive differences among verbal,
behavioral, apparatus-based, and computer-based testing. Looking more closely into the single
EF subdimensions, we found that this moderation effect occurred only in inhibition tasks, and
not in shifting or updating tasks. Therefore, inhibition drives the overall moderator effect. The
higher effects for behavioral, apparatus-based, and computer-based testing might also be due
to their overlap with common actions involving math intelligence. The source for this
speculation is the similarities between the behavioral tap task and counting on one’s fingers,
for instance, or the computer-based shape school task and preschool geometry puzzles.
Although this finding might raise the question of how testing mode-general vs. mode-specific
inhibition is, we should not overinterpret it, as the mode of EF testing explained only a very
small amount of variance between effect sizes and none between studies. Previous meta-
analyses had somewhat similar findings for working memory domains (David, 2012; Friso-van
den Bos et al., 2013; Peng et al., 2016). Overall, this indicates the disadvantage of verbal

(inhibition) testing compared to the other modes of testing for preschool children.

150



Study 2

6.6.4 Model Testing: Explaining Variations in Math Intelligence (RQ3)

Utilizing the analytic framework of correlation-based MASEM, we substantiated the
evidence that the EF subdimensions statistically significantly and jointly explain variation in
math intelligence via testing and comparing several structural equation models (Models 1-4).
Examining the joint effects via multiple regression (Model 1), we found that all EFs exhibited
statistically significant relations with math intelligence and that these relations did not differ
among the EF subdimensions (Model 2). Representing EFs as a single latent variable (Model
3), we obtained a strong and positive effect on math intelligence, an effect much larger than
the EF factor loadings. An alternative interpretation of this finding might be that math
intelligence tests are better single measures of general EF than any single EF measure, because
the common variance of inhibition, shifting, and update, can be better explained by math
intelligence than with any one of the EF subdimensions. Further testing with a broader set of
measures representing the constructs more comprehensively is needed to corroborate this
finding conceptually.

Finally, we examined the unique effects via the EF residuals (Model 4) and found
positive and statistically significant path coefficients that did not differ between the three EF
subdimensions. Overall, the variance explanations in math intelligence were substantial,
ranging from 21% to 42%. Of the three EFs, updating descriptively, but not statistically
significantly, explained more variance than inhibition and shifting. This trend may point to
possible overlaps in the processes or assessment methods involved in updating and math
intelligence tasks and supports previous findings (Bull & Lee, 2014). Despite the interpretation
of these overlaps as method effects or commonalities among the processes involved in EFs,
another interpretation lies in the domain specificity of EFs, bringing together these two
elements. Specifically, Peng et al. (2018) sought evidence of the domain specificity of working
memory dimensions (numeric, verbal, and visuospatial) and argued that working memory
operates through domain knowledge, skills, and procedures in task-specific situations. This
perspective aligns with the situational model by Doebel (2020), who considered the
development of EFs to be a set of skills activating specific knowledge, beliefs, values, norms,
and preferences. Thus, EFs are directed at meeting the demands and goals of specific tasks. In
this sense, the shared EF process and specific task demands cannot be strictly separated.

From a substantive perspective, several findings are worth noting. First, the evidence
of uniform relations with math intelligence if the three EF subdimensions are considered jointly
may indicate the unitary (rather than multifaceted) nature of the EF construct. Gonzalez et al.

(2020) argued that uniform relations to external criteria are key to establishing that constructs
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may represent the same underlying processes or traits. Although the present results allow for
this conclusion, this criterion is not sufficient to establish that the three EFs are the same.
Additional evidence of the factor structure of EF measures across samples, contexts, and time
is needed to substantiate this conclusion (Marsh et al., 2019). However, to generate such meta-
analytic evidence, item- or subscale-level correlation matrices are needed, and the diversity of
EF assessments across studies limits the possibility of such research syntheses (Karr et al.,
2018). The present meta-analysis revealed small-to-moderate correlations among the three EFs.
At the same time, there is some existing evidence of the unitary nature of EFs for preschool
children (Garon et al., 2008; Nelson et al., 2016). These observations highlight that relations to
external criteria (i.e., math intelligence) may not represent the only source of information for
or against the unity of the three EFs.

Second, the MASEM results did not support the differential relations to math
intelligence identified in experimental and longitudinal studies of EFs (Cragg & Gilmore, 2014;
Jacob & Parkinson, 2015). One possible reason for these divergent results may be the way in
which math skills were operationalized in the present study. In contrast to measures of school
performance and educational achievement, we conceptualized math skills within the
intelligence framework, defining them as math intelligence. In this sense, the uniform relations
between EFs and math intelligence align with mounting evidence of substantial relations
between EFs and general intelligence (Jewsbury et al., 2016). The strength of these relations is
comparable to that reported for EFs and other intelligence measures (Friedman & Miyake,
2017). Thus, to meaningfully interpret the EF—math link, researchers must carefully consider
the conceptualization of math skills.

Third, Model 3 revealed a strong relation between the single latent EF variable and
math intelligence, with a regression coefficient that was higher than the factor loadings of the
EF subdimensions. Reviewing the data from a smaller set of primary studies, Nguyen et al.
(2019) obtained the same results as we did in the present meta-analysis. This result may have
several explanations and implications. From a substantive perspective, the results may
highlight that the processes common to the three EFs and the processes captured by the math
intelligence assessment tasks overlap substantially (Kovacs & Conway, 2016). In other words,
the two constructs may be based on a common set of cognitive and metacognitive or mutually
reinforcing skills that support children in performing the respective assessment tasks (Van Der
Maas et al., 2006). Similar to the notion of ““g” in describing what is considered common across
intelligence tests, these overlapping processes may also be considered indicators of a general

factor underlying EFs and math intelligence (Webb et al., 2018). Identifying what is common
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across the EF subdimensions and math intelligence could aid in understanding possible transfer
effects between the two constructs (Melby-Lervag et al., 2016). From a measurement
perspective, the high structural parameter connecting the single latent EF variable and math
intelligence may also be due to a misrepresentation of the EF construct. Despite a very good
fit to the meta-analytic data, the reflective measurement model in Model 3 may not represent
the true EF structure. In fact, Rhemtulla et al. (2020) showed that common factor models can
introduce severe bias to the structural parameters in structural equation models, for instance, if
the true model is a formative rather than a reflective measurement model. Similarly, Camerota
et al. (2020) argued for considering alternative representations of EFs, for instance, as
composites.

Fourth, after what was shared among the EF subdimensions was controlled for, the
residuals were statistically significantly and positively related to math intelligence in Model 4.
This finding is in line with some of the results reported by Nguyen et al. (2019). Of the nine
empirical studies the authors reviewed, two supported Model 4 and showed the same pattern
we observed in the meta-analysis. The positive relations between the EF residuals and the
measure of math intelligence indicate that unique effects might exist. However, these unique
effects did not differ among the three EF residuals, possibly due to the limited number of
studies included. This finding calls into question the extent to which the possible unique
processes underlying the three EF subdimensions are substantively unique. Although there was
a slight preference for Model 3 over Model 4 in the pooled meta-analytic data set (Model 3
was more parsimonious and showed a descriptively better fit than Model 4), both models
described the data well and shed light on different aspects of the EF—math intelligence relation.

To further test for the uniqueness of the EF effects, we also adopted Nguyen et al.’s
(2019) hybrid models, in which the relationships between the EF residuals and math
intelligence were controlled for the effect of the latent EF variable—that is, what is common
to all three EF subdimensions. These models supported the dominance of the latent EF variable,
as none of the residual effects existed. Similar to Nguyen et al.’s (2019) observations, “latent
EF was a very robust predictor of math” (p. 282), and this latent variable accounted largely for
the EF—math intelligence relationship.

Fifth, we observed a tendency toward more differentiated relations among the EF
subdimensions and math intelligence for the preschool samples than for the prekindergarten
and kindergarten samples. Although age ranges in preschool, prekindergarten, and
kindergarten differ between countries, this result may inform the discussion on the

differentiation of EFs and other cognitive skills over time (Lerner & Lonigan, 2014). However,
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a much broader age range is needed in future meta-analyses to investigate the possible breaking
points at which differentiation occurs.

From a methodological perspective, the MASEM approach offered a powerful
procedure for jointly describing and examining the relations among the four constructs and
exploring the fit of different models. This allowed us to obtain additional evidence of the
relations between EFs and math intelligence beyond univariate relations (Cheung, 2015a). In
addition, we were able to evaluate the fit of structural equation models representing different
assumptions (Cheung & Cheung, 2016). Specifically, in the meta-analysis, we followed extant
modeling approaches, assuming either correlated but distinct EFs or a unitary EF construct
(Friedman & Miyake, 2017). However, as noted previously, correlations among EF and math
intelligence indicators at the level of tasks or task paradigms (Lehtonen et al., 2018) could shed
more light on the structure of EFs and the extent to which math intelligence may be
incorporated into this structure. Based on such meta-analytic data, finer-grained models could
be tested, such as models that assume a general factor underlies EFs and math intelligence and
specific factors representing their unique components (Friedman et al., 2008). In this way, the
relationship between EFs and math intelligence could be described factor-analytically and may
inform existing factor models that incorporate EFs and other intelligence measures (Jewsbury
et al.,, 2016; Webb et al., 2018). However, the preference for one or another factor model
depends on the assignment of the indicators to the respective latent variables (Ackerman et al.,
2005). Therefore, establishing clear EF assessment frameworks and examining the sensitivity
toward the choice of alternative frameworks are key (Oberauer et al., 2005).

Finally, although the choice of the four models and the hybrid models we tested via
MASEM was based on different theoretical assumptions on the EF-math intelligence
relationship, we could not support the preference for one model over the others. In this sense,
all four models were useful for examining the joint relations between the EF subdimensions
and math intelligence from different perspectives. Models 1 and 2 focused on direct joint
relations and their equality across EF subdimensions; Models 3 and 4 focused on the effect of
a single EF variable or, respectively, the unique effects of the EF subdimensions. Although
these models are commonly specified in EF research and exhibited a very good fit to the meta-
analytic data, they may oversimplify the complex relationship between EFs and math skills and
be subject to task impurity bias (Camerota et al., 2020; Nguyen et al., 2019). Therefore, we
encourage researchers in the field to evaluate multiple models rather than a single model for
describing the EF—math relationship, consider alternative representations of the respective EF

and mathematics constructs, such as composite scores or formative measurement models
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(Rhemtulla et al., 2020), and examine in greater detail the processes that are common or unique
to EFs and math skills (Cragg & Gilmore, 2014; Kovacs & Conway, 2016).
6.6.5 Limitations and Future Directions

Several limitations of the meta-analysis are worth noting. First, there are several
limitations inherent in the inclusion/exclusion criteria and the language restriction. Thus, the
results are limited to preschool children without a diagnosed medical condition or disorder.
Thus, the results do not generalize across all possible samples of preschoolers and do not allow
one to test specific disadvantages in EFs and math intelligence due to medical conditions or
disorders. Including clinical studies might have been especially interesting, because EFs are
impaired in children with specific disorders (Broadley et al., 2017; Kingdon et al., 2016; Lai et
al., 2017). As we restricted our search to English records, a mono-language bias might be
present, which limits the generalizability of our results (Johnson, 2021). Future meta-analytic
research should, therefore, test the robustness of the meta-analytic evidence across multiple
languages. Further, we excluded studies published before the year 2000, potentially missing
otherwise eligible studies and their contribution to evidence formation in the field.

Second, 66% of all included studies used American samples. Although 34% of the
included studies examined samples from Asia, Australia, or Europe, the study pool did not
include samples from South America or Africa. Therefore, further evidence of samples from a
broader spectrum of countries is needed to be able to generalize the present findings further
and test for cultural differences in cognitive processes (Imbo & LeFevre, 2009). Third, the
study pool was too small to investigate all the moderators of interest. This was partially due to
the strict inclusion and exclusion criteria applied during the study selection. For example, we
had to exclude eligible clinical studies that did not report crucial results for the healthy control
group. Therefore, we encourage researchers to extend and update this meta-analytic sample to
examine additional moderators of the EF—math link. Fourth, the categorization of EF task types
in the meta-analysis represented a compromise between precision and manageability due to the
large variety of possible categorizations in the extant EF literature (Baggetta & Alexander,
2016; Garon et al., 2008). In line with Miyake et al. (2000), we did not explicitly distinguish
between tasks measuring hot and cool EFs, which might have explained further variations
between task types (Brock et al., 2009). In the same vein, we could not distinguish clearly
between pure working memory tasks and updating tasks and thus subsumed them under the
updating category. Future meta-analyses should try to examine these two constructs separately
if the reporting precision of primary studies allows. To account for the methodological overlap

between EF and math intelligence tasks, the content of a task (e.g., whether a span task uses
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numbers, letters, or pictures as stimuli) should be coded and examined as a methodological
moderator in future research. To further enhance precision, n-back tasks and difficult span tasks
could be investigated separately in accordance with meta-analytic findings (Redick & Lindsey,
2013) if enough effect sizes are available. Generally, variation between task definitions is a
well-known phenomenon in EF research and has led to divergent findings in the relations
between EFs and other cognitive abilities (Ackerman et al., 2005; Friso-van den Bos et al.,
2013; Lehtonen et al., 2018). A clear and consistent framework of EF tasks for different age
groups and comprehensive reporting in primary studies might be the much-needed solutions to
this problem. Although it was not possible in this meta-analysis due to the small number of
primary studies providing intercorrelations among math intelligence tasks or subdimensions,
we argue that a further differentiation of the math intelligence construct, especially in Models
1-4, could provide more detailed evidence of the connections between specific EFs and
specific math skills. As several meta-analyses have demonstrated (Hjetland et al., 2020;
Scherer et al., 2020; Yang et al.,, 2021), hypotheses regarding the connections between
multifaceted constructs could be tested with a range of factor models, such as single-,
correlated-, or nested-factor models. To obtain such evidence, however, a more detailed
reporting of primary studies, especially the correlation matrices containing not only the
correlations among EF subdimensions and correlations between EF subdimensions and math
skills but also the correlations among math skills, is needed. In the future, finer-grained
reporting could further allow researchers to tease apart the multiple facets of EFs and math
intelligence, as well as partial out the influence of general intelligence, which could not have
been fully achieved with the present data.

A comprehensive framework of EFs and academic skills could be established in the
future to streamline EF assessment and account for several trends in the literature. Namely,
such a framework should aim to explain (a) the very similar correlations across EF
subdimensions (see Table 9), (b) an age trend of the EF-academics relationship
increasing/decreasing with age for different EF subdimensions, (c) very small training and
transferability effects (Kassai et al., 2019; Melby-Lervég et al., 2016; Melby-Lervag & Hulme,
2013; Takacs & Kassai, 2019), and (d) the domain specificity of EFs in task-specific situations
(Doebel, 2020; Peng et al., 2018). Such a framework would introduce exciting new hypotheses
to test and take the field forward in leaps and bounds.

Similar to the present study, new research helps to create a solid basis for this
comprehensive framework. Spiegel et al. (2021), for instance, recently examined the

relationship between EFs and reading, language, and mathematics in primary school children.
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The authors’ findings suggest that a simple age trend—that EF subdimensions diverge, but
their link to academic skills strengthens with age—is very unlikely. Instead, the predictive
strength of specific EF subdimensions seems to depend on the developmental stage and the
exact academic skill being measured. Combined with insights from Peng and Kievit’s (2020)
review of the mutual effects of cognitive functions and academic skills, these findings provide

further grounds for a comprehensive framework of EFs and academic skills in the future.

6.7 Conclusions

The present meta-analysis provides a comprehensive overview of the literature on the
relation between EFs and math intelligence in preschool children from 2000 to 2021. The
present findings suggest that EFs, represented by a composite as well as three subdimensions,
are positively and significantly related to math intelligence in preschool children. This relation
testifies to the overlap in some skills and measures and, ultimately, the involvement of EFs in
solving math intelligence tasks, and vice versa. To some degree, the performance on one
construct measure could be used to predict the performance on the other. Nevertheless, the
evidence presented in this meta-analysis does not suggest that assessing one of the two
constructs may make assessment of the other redundant. In addition to the positive correlations,
there is substantial heterogeneity within and between studies, suggesting that these effect sizes
are reproducible across studies. As measurement characteristics, rather than sample or study
characteristics, primarily explain parts of this heterogeneity, we highlight the importance of
considering the psychometric quality of EFs and math intelligence assessments when
interpreting their correlation. When considered jointly, the relations between the EF
subdimensions and math intelligence were similar for the study-level data. This finding does
not provide evidence of the differential relations between a single EF and math intelligence
after the other EFs are controlled for. Further research is needed to establish a comprehensive
framework of EF task types to streamline the EF assessments clarifying, for instance, the

impact of age on the relation between EFs and math intelligence.
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Abstract

Value-added (VA) models are used for accountability purposes and quantify the value
a teacher or a school adds to their students’ achievement. If VA scores lack stability over time
and vary across outcome domains (e.g., mathematics and language learning), their use for high-
stakes decision making is in question and could have detrimental real-life implications:
teachers could lose their jobs, or a school might receive less funding. However, school-level
stability over time and variation across domains have rarely been studied together. In the
present study, we examined the stability of VA scores over time for mathematics and language
learning, drawing on representative, large-scale, and longitudinal data from two cohorts of
standardized achievement tests in Luxembourg (N = 7,016 students in 151 schools). We found
that only 34-38% of the schools showed stable VA scores over time with moderate rank
correlations of VA scores from 2017 to 2019 of » = .34 for mathematics and » = .37 for language
learning. Although they showed insufficient stability over time for high-stakes decision
making, school VA scores could be employed to identify teaching or school practices that are

genuinely effective—especially in heterogeneous student populations.

Keywords: Value-added modeling, school effectiveness, longitudinal data, primary

school

Public Significance Statement: This study suggests that school value-added scores are
only moderately stable over time. Therefore, using value-added scores for high-stakes
decisions (e.g., about how to allocate school funds) is ill-advised. Value-added scores might be
best suited for finding effective schools, learning from their practices, and improving school

effectiveness.
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7.1 Introduction

Can the effectiveness of a teacher or a school be quantified with a single number?
Researchers in the field of value-added (VA) models may make this exact argument (Chetty et
al., 2014; Kane et al., 2013). VA models are used to calculate a score that represents the
learning gains a student has received through their teacher or school. The VA score quantifies
the difference between the expected achievement of students with similar background
characteristics and their actual achievement (Sanders et al., 1997). Positive VA scores signify
higher-than-expected achievement, given the student’s background characteristics (e.g.
socioeconomic status [SES], language, or prior achievement), whereas negative scores imply
lower-than-expected achievement. Attempting to make a fair comparison between schools,
these student VA scores can be averaged per school (or teacher) and indicate the value a school
adds to its students (Braun, 2005; Tymms, 1999, p. 27) independent of their background. Figure
17 illustrates such a comparison for one school with a high VA score and one school with a
low score. In this example, the students from the two schools had comparable starting
characteristics (e.g., prior achievement) and were thus expected to perform similarly from a
statistical perspective. However, the students from School A performed better than what was
statistically expected for a comparable group of students, indicating that this school offered
added value to its students’ achievements. School A would thus receive a high VA score,

whereas School B would receive a low VA score.
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Figure 17. [llustration of high and low VA schools performing above and below what is
expected of them from one measurement point to another
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Note. Double-headed arrows signify the VA score as the difference between a school’s
expected achievement and its actual achievement.

Because this approach seems reasonable for quantifying school effectiveness and
teacher effectiveness, VA modeling was adopted for accountability purposes in U.S. schools
in the late 90s, and its application has since resulted in a surge in high-stakes decision making
in educational settings (Aslantas, 2020). In such VA-based assessment systems (e.g., Education
Value-Added Assessment System, EVAAS), changes in the VA scores of teachers or schools
are used to reward highly effective teachers, by offering them a tenured position, and schools,
by allocating more funding. At the same time, teachers with low VA scores might face in
extremis unemployment, and schools with low VA scores might need to operate on a tighter
budget (Goldhaber & Hansen, 2010; Sass, 2008). This allocation of resources is based on the
notion that differences in a student’s VA score from one year to another are due solely to this
student’s teacher or school.

Parallel to the rise in applications of VA models, research interest in evaluating the
actual performance and precision of VA models has bloomed (Aslantas, 2020; Levy et al.,
2019). Due to a lack of consensus on how to calculate VA scores, and because VA scores differ
greatly in their accuracy depending on the exact model used to calculate them (Aslantas, 2020;

Levy et al., 2019, 2020), a school’s VA score could differ from one year to the next. Hence, a
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school with a high VA score one year may receive a low VA score the next year without any
actual change happening at that school. VA scores may change because of variation in teaching
or school effectiveness but also due to different errors in the measurement and construction of
VA scores (Loeb & Candelaria, 2012). Due to this instability, researchers and policymakers
have argued that VA scores are not suitable for high-stakes decision making (Amrein-
Beardsley, 2014; Gorard et al., 2013), and their use should be restricted to informing teachers
and schools about how they can improve their schools. To utilize VA scores for high-stakes
decision making (e.g., teachers’ tenure or allocation of funding), these scores need to be highly
stable over time. However, findings on this school-level stability is mixed, with some studies
indicating generally high stability in school VA scores over time (Ferrdo, 2012; Thomas et al.,
2007) and others reporting instability (e.g., Gorard et al., 2013; Perry, 2016).

Furthermore, there is no consensus on which independent or dependent variables should
be used in VA models beyond prior achievement (Everson, 2017; Levy et al., 2019), and the
stability of VA scores could vary between different outcome domains (e.g., between language
and mathematics). If VA scores lack stability over time, we cannot be sure whether these
changes are due to actual changes in teachers and schools or measurement issues, such as error
or choice of models. If VA scores lack stability across outcome domains, differences could be
driven by different teacher and school practices in the two domains but also by variation in the
measurement of the two domains so that they cannot be meaningfully compared. If VA scores
lack stability over time and across outcome domains, we would not be able to attribute VA
score variation to changes in effectiveness over time or to educational differences between
domains. Thus, the use of VA scores as the primary information for high-stakes decision
making is in question, and the inferences drawn from them could be compromised. To shed
light on the “stability problems” of VA models (Aslantas, 2020), we estimated VA scores for
two cohorts of students from 151 primary schools and examined the stability of these scores
over time and across the most frequently used outcome domains: mathematics and language
learning. In our large-scale data set, we included all eligible primary schools in Luxembourg
and thus worked with population data. We chose to investigate students at the beginning of
their school careers because younger students have been found to show greater response to
interventions than older students (Heckman, 2008). Our study extends the body of research on
VA score stability by considering multiple domains and primary schools, adding a rich set of
background variables to our analysis, and using state-of-the-art VA models and covariate

combinations (Emslander, Levy, Scherer, et al., 2021; Levy et al., 2020, 2022).
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7.2 Theoretical framework
7.2.1 Value-added models and their use

Effectiveness is often difficult to compare across schools because no two schools are
alike in the composition of students’ language background, SES, or prior achievement. To
solve this difficulty in comparing schools, researchers have drawn on VA scores that control
for student composition factors (e.g., students’ language background, SES, and prior
achievement) and single out the “net effect” of school effectiveness (Driessen et al., 2016). VA
scores can be calculated in different ways in terms of variables and choice of statistical models
(Levy et al., 2019, 2020; Tekwe et al., 2004). However, the underlying idea, which originated
from economics (Hanushek, 1971), is the same for all of these statistical models: When
controlling for all available background variables and prior achievement, all gains in
achievement that are left are likely to be due to teacher or school effectiveness (for an in-depth
literature review of research on teacher and school VA scores, please see (Everson, 2017,
Koedel et al., 2015; Levy et al., 2019).

The idea underlying VA scores can be expressed in two simple statistical steps:
Equation 1 shows the first step, in which the expected achievement y is estimated for every
student i in school ;j as a function f of their initial characteristics x;; at an earlier time point
(e.g., prior achievement). This function fis usually a linear regression or a multilevel model

(Kurtz, 2018; Levy et al., 2019).
yij = f(xij) (1)

Equation 2 shows the second step, in which a VA score is estimated for each school j by
calculating the mean difference (i.e., residuals) between the expected achievement y and the
actual achievement y for all n students in this specific school j. This is equal to the average
error term e of all students i in school ;.

_ Z{(yij = ¥ij) _ Yl e
n n

V4,

2)

ij ij

A high VA score indicates that students in school j achieved above what was expected
of them, as was the case in the example of School A in Figure 17. A low VA score indicates
that students in school j achieved below what was expected statistically. The idea is to find the
“true” school effect—namely, the value a school adds to its students’ achievement—by

statistically controlling for everything that cannot be changed by a school. Following this idea,

everything that is left can be seen as the true school effect (i.e., the residuals; Equation 2).

163



Study 3

Therefore, it is important to ensure a high level of quality in the initial prediction step (i.e.,
Equation 1).

Researchers have explored different uses of VA models to render issues of educational
effectiveness visible. One use is to employ VA models for high-stakes decisions, such as
decisions about teachers’ salaries or tenure or a school’s funding (Hanushek, 2019). In the US,
where VA research is flourishing (Everson, 2017; Levy et al., 2019), VA models are applied
to policymaking in large parts of the country (Amrein-Beardsley & Holloway, 2017; Kurtz,
2018). In other parts of the world, VA models are used as well, for example, in Italy, Portugal,
Brazil, the United Kingdom, and the Netherlands (Agasisti & Minaya, 2021; Ferrdo, 2014;
Perry, 2016; Timmermans et al., 2015). Another practice is to use VA models to identify high-
performing schools and the factors that determine their success (Emslander, Levy, &
Fischbach, 2022).

The use of VA scores for accountability purposes is based on highly debated scientific
findings and a mixed research literature. While using VA scores is a significant improvement
over using only achievement tests to compare school effectiveness (Perry, 2016), researchers
still debate crucial aspects of VA scores. Some issues of VA models have already been
identified and tackled, such as creating a consensus on how to best estimate VA scores
(Everson, 2017; Levy et al., 2019, 2020). The most widely used models are the multilevel and
linear regression models, with the former outperforming the latter (Emslander, Levy, Scherer,
et al., 2021; Levy et al., 2022). However, the stability of VA scores over time in primary
schools still needs to be examined to ensure that VA scores are informative for this educational
level.

7.2.2  Stability of value-added scores over time

Let us consider one of this year’s top-performing primary schools: Do we expect this
school to perform as well next year and in two years? We would probably expect this school’s
VA scores to be stable over time because we can assume that a school’s VA scores are
susceptible to outside events only to a small extent.

Research on school-level stability over time is still scarce and has produced mixed
results. Table 18 gives an overview of prior research on the stability of school VA scores over
time with the included variables and samples. On the one hand, some studies have supported
the stability of VA scores over time: Ferrdo (2012), for example, found a moderate level of
stability in VA scores over two years in Portugal with 65% of scores remaining in the same
quartile of VA rankings. She recommended using VA scores for school improvement,

especially in countries with high retention rates. Similarly, Thomas et al. (2007) investigated
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changes in VA scores of English secondary schools over ten years. They found that only one
school (which had a low VA score) out of 16 schools was able to meaningfully raise its VA
score across a period of more than four consecutive years, whereas most other schools” VA
scores improved only over two consecutive years before stagnating or declining again. On the
other hand, several researchers found a lack of VA score stability in their data. In their study
of all secondary schools in England, Gorard et al. (2013) found that none of the schools showed
consistently high VA scores across five consecutive years. They interpreted their finding as
evidence that VA scores were unstable over time and should not be used in practice until the
reliability of the scores could be improved. Perry (2016) found moderate to large correlations
between VA scores over one (r=.59-.61), two (r =.45-.46), and three years (r=.35) and
showed that student characteristics, such as English as an additional language and eligibility
for free school meals, could explain 11% and 35% of the variance in VA scores in primary and
secondary school, respectively. Despite this moderate to large stability but given the
dependence on student characteristics, Perry (2016) and more recent research from the UK
(Leckie & Goldstein, 2019) recommended avoiding school VA scores as a basis for

policymaking or other high-stakes decisions.
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Table 18. Overview of Prior Research on the Stability of School Value-Added Scores Over
Time, their Included Variables, Samples, and Conclusions

Reference Included Variables Sample Findings & Conclusion
Ferrdo e Achievement in mathematics or e Portugal: 45 primary e Moderate level of stability
(2012) reading and prior achievement and 14 elementary and over two consecutive years

e Student characteristics: SES, lower secondary schools with 65% of scores
gender, self-declaration of with two cohorts remaining in the same
race/skin color, kindergarten spanning grades 1 to 8 quartile of VA rankings.
attendance, SEN, attendance of were researched over = Use VA scores for
mixed class, grade repetition two years each school improvement,

o School characteristics: e Over 4 years especially in countries
composition SES, type of (2005-2008) with high retention rates
school governance

Gorard etal. e Achievement in English, ¢ England: All secondary e No school showed
(2013) mathematics, and science schools with VA scores consistently high VA

o Student characteristics: gender, (n=2,897) scores across five
SEN, ethnicity, free school e Over 5 years consecutive years
meals, first language, school (2006-2010) = VA scores are unstable
changes, age, IC, IDACI e High VA: confidence over time and should

o School characteristics: Variance interval does not not be used in practice
of student achievement within a include the mean VA = The missing data
school score problem must be solved

Thomas et o General Certificate of e England: Ten ® One out of 16 schools was
al. (2007) Secondary Education points of consecutive cohorts of able to meaningfully raise
students, prior achievement at 16-year-old secondary its VA score across a
age 11 with the Cognitive school students (n = period of more than four
Abilities Test 134) in one large school consecutive years

o Student characteristics: age, district ® Most other schools’ VA
gender, ethnicity, free school e Over 10 years scores improved only over
meals, poverty, SEN, school (1993-2002) two consecutive years
changes before stagnating or

e School characteristics: none, as declining again
gender composition was about = Low VA schools are
50% in all schools more likely to improve

Perry (2016) e Achievement at ages 7 and 11, e England: nearly all e Moderate to large

averaged for each cohort
Student characteristics were
aggregated on the school-level
School characteristics: gender
(%), SEN (%), English as an
additional language (%), free
school meals (%), child looked
after status (%), number of
students in a cohort, coverage
(inclusion in the measure)

primary and secondary
state-schools

e Over 4 years
(2011-2014)

correlations between VA
scores over one (r = .59-
.61), two (r = .45-.46), and
three years (r =.35) in
primary schools
o Student characteristics
could explain substantial
variance in VA scores
= Avoid school VA scores
as a basis for policy-
making or other high-
stakes decisions

Note. n = number of schools in the sample; SES = socio-economic status; SEN = Special
Educational Needs; VA = Value-Added; IC = students who have been ‘In Care’ at any time
while being at this school; IDACI = Income Deprivation Affecting Children Index measuring
deprivation based on student postcode. Please see the respective original study for more details.
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The extant literature has discussed some reasons for the instability of VA scores. Perry
(2016) hypothesized that the most variance could be found within rather than between schools.
The small amount of between-school variance might therefore not be very informative
(Wiliam, 2010). As noted above, Perry (2016) also considered variables outside of the control
of teachers and schools as potential reasons for instability. This is a common phenomenon in
longitudinal studies such that the actual change in the school hardly drives variation, but rather,
the variability is driven by outside events, such as a successful team-building intervention or
the admission of several new students. Changes within one cohort over multiple years could
also simply be due to the maturation of the students, whose cognitive abilities (Zelazo &
Carlson, 2012) and peer relationships (Hardy et al., 2002) develop rapidly before and during
school. But teachers can also change such that professional development, positive feedback,
and experience could have a positive influence on the VA scores of the entire school, whereas
critical, personal life events, or additional responsibilities could have a negative impact
(Agasisti & Minaya, 2021).

Measurement error and regression to the mean might also be drivers of change in VA
scores (Perry 2016). Regression to the mean is most prevalent in extreme groups (high and low
VA scores), which might make these two groups most prone to variations. This effect was
mostly ignored in VA research (Smith & Smith, 2005). Looking at the extreme groups of
schools with high and low VA scores, some of these schools might be in this group only due
to the inevitable measurement error in achievement scores (Ferrao & Goldstein, 2009). Such
schools that were misplaced accidentally due to this measurement error would likely be closer
to the mean at the next measurement point, implicating unwanted variance in VA scores over
time (Smith & Smith, 2005).

A solution to the stability issues in VA scores might be, for example, to control for a
rich set of background variables and to estimate the VA scores with the same models over time
(Aslantas, 2020). Model choice and included variables are highly influential in estimating VA
scores (Dumay et al., 2014; Levy et al., 2020; Perry, 2016) and should therefore be held
constant when looking at the stability of VA scores.

7.2.3 Different outcome domains

While there seems to be some consensus about which variables should be included
when estimating VA scores (Levy et al., 2019), less is known about the impact of different
outcome domains. Only a few studies have looked at stability across diverse measures of the
same achievement domain (Papay, 2011) or even contrasted two different achievement

domains (Ferrdo & Couto, 2013). At the student level, in accordance with the reciprocal
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internal/external frame of reference model (Niepel et al., 2014), we might expect differences
between mathematics and language achievement to be large. This model describes the link
between, for example, a student’s achievement in mathematics or language with their academic
self-concept in the other domain in a longitudinal setting. However, this effect might average
out when considering the teacher or school level on which the VA scores are summarized.

Comparing VA scores and students’ regular achievement measures helps evaluate the
VA scores’ validity, which is crucial for the credible use of VA scores in policymaking or other
kinds of high-stakes decision making. Naturally, policymakers would like schools with a high
VA score to do well not only on mathematics tests but also on language tests and vice versa.
Thus, a comparison of different outcome domains is indicated to investigate whether VA scores
are equally meaningful for the domains of mathematics and language.

Prior research on both school and teacher VA scores—two closely related research
areas—has focused on the comparison of correlations between VA scores with different
outcome domains or different measures of the same outcome domain (Ferrdo & Couto, 2013;
Lockwood et al., 2007; Papay, 2011; Sass, 2008). On one end of the spectrum, Ferrdo and
Couto (2013) found that school VA scores had strong correlations with students’ mathematics
and Portuguese performance as the outcome domains in Grades 2 through 5, ranging from » =
.43 t0 .70. Looking at teacher VA scores, Sass (2008) investigated their stability over time and
across two test instruments and found a correlation of » = .48 between VA scores of two
different achievement tests. He also found that this correlation was higher than the correlation
of VA scores over time (» = .27). At the same time, he acknowledged the substantial difference
between the two outcome measures, which he attributed to differences in testing material,
potential ceiling effects, and differences in pressure to perform, as one measure was a high-
stakes test and one was a rather low-stakes test (Sass, 2008). Lockwood et al. (Lockwood et
al., 2007) found large correlational differences between two subscales from the same
mathematics test on the teacher level. They attributed large parts of the variation in the VA
scores to these different measures in a middle school sample, suggesting that VA scores are
very sensitive to the choice of outcome measure. These results were later replicated by Papay
(2011), thus corroborating the conclusion that the choice of outcome measures can have a larger
influence on the stability of VA scores than the model specifications. Going beyond Lockwood
et al.’s (Lockwood et al., 2007) original study, Papay (2011) also explored differences between
three comprehensive reading achievement measures as outcome variables. He found
correlations of » = .15 to .58 between VA scores with these three different outcome measures.

These results indicate some comparability between the measures but not enough for high-stakes
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decisions. In a real-life situation, almost half of all teachers would have had different salaries
if the outcome measures underlying their VA scores changed, as Papay (2011) demonstrated.
Taken together, these findings demonstrate the limited stability of VA scores across different
outcome domains.

Focusing on the stability of VA scores between different tests of the same outcome
domain, prior research has left one question open: What is the stability of VA scores between
not only different outcome tests (e.g., two different mathematics subtests) but between different
outcome domains (i.e., mathematics and language)? We would expect that a school with a high
VA score is not only helping its students excel in one domain (e.g., mathematics) but is also
facilitating learning in another domain (e.g., language; Papay, 2011). Stated differently, a VA
score that shows great variability in its predictive power across different outcome domains
would not be stable across domains and would thus not be helpful. Then again, VA scores that
were well-aligned no matter whether mathematics or language was used as the outcome domain
would provide an argument for the validity of school VA scores, especially if the VA scores in
the two domains showed similar levels of stability.

7.2.4 International use of value-added scores

In the US and Europe, VA scores have experienced increasing research interest
(Hanushek, 1971; Levy et al., 2019). With the No Child Left Behind Act (No Child Left Behind
Act, 2002) and the Race to the Top Act (Race to the Top Act, 2011), VA models have been
applied for policymaking in large parts of the US (Amrein-Beardsley & Holloway, 2017; Kurtz,
2018). Parallel to their increase in use, VA scores have also experienced critical resistance from
researchers and teachers due to methodological flaws and their real-life implications (Amrein-
Beardsley, 2014; Collins, 2014). After 2009, several unsuccessful lawsuits had been filed
against the use of VA scores in decisions about teachers’ remuneration or tenure, leaving many
educators with smaller pay or without a contract at all after their VA-based assessment. In
2017, in the school district of Houston, TX in the US, however, the federal court ruled it
unconstitutional to terminate a teacher’s contract on the basis of undisclosed VA score data
(Paige & Amrein-Beardsley, 2020). Overall, VA scores have found most of their use in the US,
which has led to several lawsuits against their use in high-stakes decisions in education policy.

Parallel to the development of the “Tennessee Value-Added Assessment System” in the
US (TVAAS; Sanders & Horn, 1994), for instance, the French ministry of education introduced
VA scores to be used in school evaluations as well (“Indicateurs de valeur ajoutée”; Duclos &
Murat, 2014; MEN-DEP., 1994). As discussed above, VA scores are used in the United

Kingdom, where other variables in addition to prior achievement are used to estimate the VA
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scores (Perry, 2016). In this way, student characteristics such as ethnicity, SES, or gender could
also inform VA scores and increase their fairness. Here, VA scores are usually used as an
approximation of a school’s effectiveness and to provide school performance rankings (Gorard
et al., 2013; Perry, 2016). In the Netherlands, VA scores are used to identify disadvantaged
primary schools that are at risk of underperforming so that targeted interventions can be offered
to them (Timmermans et al., 2015). Further, Ferrdo (2014) reviewed research on school-level
VA scores in Brazil and Portugal.

In a nutshell, most countries outside the US avoid using VA scores for high-stakes
decisions. Nonetheless, they apply VA scores in order to inform such decisions as one of
multiple tools that can be used to estimate a facet of school effectiveness. Such examples
introduce VA scores as a means of identifying high-performing teachers or schools to learn
from them or their low-performing counterparts in order to support such lower performers in a
less punitive and more appreciative way.

7.2.5 Unsolved issues in value-added research and the Luxembourgish context

Prior research has presented several unsolved issues and open questions on the use of
VA scores, for example: How stable are school VA scores over time? How stable are they
across outcome domains? These questions are crucial for highly diverse educational contexts,
because they can profit the most from reliable and valid VA scores. For example, diversity in
the student population can arise from diverse languages spoken at home, a migration
background, or a family’s SES. This diversity leads to different preconditions for learning
mathematics and new languages (or even the language of instruction) and thus shapes students’
school careers (Hadjar & Backes, 2021) and school completion (Ferrdo, 2022). Consequently,
VA scores improve by including relevant background information, such as the languages
spoken at home, alongside prior achievement.

The Grand Duchy of Luxembourg provides one such highly diverse educational context
with a multilingual student body, leading to gaps in students’ achievement that widen with age
(Sonnleitner et al., 2021). This multilingualism is reflected in the fact that in 2020, only 43%
of all students in Grades 1 and 3 spoke Luxembourgish or German at home (Fischbach et al.,
2021). Alongside students who come from a socioeconomically disadvantaged family or attend
a secondary school in the lower tracks, students who do not speak the language of instruction
are specifically challenged to do well in school (Lenz et al., 2021).

Another specificity of the Luxembourgish primary schools is that they operate in four
learning cycles, spanning two years each. Cycle 1 starts with two years of preschool before

Cycle 2 spans the first and second years of school. These two-year cycles continue until Cycle
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4 ends in Grade 6. Within one cycle, students typically have the same class teacher until they
progress to the next cycle, where they get a new class teacher. Thus, longitudinal studies
conducted in Luxembourg, such as the Luxembourg school monitoring programme (LUCET,
2023), are usually conducted every other year to correspond to the structure of the learning
cycles. In this way, similar results within one learning cycle, for example, due to having the
same class teacher, are not overinterpreted.

In a context as diverse as Luxembourg, VA scores could provide a much fairer measure
of school effectiveness than averaging the standardized achievement of all the students in one
school. However, VA scores can only be used in these contexts if they exhibit a sufficient level
of stability across time and across different outcome domains. In other words, they need to
exhibit satisfactory reliability and validity. Otherwise, VA scores would fail to flexibly adjust
to the constantly evolving language and school landscape (Kirsch & Seele, 2022) and should
thereby not be used in high-stakes decision making.

7.2.6 Relevance of value-added score stability

The relevance of the stability of VA scores is directly linked to their reliability and
validity. If they are stable over time in multiple outcome domains (touching on their reliability
and validity, respectively), they could be a great additional tool for evaluating school
effectiveness. This would be especially helpful in highly diverse educational contexts, where
controlling for students’ backgrounds makes the effectiveness estimate much more meaningful.
This effect might be smaller in rather homogeneous contexts that lack variation in students’
and schools’ backgrounds.

If VA scores prove to be unstable over time and in different outcome domains, however,
their use should be cautioned. A larger variety in VA scores that cannot be explained by the
predictor variables (i.e., noise in the data) makes VA scores less reliable and less valid. They
would be less reliable if the same school with unchanged circumstances places high one year
and low in some other year without apparent real-life change occurring between these years.
Similarly, VA scores would be less valid if they had vastly different results for different
outcome domains (i.e., mathematics and language) without an actual difference in
achievement, leading to a lack of real-life explanatory power. Therefore, without sufficient
explanatory power to set apart high- and low-VA schools and without the stability to
demonstrate a reliable estimation of school effectiveness, VA scores would not be suited for
making high-stakes decisions.

In a concrete application example, at an unlucky school in the US whose VA score

plummets due to measurement error or changing circumstances, several teachers might lose
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their jobs. Across the big pond, in the United Kingdom, a school with an unstable VA score
might move to the top of the effectiveness ranking undeservedly, attracting more students
without having improved its school climate or bettered its general level of instructional quality.
Such unwarranted fluctuations need to be considered, as their real-life implications can be
radical and, in some cases, harmful. To avoid disadvantageous outcomes from the application
of VA scores, they need to either (a) show sufficient stability across time and outcome domains
(touching on their validity and reliability) or (b) be abolished as a means of measuring a
school’s effectiveness for high-stakes decisions and should be used only for informative
purposes.

7.3 The present study

With the present study, we examine the stability of school VA scores over time and
quantify differences in stability between two outcome domains (i.e., mathematics and language
achievement). Specifically, we address the following research question: How stable are school
VA scores over time and across outcome domains?

To answer this research question, we first calculated VA scores at the school level,
ranked all the schools accordingly, and estimated the correlations of the ranks over time to
arrive at a stability estimate. To calculate the VA scores, we used the same selection of
covariates across the two outcome domains. To choose the covariates, we reviewed models of
school learning (e.g., Haertel et al., 1983; Wang et al., 1993), prerequisites, and correlates of
students’ achievement as well as recent findings on the selection of covariates in school VA
models (Levy et al., 2022). We followed the approach specified by Levy et al. (2022), who
found that including prior mathematics achievement, prior language achievement, and
covariates related to students' sociodemographic and sociocultural backgrounds (i.e.,
socioeconomic status of the parents, languages spoken at home, migration status, and sex) in
multilevel school VA models could help leverage between-school differences in student intake
and in the resulting school VA scores. By examining the stability of school VA scores and
comparing different outcome domains, we seek to contribute to the existing debate on the

stability and use of VA scores in educational effectiveness.
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7.4 Method
7.4.1 Participants

The present study drew on longitudinal large-scale data from the Luxembourg School
Monitoring Programme Epreuves Standardisées (EpStan; LUCET, 2023). The EpStan assesses
all students in Grades 1, 3, 5, 7, and 9 in Luxembourg at the beginning of every school year.
By doing so, every student who follows the usual path through school is tested every other
year. Data on the students are collected in three main areas: academic competencies (in
mathematics and languages), motivation and emotion, and background variables (e.g.,
language background and SES). In the present study, we used data from the cohorts of Grade
1 students in the years 2015 and 2017 to inform our VA scores for the Grade 3 students in the
years 2017 and 2019 and form a large longitudinal data set with school VA scores at two time
points (2017 and 2019).

The final data set comprised N = 7,016 students, nested in 151 primary schools in
Luxembourg. Students were included if they participated in Grade 1 and two years later in
Grade 3. We thus excluded data from students who (a) had missed data collection in Grade 3
(e.g., due to sickness or grade repetition) or (b) were enrolled at a different school in Grade 3.

The EpStan received approval from the national committee for data protection and has
a proper legal basis. Current ethical standards were respected at all times (American
Psychological Association, 2017). The participating students and their parents or legal
guardians were duly informed before the data were collected and had the opportunity to opt
out. All data were pseudonymized with a so-called “Trusted Third Party” (for more
information, see LUCET, 2021, 2023), in accordance with the European General Data
Protection Regulation, to ensure the privacy of students and their families. In the present study,
we used an anonymized data set.

7.4.2 Measures

To calculate the VA scores, we included measures of prior academic achievement and
measures of an outcome domain (i.e., mathematics achievement and language achievement) all
with high psychometric quality. To further inform the VA scores, we also included measures
of sociodemographic and sociocultural background variables.

7.4.2.1 Academic achievement

Academic achievement plays two crucial roles in VA modeling: Whereas prior
academic achievement is used as a covariate, current academic achievement is irreplaceable as
an outcome variable. We used measures of mathematics and language achievement for Grade

1 simultaneously to calculate all VA scores. For the outcome measures in Grade 3, however,
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we report all results separately, once for mathematics and once for language achievement. Our
choice to incorporate both mathematics and language achievement into our analyses was
further corroborated by meta-analytic evidence of their mutual relationship (for a recent meta-
analysis on the mutual relationship between language and mathematics, see Peng et al., 2020).

In the first months of Grades 1 and 3, students’ mathematics and language achievement
scores were collected with standardized achievement tests. Expert groups consisting of
teachers, content specialists in teaching and learning, and psychometricians developed these
tests to ensure the content validity of these tests (Fischbach et al., 2014), based on the
Luxembourgish national curriculum standards (Ministry of National Education, Children and
Youth, 2011). On the day of testing, the students completed the achievement tests in their own
classrooms in a paper-and-pencil format. Most items were designed as closed questions and
scaled by a unidimensional Rasch model (Fischbach et al., 2014; Nagy & Neumann, 2010; Wu
et al., 2007). Warm’s Mean Weighted Likelihood Estimates were used (WLE (Warm, 1989, p.
19)) to indicate student achievement. We used these WLE values and their standard errors to
calculate the reliability of all the achievement scores in the R package TAM version 3.3.10
(Robitzsch et al., 2019). Table 19 shows these reliability coefficients for both mathematics and
language in Grades 1 and 3 in 2015-2017 and 2017-2019.

Table 19. Reliability Coefficients for the Achievement Scores for the 2015-2017 and 2017-
2019 Data Sets

Variable 2015-2017 2017-2019
Mathematics achievement in Grade 1 .84 .85
Language achievement in Grade 1 1 73
Mathematics achievement in Grade 3 .93 .93
Language achievement in Grade 3 .83 .83

For mathematics achievement, students completed a test in Grade 1 in Luxembourgish
because the language of instruction in preschool is Luxembourgish. Whereas Luxembourgish
can be described as a language cognate to German (Dalby, 1999), politically and culturally it
is a language of its own. The students answered items from three domains of mathematics

2 ¢¢

competence: “numbers and operations,” “space and shape,” and “size and measurement” (see,
for a more comprehensive explanation https://epstan.lu/en/assessed-competences-21/). In
Grade 3, the students took the mathematics tests in German because the students had been
taught in German during Grades 1 and 2. Again, the students answered items from three

2 <6

mathematics competence domains: “numbers and operations”, “space and form”, and the novel
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area of “quantities and measures” (see, for a more comprehensive explanation
https://epstan.lu/en/assessed-competences-31/, LUCET, 2019).

For language achievement, students completed a test in Grade 1 in Luxembourgish
because the language of instruction in preschool is Luxembourgish. The standardized language
tests consisted of “listening comprehension” and “early literacy comprehension.” To assess
listening comprehension in the two language competence domains “identifying and applying
information presented in a text” and “construing information and activating listening
strategies,” the students listened to different kinds of texts in an audio recording. For early
literacy comprehension, the students were tested on three competence domains, namely,

2 <6

“phonological awareness,” “visual discrimination,” and “understanding of the alphabetic
principle” (see https://epstan.lu/en/assessed-competences-21/). We averaged the scores for
listening and reading comprehension as prior language achievement in the VA model to have
one single score for language achievement.

In Grade 3, the students took the listening and reading comprehension language
achievement tests in German, which had been the language of instruction during Grades 1 and
2. The listening comprehension test consisted of two domains of competence: “identifying and
applying information presented in a text” and “construing information and activating listening
strategies.” For reading comprehension, the students were again tested on two competence
domains, namely, “identifying and applying information presented in a text” and “construing
information and activating reading strategies/techniques” (see https://epstan.lu/en/assessed-
competences-31/; LUCET, 2019). Analogous to prior language achievement in Grade 1, we
calculated a mean score across listening and reading comprehension in the German language,
resulting in a single dependent variable for language achievement.

In the present study, we conducted secondary analyses of archived data sets and had
only limited information on the psychometric quality of the achievement tests. However, as
these data sets formed the basis of political and practical decisions in Luxembourg, the
psychometric quality of the tests had been optimized in that regard (Fischbach et al., 2014;
Martin et al., 2015). More specifically, as mentioned above, several expert panels developed
all the items for the domain-specific achievement tests to ensure their content validity. After
pilot testing, all items underwent psychometric quality checks concerning their empirical fit to
the Rasch model—that is, the model that was used to generate WLE estimates to represent
students’ domain-specific achievement in Grades 1 and 3. To additionally ensure adequate
testing between student cohorts at the same grade level (e.g., between Grade 1 in 2017 and

Grade 1 in 2019), all test items were examined for differential item functioning. These
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psychometric quality checks were complemented by analyses of convergent and discriminant
validity. Finally, the students’ domain-specific achievement scores, as represented by the WLE
scores, demonstrated reliability coefficients between .70 and .90, which were considered
sufficient (Schmitt, 1996).

7.4.2.2 Sociodemographic and sociocultural background variables

All parents with a child in Grade 1 were asked to complete a questionnaire on their
child’s sociodemographic and sociocultural background. Table 20 shows the descriptive data
for each of the two samples (2015-2017 and 2017-2019) and for the entire sample of 7,016
students. The sociodemographic and sociocultural distributions were similar in both data sets.
Parents identified their occupation from a list of categories that were based on the ISCO
(International Standard Classification of Occupations) classification. To approximate the
parents’ SES, an average value of all occupational categories was computed on the basis of the
validated ISEI (International Socio-Economic Index of occupational status, see Ganzeboom,
2010) scale. For the Grade 1 sample, parents reported a mean ISEI value of 50.3 for the sample
from 2015 and 49.7 for the sample from 2017. These mean values were only slightly above the
average ISEI for all OECD countries of 48.8 from the first PISA tests in 2000 (OECD &
UNESCO Institute for Statistics, 2003).

Table 20. Descriptive Data of the two Samples Used in the Present Study

Yearsof N % of % of students Mean (SD) Migration
the sample female speaking SES status (%
students Luxembourgish native)

with at least one

parent at home
2015-2017 3443 50% 50% 50.3 (15.6) 48%
2017-2019 3573 49% 48% 49.7 (16.0)  47%

Note. SES = Socioeconomic status as measured by HISEI (Highest International Socio-
Economic Index of Occupational Status).

To indicate a child’s migration status, parents further specified where they and their
child were born. This was translated into three categories of migration status: “native,” “first
generation,” and “second generation.” We created a dummy variable for migration status with
“native” as the reference category. In the 2015-2017 sample, 48% of the students had a “native”
migration status, and 47% of the students in the 2017-2019 sample had this status. To
complement their parents’ answers to the questionnaire, the first graders also answered a
questionnaire on the language(s) they spoke with their parents. Not speaking any

Luxembourgish at home could be considered a disadvantage for students in Grade 1 because
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both the testing and the preschool instruction were in Luxembourgish. Therefore, we coded the
language(s) spoken at home as a dummy variable to distinguish between students who spoke
Luxembourgish with at least one parent (reference category) and those who did not speak any
Luxembourgish at home. In the 2015-2017 sample, 50% of the students indicated that they
spoke Luxembourgish with at least one parent, and 48% in the 2017-2019 sample did so.
Furthermore, a data set from the Ministry of National Education, Students, and Youth provided
information on the students’ sex, with 50% (2015-2017) and 49% (2017-2019) girls in the
samples.
7.4.3  Data analysis

All analyses were performed in R version 3.6.1 (R Core Team, 2021). After preparing
the data sets and imputing the missing data, we estimated the VA scores for the schools. Part
of the data preparation and the estimation of school VA scores were analogous to the study by
Levy et al. (2022), who used different data from the school monitoring programme (LUCET,
2021) from the years 2014 and 2016.

7.4.3.1 Data preparation

Because a criterion for inclusion in the study was that students participated in the Grade
3 achievement tests, there were no missing data in the achievement data in Grade 3. To impute
missing data on the covariates, we used multiple multilevel imputation with 20 imputations,
50,000 burn-in iterations, and 5,000 iterations between imputations using the R packages mitm!
version 0.3-7 (Grund et al., 2019) and jomo version 2.6-9 (Quartagno & Carpenter, 2019). The
S1 Syntax and S2 Syntax show the R code for the data imputation for the data from 2015 —
2017 and 2017 — 2019, respectively.

7.4.3.2 Estimation of school value-added scores

We estimated the random effects within each school to obtain VA scores via Equations
1 and 2 (Ferrao & Goldstein, 2009). More specifically, these were the Level 1 residuals from
the multilevel model, averaged within a school. In other words, all student-level VA scores
were averaged into one VA score per school. To estimate the model, we used the log-likelihood
as the estimator. We applied the /mer and ranef functions from the R package /me4 (Bates et

al., 2015) and defined the multilevel model as follows:
Achievement in Grade 3 ~ Prior Math Achievement +
Prior Language Achievement + SES + migration status +

language spoken at home + sex + (1|school ID)
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In this model, the outcome variable represents either mathematics or language achievement in
Grade 3. Prior achievement in mathematics and in language, SES, migration status, language
spoken at home, and sex are covariates, thus being statistically accounted for.

To address our research question on the stability of VA scores across time and outcome
domains, we ranked the schools by their VA scores from highest to lowest in one year. Then,
we created three indicators of VA score stability. First, we estimated correlations between the
two outcome domains for 2017 and 2019, respectively. Second, we checked for the stability of
the school VA scores within one outcome domain over two years by calculating one correlation
between the VA mathematics score in 2017 and the respective VA mathematics score in 2019,
and we did the same for language. Third, we estimated the correlations between the VA
mathematics scores in 2017 with the VA language scores in 2019, and vice versa (i.e., the
correlation between language as an outcome domain in 2017 and mathematics as an outcome
domain in 2019). Figure 18 graphically represents these three types of correlational indicators.
The resultant correlation coefficients will be interpreted as indicators of VA score stability

across time and domains (Loeb & Candelaria, 2012; Papay, 2011).
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Figure 18. Graphical Representation of the VA Score Intercorrelations across Time and

Domains
2017 2019
with prior with prior
achievement achievement
from 2015 from 2017

Correlation over time

Correlations across
domains and

Correlation : Correlation
across : across
domains : domains

Correlation over time_

Language
VA

Language
VA

Note. Double-headed arrows signify the correlations we calculated.

On the basis of these findings, we investigated the total number and percentage of

schools that showed a stable or unstable VA score rank with mathematics as an outcome

domain compared with language as an outcome domain. For this purpose, we consulted

commonly used benchmarks (Marzano & Toth, 2013) and decided to use four levels of VA

scores to indicate a school’s effectiveness:

High VA scores are in the top 25% (highly effective schools)

Upper medium VA scores are between the 50" and 75" percentiles (moderately to
highly effective schools)

Lower medium VA scores are between the 25" and 50" percentiles (moderately
effective schools to schools that might need improvement)

Low VA scores are in the lowest 25% (schools that need improvement)

179



Study 3

We defined schools with a stable VA score as schools that remained in the same VA rank
quartile in 2017 and 2019. We defined schools with an unstable VA score as schools that were
in different quartiles in 2017 and 2019. The S3 Syntax shows the R code we used to analyze
the correlations between the VA scores. The S4 Table shows the covariance table of VA scores
with different outcome domains (mathematics and language) over time. The S5 Dataset shows

the minimal dataset and codebook of school’s VA quartile ranking across time and domains.

7.5 Results
7.5.1 Stability of value-added scores

We found positive correlations between school VA scores in both the mathematics and
language outcome domains and across the two years of testing. Table 21 depicts the
correlations for the school VA scores in the different outcome domains (mathematics and
language) across time. More specifically, the school VA scores in mathematics and language
within the same years were moderately to highly correlated with correlation coefficients of » =
.591n 2017 and r = .47 in 2019. The correlations of the school VA scores within one outcome
domain across the two years were smaller but still moderate. We found that the school VA
mathematics scores from 2017 and 2019 were correlated at » = .34. Similarly, the school VA
language scores showed a correlation of » = .37 across the two years. The correlations of the
school VA scores across both the domains and time were smaller than the other correlations.
The correlation between the school VA language scores in 2017 and the school VA
mathematics scores two years later was » = .22. The correlation between the school VA
mathematics scores in 2017 and the school VA language scores two years later was » = .32.
Overall, we found moderate correlations across outcome domains but only small correlations

over time in primary school for the school VA scores.
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Table 21. Correlation Table of VA Scores in Different Outcome Domains (Mathematics and
Language) over Time

2015-2017 2015-2017 2017-2019 2017-2019

Mathematics  Language Mathematics ~ Language
2015-2017 -
Mathematics
2015-2017 59 -
Language
2017-2019 34 22 -
Mathematics
2017-2019 32 37 A7 -
Language

Note. Correlations were calculated on the basis of n = 7,016 elementary schools students’ VA
scores.
7.5.2  Prevalence of schools with stable and unstable VA scores

Figure 19 shows a transition diagram illustrating the number of schools that changed or
remained in their VA score rank quartile. Looking at the school VA mathematics scores, 54
out of 151 schools had the same rank in both 2017 and 2019. This was roughly one third of the
schools with mathematics as an outcome domain that remained stable over the two years
(approx. 35.8%). There were more schools in the highest and lowest ranks that remained stable
(i.e., 34 schools) than in the two middle ranks (i.e., 20 schools). While most schools (i.e., 97
schools) changed one or two ranks up or down, 10 schools were classified as having a high VA
score in one year and a low VA score two years later, or vice versa. When language was the
outcome domain, the results were similar. We found that 63 out of 151 had a stable VA score
over time. Again, most schools had a different rank in 2019 than the rank that was based on
their VA score in 2017. Two schools had moved from the lowest to the highest rank, whereas

5 schools had gone from the highest to the lowest rank over the two years.
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Figure 19. Transition Diagrams Indicating Changes in the Schools’ Value-Added Score
Ranking Quartiles from 2017 to 2019.
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Note. A school’s position in the VA score ranking is indicated on either side of the transition
diagram. High VA scores are in the top 25%, Upper medium VA scores are between the 50™

and 75™ percentiles, Lower medium VA scores are between the 25" and 50 percentiles, and
low VA scores are in the lowest 25%.
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Overall, the results for mathematics and language were comparable. We also found that
only about one third of the primary schools exhibited stable VA scores across the two years.
The other two thirds fluctuated, with some schools changing their VA score rank position

substantially.

7.6 Discussion

VA models are used for accountability purposes in education and quantify the value a
teacher or a school adds to their students’ achievement. For this purpose, these models predict
achievement over time and attempt to control for factors that cannot be influenced by schools
or teachers (i.e., sociodemographic and sociocultural background). Following this logic, what
is left must be due to differences in teachers or schools (Braun, 2005). To contribute to the
debate about the stability of VA scores over time and across outcome domains, we drew on
representative longitudinal data from two cohorts of standardized achievement tests
administered to a total of 7,016 students attending 151 primary schools in Luxembourg. First,
we calculated correlations between the VA scores within and across time and outcome
domains. Additionally, we investigated the total numbers and percentages of schools that
showed a stable versus unstable VA score across time in mathematics and language as the
outcome domains.
7.6.1 Stability of value-added scores across time and domains

In our sample of primary schools, we found moderate correlations of » = .34 for
mathematics and » = .37 for language as the outcome domains across a two-year period. These
correlations are far from perfect (i.e., » = 1), moderate in size, and can thus be considered to
show instability in VA scores over time. If VA scores worked perfectly, this instability could
be explained by actual improvement or decline in the schools’ quality, but this is probably not
the case because several other factors influence VA scores. Instead, researchers have pointed
to the multiple sources of error and bias in VA scores introduced by, for example, variation on
the student level and measurement issues (Gorard et al., 2013; Perry, 2016; Sass, 2008). Thus,
the instability in VA scores we found should be attributed primarily to these disturbances rather
than to changes in school effectiveness. The correlations we found across a two-year period in
primary school were even somewhat smaller than those found in a secondary-school sample
by Perry (2016), who cautioned against the use of VA scores as a basis for high-stakes decision
making and policymaking. We also share the interpretation expressed by Gorard et al. (2013),

who warned against the use of VA scores until consensus has been reached on how to handle
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missing data, which models to use, and until the predictive power of VA scores for school
effectiveness has been unambiguously shown.

While we found large correlations across mathematics and language within the same
years—2017 and 2019, respectively—we found only small correlations across domains and
across years. Correlations were larger across outcome domains in the same year than they were
for the same outcome domain across two years’ time. Stated differently, time has a greater
effect on VA stability than different outcome domains do. This could either indicate greater
changes in school effectiveness between years than between domains or simply show less noise
in data collection within the same year than over time due to similarity in assessments even in
different domains. This interpretation is in line with research by Thomas et al. (2007), who
identified that time as a factor introduces considerable instability. The larger correlations within
the same year across outcome domains replicate prior findings (Ferrdo & Couto, 2013; Sass,
2008).

The reasons for the instability in VA scores can be manifold. Of course, schools
improving through effective leadership or successful teacher development introduce the kind
of change and variation that is desired in VA scores (Agasisti & Minaya, 2021). As discussed
above, however, school VA scores might vary for statistical reasons, such as greater variability
within than between schools, measurement error, and regression to the mean. However,
external variables might influence the stability of school VA as well, such as changes in a
student cohort due to maturation, (adverse) life events of a class or an entire school, or changes
in teachers or teacher behavior due to professional devolvement or personal circumstances, for
example (Agasisti & Minaya, 2021; Loeb & Candelaria, 2012; Perry, 2016; Sass, 2008).
However, most of these sources of variance are outside the control of the teachers and the
schools but can introduce instability in VA scores.

Given our correlational findings and the multiple sources of instability, we conclude
that VA scores have insufficient predictive power for the value a school adds to its students
over time. Thus, these scores cannot be considered stable enough over time to be used for high-
stakes decisions (Gorard et al., 2013; Perry, 2016). As VA scores are a highly political topic
and their use is controversially discussed, they should not be used as the sole indicator for a
schools effectiveness on a public policy level (Amrein-Beardsley & Holloway, 2019; Conaway
& Goldhaber, 2020). In the public interest, however, schools with stable VA scores can be used
in research contexts for informative purposes, including learning from schools with stable high

VA scores.
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7.6.2  Differences between outcome domains

We found that 34-38% of the schools showed stable VA scores from Grade 1 to Grade
3 by remaining in the same VA score ranking quartile in 2017 and 2019. These results were
similar across outcome domains. Considering the similarity in the correlations between
mathematics and language over time, the differences in the VA scores between the outcome
domains can be considered small (Cohen, 1992).

While 34-38% of the schools remained in the same VA score ranking quartile, all other
schools had VA scores that changed quartiles between Grade 1 and Grade 3. As multiple
sources of variance may be influencing the stability of VA scores, the changes in the rankings
of these schools might not be due to their actual improvement or deterioration but may have
been driven by statistical or external factors. Thus, about two thirds of the schools were at risk
of falling victim to unwarranted consequences. Especially for the 10 schools that changed from
the highest to the lowest VA ranks or vice versa, this instability could have dramatic
consequences if VA scores were applied for accountability reasons, such as decisions about
funding or the closing of schools. With no major advances in the stability of VA scores by
adding richer sets of background variables or more advanced statistical methods, on its own,
“Value-added is [still] of little value” (Gorard, 2006) to public educational policy.

While we did not find similar numbers of educational units that remained the same as
Ferrdao (2012) did, we share her sentiment that VA scores could be used as indicators of school
improvement. At the same time, we argue for the complementary use of VA scores, paired with
observational, qualitative, and other kinds of data to obtain a broader picture of school
effectiveness (Emslander, Levy, & Fischbach, 2022).

7.6.3 Limitations and future directions

The present study has potential limitations. First, how to treat missing data is an
important question in research in general, especially in VA research, as small changes in data
handling might have large impacts and might sway real-life decisions. In the present study, we
included only cases that had complete achievement test data in the two outcome domains and
then imputed the other missing values as described above rather than using case-wise deletion
methods. By excluding the incomplete achievement tests, we might have missed relevant cases,
potentially introducing bias in the VA score. Future research should investigate the sensitivity
of VA scores across different ways of handling missing data (Levy et al., 2022).

One specificity of the Luxembourgish school system is its structure in two-year learning
cycles. During these two years, it is expected that the same teachers teach the students, as is

customary in Italy for example (Minaya & Agasisti, 2019). Therefore, we did not investigate
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students in two consecutive years but in the first year of two consecutive learning cycles. In
research, most VA scores are estimated from one year to the next. Had we focused on students
in two consecutive years, however, with the same teachers, in the same classroom, and less
time between the measurement points, VA score stability might have been higher, as the two
measurement points would be more similar (Perry, 2016).

The two-year learning cycles can be prolonged by one year, so a child remains in the
same learning cycle not for two but for three years, which is a form of repeating a grade.
Retention is quite common in Luxembourg, leading to a large number of students participating
in the EpStan in Grade 1 in 2017 but not in Grade 3 in 2019, for example. These excluded
students tend to have a lower socioeconomic status, are likely to show lower achievement, and
are less likely to speak the language of instruction with their parents than the included students.
The practice of looking at students with regular educational pathways is in line with the
common practice of estimating VA scores (Goldhaber & Hansen, 2013; McCaffrey &
Lockwood, 2011), and VA scores can especially be used for constructive purposes in
educational settings with high retention rates (Ferrao, 2012).

In the present study, we focused on primary school Grades 1 and 3 in Luxembourg, a
highly diverse and multilingual school context compared with other countries. While our
findings add further evidence of the instability of VA scores to the literature, we should not
extrapolate our findings from Grades 1 and 3 to other grades or blindly take the results from
Luxembourg and apply them to samples in vastly different educational settings. Perry (2016)
found that even in the same Grade 4 and Grade 6 cohorts, for example, VA scores had a
correlation of only » = .24. And, as could be expected, cohorts in two consecutive years are
more likely to be similar than cohorts that are several years apart (Perry, 2016). Further, VA
scores were suggested to show greater variability between different cohorts than within one
cohort (Minaya & Agasisti, 2019; Newton et al., 2010; Sass, 2008).

Future research could tackle the stability of VA scores and the implications of stability
in these scores in three distinct ways: (a) by investigating fundamental research questions on
the parameters that influence the stability of VA scores, (b) by conducting a systematic review
of both published and gray literature on the stability of VA scores over time, and (c) by looking
at the real-life implications that (un)stable VA scores have for schools. To tackle open basic
research questions, future research could extend the present study to replicate our findings in a
less diverse and rather monolingual educational context. These are just a few directions future
research could take, for which prior research has already provided some evidence. Findings

from these endeavors could then be used to evaluate the specificity of the present study—in
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other words, whether Luxembourg, whose strength lies in a heterogeneous student population,
is either significantly different from other countries or quite comparable to other places in the
world.

Looking at the real-life implications for schools of (un)stable VA scores and their
productive use outside of high-stakes decision making is another area that future research
should explore. It will be informative to investigate differences between schools with stable
high VA scores and those with stable low or moderate VA scores and learn about effective
pedagogical strategies (Emslander, Levy, & Fischbach, 2022; Ferrdo, 2012). Such a
constructive use of VA scores can help create parsimonious samples, identify and appraise
effective schooling, and aid schools that are in need of support. These could be future

applications of VA scores and the present findings on VA score stability.

7.7 Conclusion

The present study provided evidence for the moderate stability of primary schools” VA
scores. Only 34-38% of the schools showed stable VA scores across two years with moderate
correlations of » = .34 for mathematics and » = .37 for language achievement as the outcome
domains. The number of stable schools did not differ greatly between mathematics and
language. Real-life implications for schools may be consequential with only about one third of
schools having a stable VA score over time. This finding indicates that VA scores should not
be used as the only measure for purposes of accountability. Thus, both public and private
educational services should refrain from using VA scores as the (sole) metric to rank schools
in their effectiveness and policymakers need to consider the present controversy about school
VA scores. Complementary sources of data to make appropriate educational decisions are
strongly recommended, as school VA scores do not seem to be stable enough over time and
theoretical assumptions about the VA scores don’t seem to hold in practice (Conaway &
Goldhaber, 2020; Scherrer, 2011). Nonetheless, we argue that VA models could be employed
to find genuinely effective teaching or school practices—especially in heterogeneous student
populations, such as Luxembourg, in which educational disparities are already an important
topic in primary school (Hoffmann et al., 2018). Here, VA scores could help researchers look
past these disparities and investigate the schools with stable positive VA scores and learn from

them.
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Abstract

In such a diverse context as Luxembourg, educational inequalities can arise from the
language spoken at home, a migration background, or a family’s socioeconomic status. This
diversity leads to different preconditions for learning maths and languages (e.g. the language
of instruction) in school and thus shapes the school careers of students (Hadjar & Backes,
2021).

The purpose of the systematic identification of high value added in educational contexts
(SIVA) project was to answer the questions (1) what highly effective schools are doing 'right'
and (2) what other schools can learn from them to alleviate inequalities. In collaboration with
the Observatoire National de I’Enfance, de la Jeunesse et de la Qualité Scolaire — Section
Qualité Scolaire (OEJQS), we qualitatively and quantitatively investigated the differences
between schools with stable high value added (VA) scores and those with stable medium or
low VA scores from multiple perspectives. VA is a statistical regression method usually used to

estimate school effectiveness considering diverse student backgrounds and preconditions.

We identified 16 schools with stable high, medium, or low VA scores in two cohorts. In
thesel6 écoles fondamentales, we collected data on, among others, their pedagogical strategies,
student backgrounds, and school climate in 49 classrooms, involving 511 Grade 2 students,
and 191 teachers as well as parents, school presidents and regional directors. This diverse
sample unintentionally mirrored Luxembourg's general population of écoles fondamentales in

terms of gender balance, class size, socioeconomic status, and prior achievement.

The data collection focuses on variables that are central in school effectiveness and
student success models such as teaching quality, school climate, and school organization (e.g.,
Hattie, 2008; Helmke et al., 2008; Klieme et al., 2001). We further investigated specificities
about the Luxembourgish school system, which are not represented in international school
learning models, such as the two-year learning cycles, the multilingual school setting, or the
diverse student population.

When examining instructional quality and school climate, the study unveiled generally
positive perceptions from students. They reported strong teacher-student relationships,
although classroom management scored lower than other aspects of instructional quality,
namely cognitive activation and teacher support. We observed a dynamic multilingual
environment within classrooms, especially during informal interactions. Although German was

predominantly used for instruction, teachers often switched to other languages to accommodate

189



Study 4

students' diverse linguistic backgrounds, emphasizing adaptability. This is important to foster
a conducive learning environment and strengthen teacher-student relationships.

Despite the variation in value added (VA) scores between schools, the study did not
find significant differences on most variables. This implies that other factors contribute
significantly to school success and instructional quality in Luxembourg's écoles fondamentales,

and further research is needed.

Keywords: Value-Added Modeling, School Effectiveness, Primary School
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8.1 Educational Inequalities in Luxembourg

In such a diverse context as Luxembourg, educational inequalities can arise from
various factors. For example, the language spoken at home, the migration background, or the
family’s socio-economic status can impact a child’s school success. Also, the educational
landscape in Luxembourg is unique due to its linguistic diversity, with three languages of
instruction in the traditional public education system: Luxembourgish, German, and French.
However, only about 32 % of écoles fondamentales students speak Luxembourgish—a
language of primary instruction—with at least one of their parents as their first language
(MENJE — Ministére de I’Education nationale, de ’Enfance et de la Jeunesse & SCRIPT,
2022). This linguistic diversity means that students bring different language backgrounds to
Luxembourg’s écoles fondamentales, where they will be taught in Luxembourgish in preschool
and German in subsequent grades. Consequently, these different language backgrounds result
in varying preconditions for school success, which impact not only language learning but also
subjects like mathematics and thus shape students’ school careers (Hadjar & Backes, 2021).
With the growing language diversity and educational inequality, one would expect
Luxembourg to perform increasingly poorly in international comparisons. However, the data
suggests that Luxembourg remains stable in its test results in international comparison studies
(Weis et al., 2020). This stability suggests that there must be factors driving school success
against the odds, such as effective strategies to tackle educational inequalities. If we could
identify these educational strategies, they could be a starting point for all schools to learn from.
To find such factors is precisely the goal of our project, “Systematic Identification of High
Value-Added in Educational Contexts” (SIVA). Concretely, we wanted to find out what some
ecoles fondamentales in Luxembourg could be doing “right” in dealing with (linguistic)

diversity and what other schools might learn from them.

8.2 The SIVA Project: Identifying Effective Schools

In the SIVA project, we aimed to explore how to mitigate educational inequalities in
Luxembourg’s écoles fondamentales. With this project, we had three key objectives: (1) to
identify highly effective schools and compare them with other schools, (2) to collect
quantitative and qualitative data in these schools to discover what highly effective schools are
doing differently, and (3) to identify practices that other schools can learn to reduce educational
disparities. Collaborating with the Observatoire National de I’Enfance, de la Jeunesse, et de la
Qualité Scolaire — Section Qualité Scolaire (OEJQS), the project team set out to find the literal

needle in the haystack of what makes the écoles fondamentales in Luxembourg effectively
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navigate diversity and bring all students to success. To identify especially effective schools,
we used a statistical method called “value-added” (VA) analysis, which aims to identify how
much “value” schools can “add” to the achievement of their students. VA analysis estimates
school effectiveness while considering diverse student backgrounds, prior achievement, and
other preconditions. The idea behind these scores is that there are several student factors, such
as the students’ home language, that the school cannot influence. With the help of VA scores,
we can account for such factors and approximate the school’s influence on students’
achievements. To find a school’s VA score, we can average all the students’ VA scores within
a school. This VA score says how well a school helps students thrive independent of their
backgrounds. VA scores are widely applied for accountability reasons, for instance, in the US,
to compare the value different teachers or schools add to their students’ achievements (Amrein-
Beardsley & Holloway, 2019). In our project, we used them as a starting point to analyze
effective strategies in the school system. We thus selected écoles fondamentales with stable
high value-added scores and compared them with those achieving stable medium or low VA

SCOIECS.

8.3 Methods and Data Collection

To select the schools, we drew on two representative longitudinal data sets of students
who participated in the Epreuves standardisées (EpStan) in Grade 1 in 2014 or 2016 and then
again in Grade 3 in 2016 and 2018 two years later. The dataset included the students’ math and
language achievement and their background variables, such as SES and home language. In a
prior study, we found that the stability of VA scores was rather low when only considering
math or language as an outcome variable (for a review of research on VA-score instability, see
Emslander et al., 2022). It is not possible to infer the cause of this instability with correlational
data - it might reflect real changes but could also be due to issues with reliability or
measurement error. Thus, for the SIVA project, we decided to use schools that had a stable VA
score in both math and language. That way, we increased the reliability of selecting schools
with a high, medium, or low VA score. As such, we identified 16 schools with stable high,
medium, or low VA scores, across both subject domains, over two years as our sample.

After identifying the 16 schools, we collected data in all their 2"-grade classrooms from
January to March 2022. We collected data from several perspectives, combining quantitative
questionnaire data with qualitative classroom observations. We collected quantitative
questionnaire data from students, their parents and guardians, classroom and subject teachers,

school presidents, and regional directors. Additionally, we collected qualitative observational
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data by visiting each classroom for a one-hour math lesson. Giving all stakeholders a voice, we
aimed to find the literal needle in the haystack that drives possible differences between the
schools.

Generally, we collected data on several aspects of instructional quality, school climate,
and language use, among others. During the structured classroom observations, we observed
which languages and pedagogical strategies the teachers used. We focused on three essential
concepts of instructional quality (after Klieme et al., 2001; Praetorius et al., 2018):

e student support. Teachers promoting positive interactions among students and being
attentive to students’ needs to build strong teacher-student relationships.

e cognitive activation: Teachers engaging students in challenging tasks and building on
what the students already know.

o classroom management: Teachers creating a well-structured working environment with
minimal disruption so students know what to do and can concentrate on the learning
activities.

Ultimately, the SIVA project draws from multiple data sources, including observations
in 49 classrooms in 16 schools and questionnaires completed by 511 2"-grade students, 410 of
their parents, 191 of their classroom and subject teachers, 14 school presidents, and 13 regional
directors. Comparing the SIVA sample with the entire population of about 150 écoles
fondamentales in Luxembourg, we unintentionally made a close-to-representative choice as
our sample is quite comparable to the general population on several variables, such as on the
schools’ gender balance, measures of socio-economic status, and prior achievement. Also, the
16 included schools were geographically evenly dispersed throughout the Grand Duchy, with
more schools in the center and the south, where most people live.

Although data collection for the SIVA project was somewhat invasive and took a lot of
effort during the COVID-19 pandemic, we were met with much support from participants. This
allowed us to gather rich qualitative and quantitative data from multiple perspectives. While
our sample closely resembles key characteristic of the full population of cycle 2.2, we could
only assess a select subsample of schools. In this chapter, we will focus on the quantitative data
from the students and teachers because they are the most important actors in the classroom. We
additionally highlight the more qualitative classroom observations and open-text questions to
complement the quantitative aspects of learning and help to shed light on the classroom

Pprocessces.
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8.4 Findings and Implications
8.4.1 Instructional Quality and School Climate in Luxembourg’s Ecoles Fondamentales
In Figure 20, we summarize the questionnaire results from the perspective of the 511
students. These results indicate that the students are experiencing a sense of well-being. While
their relationships with fellow students are good, the students report better relationships with
their teachers, and the teachers enjoy a high level of popularity among students. Whereas it is
still discussed what influence teacher-student relationships might have in 2" grade, teacher
popularity is likely to positively influence the students’ ratings of teacher-student relationships
(Aleamoni, 1999; Emslander et al., 2023). The only aspect that the children perceive as
somewhat lower, compared to other strategies of instructional quality, is classroom
management, which is followed by cognitive activation and teacher support. This pattern is

also found in German studies (e.g., Fauth et al., 2014).

Figure 20. Student questionnaire results on selected variables (n = 511)

Wellbeing at school o
Wellbeing in general ‘e
Teacher support- HOH
Teacher-student rel. { o
Student-student rel. | re
Teacher popularity 1 g

Cognitive activation 1 HH

Classroom management ] g

The perspective of the 191 teachers presents a more mixed picture (see Figure 21). On
the positive side, the teachers hold a favorable view of their relationships with students and
their own ability to support their students, regardless of their background. However, the
teachers perceive a lack of a digitalization strategy, particularly regarding the use of tablets.
Additionally, similar to the students’ perspective, they find the relationships among students to
be more challenging than between students and teachers. Furthermore, teachers report that
strategic consolidation phases, in which students “save” what they have learned, are not very
common in their lessons. The teachers reported making even lesser use of advanced organizers,
thus not presenting the structure of the learning unit to the students ahead of time. They also

identify room for improvement in classroom management strategies but less in cognitive

194



Study 4

activation and student support. This pattern of classroom management being the least
developed of the three teaching strategies—with cognitive activation in the middle and student
support as the most developed strategy of instructional quality—aligns with the observations

made by the students in our sample and from other studies (Fauth et al., 2014).

Figure 21. Teacher questionnaire results on selected variables (n = 191)

Teacher-student rel. - o~
Tablet use - ——
Teacher diversity support - -
Teacher student support -
Student-student rel. - 8-
Consolidation phase - —e—
Cognitive activation - @~
Classroom management - -
Advanced organizer use - ——

Surprisingly, we found no significant differences between schools with high-, medium-
, and low-VA scores. This means that the pattern of the results was the same among schools
with all types of VA scores, indicating that none of the described factors seem to be linked to
differences in school VA scores. In other words, we did not find any pedagogical strategies or
other aspects that set schools with a high VA score clearly apart from other écoles
fondamentales. Thus, we did not find the figurative needle in the haystack of the quantitative
data we investigated.
8.4.2 What we Observed During the Standardized Classroom Observations

The more qualitative part of our study involved classroom observations conducted by
two educational experts during one-hour math lessons. We averaged their ratings, which
showed high agreement. We observed the language(s) spoken by the teacher during the lessons,
during individual explanations, and during breaks or before and after the lessons (see Figure
22). Whereas the language of instruction was either “only German” or “mostly German” in
most cases, this changed in more informal settings. More than half of the time, when the teacher
explained something to an individual student, they used a language other than German. This
language diversity reflects the students' multilingual backgrounds and the teachers’ willingness
to adapt flexibly to their students’ language skills or preferences. The language diversity was
even higher in informal chatter before and after the lessons or during breaks: About 85% of the

time, the students and teachers spoke another language than German. The most popular non-
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German language was Luxembourgish, followed by French. A few conversations between a

teacher and a student were in Portuguese, Italian, or Bosnian.

Figure 22. Observed language use

(a) Language of instruction (b) Language of individual explanations
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Figure 23 sums up selected variables from the classroom observations. Similar to the
students’ and teachers’ findings, classroom management and cognitive activation appeared less
well-developed in the observed lessons. However, the order of importance of the strategies for
instructional quality was different. From the classroom observers’ perspective, cognitive
activation was the least developed aspect, followed by the two other strategies of student
support—supportive teacher-student relationships and the teacher’s support competence—and

classroom management (see Figure 23).
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Figure 23. Classroom observations questionnaire results on continuous variables (n = 49
classrooms observed with two observers each)

Support of relatedness ‘e
Support of competence -
Cognitive activation e
Classroom management e
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When comparing schools with a high, medium, or low VA score, we encountered some
interesting, yet mostly statistically insignificant, findings. High VA schools demonstrated a
descriptively higher tendency to use German as the language of instruction. However, in cases
where teachers in high VA schools employ other languages, teachers in schools with a high
VA score speak the home language of the students. This adaptivity demonstrates a strategic
utilization of language diversity among the students. Additionally, it is important to have a
fixed language of instruction while remaining flexible and responsive to the linguistic needs of
the students. At the same time, it seems that code-switching is an asset to the students. Code-
switching refers to speaking multiple languages in the same situation, such as when a teacher
explains a question in Luxembourgish and German (Rampton, 2017). This lively-discussed
theory argues that using the students’ home language makes them feel safe and valued, which
are the prerequisites for deep learning and understanding in diverse societies (Creese &
Blackledge, 2015; Lin, 2013). The results of our study support this theory somewhat by
indicating that strategic use of code-switching might be associated with a higher VA score in a
school.

Interestingly, while we observed no significant differences in the quantitative tools
assessing pedagogical strategies, we could observe some substantial differences in the
qualitative ratings of language use. These differences hint at the importance of conducting
classroom observations during on-site school visits to capture unique teaching practices and
identify differences between schools. It is vital to acknowledge the complementarity of
methods, with structured observations being particularly valuable in the school context.

As another source of qualitative data, we investigated the open texts the teachers wrote
in the questionnaires. Here, three teachers emphasized the need for smaller classes and more
teaching personnel to create an effective working environment. Another three teachers urged

for a faster digitalization of teaching and learning materials—they mentioned the lack of tablets
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and computers—for their students to support teaching 21%-century skills and practical media
use. Two teachers further expressed their positive experiences with multilingual teaching and
code-switching in everyday school life, and another two teachers shared their positive
experiences with supportive colleagues, describing teaching as a great job due to the immediate
positive feedback. Overall, these answers mirror what we found in the questionnaire results.
8.4.3 Conclusion and Outlook

Two key take-home messages emerged from the SIVA project. Firstly, our analyses
revealed generally positive perceptions of educational quality among students and teachers in
Luxembourg. Key findings emphasize the significance of teacher-student relationships while
highlighting opportunities for improvement in classroom management strategies. Intriguingly,
differences in VA scores did not yield significant variations in most measures, suggesting the
presence of other influential factors in school performance. Our analyses of open-text responses
and observations suggested a faster digitalization and the active use of multiple languages,
namely code-switching, as important strategies to investigate in future research. In the
classroom observations, we witnessed many teachers using German as the language of
instruction but switching to a student’s home language for individual explanations and during
breaks.

Secondly, our study showed the importance of incorporating qualitative alongside
quantitative data in educational research because it enables a deeper understanding of teaching
strategies and school environments. Whereas quantitative analyses, particularly VA scores,
help identify overall trends and differences, it is through qualitative observations that we
discover subtle nuances and intricacies. Thus, by combining quantitative and qualitative
approaches, researchers can comprehensively understand educational contexts and uncover
valuable insights to inform effective educational strategies and decision-making. Thus, it is
crucial to perform structured classroom observations or teacher interviews to go beyond
looking at inputs and outcomes of the educational system and understand the learning processes
taking place directly in the classroom.

These correlational findings could suggest implications for educational decision-
makers in Luxembourg. Fostering already successful strategies, such as creating positive
teacher-student relationships, and addressing classroom management challenges could enhance
educational quality. The importance of such actions is supported in the international literature
(Emslander et al., 2023). Motivating teachers to stick to the instruction language and, for
additional explanations, use their students’ home language might help create a welcoming and

effective learning environment. Our research also advocates for continued exploration of
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additional variables potentially influencing educational quality further, such as digitalization
and language use. A longitudinal perspective may provide further insights into the evolution
of educational dynamics in Luxembourg and could guide future efforts to refine the education
system based on causal results. In conclusion, the SIVA project offers a correlative,
multifaceted perspective on educational quality in Luxembourg, highlighting the importance
of embracing multilingualism in the proper context and integrating quantitative and qualitative

research methods.
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8.4.4 Bulletpoints

1. The SIVA project encompassed a multi-perspective data collection in 16 écoles
fondamentales, 49 classrooms, involving 511 2"-grade students, 191 teachers, as well as
parents, school, presidents, and regional directors. This diverse sample unintentionally
mirrored Luxembourg’s general population of écoles fondamentales regarding gender balance,

class size, socio-economic status, and prior achievement.

2. When examining instructional quality and school climate, the study unveiled
generally positive perceptions of students and teachers in quantitative and qualitative data we
collected through questionnaires and observations. Students and teachers reported strong
teacher-student relationships, although classroom management strategies were less frequent

than other instructional quality aspects, namely, cognitive activation and teacher support.

3. We observed a dynamic multilingual classroom environment, especially during
informal interactions. While teachers used predominantly German for instruction, they often
switched to other languages to accommodate students’ diverse linguistic backgrounds,
emphasizing adaptability. This flexibility might be important to foster a conducive learning

atmosphere and strengthen teacher-student relationships.

4. Despite the variation in value-added (VA) scores among schools, the study found no
statistically significant differences in questionnaire responses from students or teachers and
only small statistical differences during structured classroom observations. This lack of
differences implies that other factors contribute to the differences in school performance and
instructional quality in Luxembourg’s écoles fondamentales and that classroom observations

are crucial.

5. The study underscores the essential synergy between quantitative and qualitative
research approaches to understand the teaching and learning processes in schools better. It
highlights the importance of structured classroom observations and on-site school visits, calling
for a greater focus on the teacher in Luxembourg’s educational research landscape also, e.g.,

through structured teacher interviews.

200



Study 4

8.4.5 Declaration of Generative Al and Al-Assisted Technologies in the Writing Process
During the preparation of this work, the authors used GPT-3.5 from OpenAl (2023),

Grammarly (https://www.grammarly.com), and Writefull (https:/www.writefull.com) for
proofreading purposes and to ensure linguistic precision, good style, and readability. After
using these tools, the authors reviewed and edited the text as needed and take full responsibility

for the content and wording of the publication.
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8.5 Additional Methods to Study 4’
8.5.1 School Selection and Sample Size

In study 3, we found that the stability of VA scores was relatively low when only
considering math or language as an outcome variable. Therefore, for Study 4, we decided to
use schools with a stable VA score in math and language. In this way, we increase the
reliability of selecting schools with a high, medium, or low VA score that is stable over time
and across subject domains.

We defined a stable school as one with a VA score in the same quartile of the VA
ranking in 2016 and 2018. As such, the target sample size is defined by the underlying data,
resulting in a total of 16 primary schools with stable high (rn = 5), medium (n = 4), or low (n =
7) VA scores. In these schools, we focused on Grade 2 (cycle 2.2), and—after a statistical
power analysis—we aimed for a sample of at least 258 students. With the program G*Power,
we conducted a power analysis (Faul et al., 2007, 2009). Given a significance level of .05 and
a power of .90, we should be able to detect small correlational effects of .02 with a sample of
258 children. Given our 16 statistically selected schools and considering dropouts, we expected
a sample size between 320 and 420 students and roughly the same number of parents and
teachers. The exact student sample is defined by the number of Grade 2 students (1) whose
parents have agreed to their child’s participation and (2) who were in school the day of the test.
The exact teacher and school president (principal) sample is defined by the number of teachers
at the school, teaching in grades 1 (cycle 2.1) through 6 (cycle 4.2), who have agreed to
participate and send us their questionnaire until the end of March 2022. The exact parent sample
is defined by the number of Grade 2 students’ parents who have agreed to participate and send
us their questionnaire by the end of March 2022. Concretely, within the 16 selected schools,
we were able to collect data on 49 classrooms with a total of 511 students, their 410 parents,
191 classroom and subject teachers, 14 school presidents, and questionnaires from regional
directors in 13 of those schools.

8.5.2 Measured Variables
We chose a wide range of potentially explanatory variables to get a well-rounded

overview of variables that could explain the differences between schools with a stable high,

7 The additional methods and results for study 4 are adapted from the unpublished third and final SIVA project
report to the OEJQS: Emslander, V., Rosa, C., Ofstad, S. B., Levy, J., & Fischbach, A. (2024). Systematic
Identification of High Value-Added in Educational Contexts: SIVA (Report No. 3). Observatoire National de
I’Enfance, de la Jeunesse et de la Qualité Scolaire (section Qualité Scolaire).

The study was preregistered and all materials can be found at https://doi.org/10.17605/0OSF.10/X3C48
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medium, or low VA score. The Theoretical Considerations section details the selection of
variables based on a narrative literature review. We collected data on several aspects of
instructional quality, school climate, TSR, language use, and more. For a comprehensive list
of all variables and their measurement in specific target groups, please see the Scale Handbook
and the respective questionnaires, as well as the observation sheet in the 2™ SIVA report, freely
accessible at https://doi.org/10.17605/0OSF.I0/X3C48. In the following, general explanations
for the decision of the assessed constructs will be given. The tools for classroom observations
and questionnaires rely on well-established international references but were adapted to the
particularities of the Luxembourgish school system. For example, terms commonly used in
Luxembourg replace international terms (e.g., “school president” replaces “school principal”),
and questionnaires were translated into the most common language for wide accessibility (e.g.,
the parent questionnaire was available in German, Portuguese, English, and French).

To later calculate inter-rater agreement, all observations were conducted by two trained
observers—one from the Observatoire national de [’enfance, de la jeunesse et de la qualité
scolaire - Section Qualité Scolaire and one from the Luxembourg Centre for Educational
Testing. We observed one math lesson per classroom with standardized observation sheets. All
observations were made in the morning between 7 and 12 a.m. to have some stability in the
circadian rthythm. The observation sheets were designed based on the TBD model of Klieme
et al. (2001), which is why we observed the constructs of cognitive activation, student support,
and classroom management, based on the observations conducted by Praetorius et al. (2018).
Other constructs observed are instructional and pedagogical strategies, such as language use,
the implementation of rituals in the classroom, and the application of new media. All observers
were trained in a workshop before the observation.

The student questionnaires were provided on paper in German, with a standardized
protocol for the assessment, including translations in Luxembourgish, French, and Portuguese
for further specifications. Their maximum duration was one school lesson (50 minutes). The
questions were based on the TBD model by Klieme et al. (2001) and were adapted from
existing questionnaires for similar age groups (e.g., Fauth et al., 2014). Furthermore, further
constructs such as school climate (e.g., Bear et al., 2011), well-being (Weber et al., 2013), and
other motivational/emotional variables (e.g., Peixoto et al., 2015) were assessed.

Questionnaires for teachers, school presidents, and regional directors were provided in
German and took less than 30 minutes to complete. Teachers were asked for information on
their background (e.g., career pathways) as well as on the same constructs of the Klieme et al.

(2001) model (oriented at Fauth et al., 2014). In addition, constructs such as collective teacher
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efficacy (Skaalvik & Skaalvik, 2007) and school climate (e.g., Bear et al., 2015; Leff et al.,
2011) were assessed. School presidents and regional directors were also asked about their
perception of collective teacher efficacy and school climate. Furthermore, organizational
aspects were assessed, such as collaboration or communication within the school and with the
maison relais.

The questionnaires for parents (max. 20 minutes) were provided in German,
Portuguese, English, and French. It assessed background information on students’ educational
pathways of the child (e.g., grade retention), as well as parental involvement (e.g., Georgiou &
Tourva, 2007) and the parents’ perception of school climate (e.g., Bear et al., 2015).

All participants/their legal guardians were informed about the study, including how to
contact the authors for any questions they may have. In the consent form, it was explained
which data would be collected and that participants could withdraw at any time. Participants
gave their informed consent before participating. Legal guardians gave their child’s informed
consent in advance for their child’s participation.

8.5.3 Quality Assurance

Before data collection, we registered the SIVA project in the University of
Luxembourg’s General Data Protection Regulation (GDPR, https://eugdpr.org/the-regulation/)
registry and the Bridge Builder procedure for educational research in Luxembourg
(https://bridgebuilder.lu). All data were pseudonymized in accordance with European GDPR
guidelines (https://eugdpr.org/the-regulation/). Pseudonymization of the collected data was
warranted with the help of a trusted third party (https://www.itrust.lu). The Ethics Committee
of the University of Luxembourg approved the SIVA project on November 16, 2021
(https://wwwen.uni.lu/research/researchers_research/ethics policies and committees). Thus,
the project adheres to the American Psychological Association Ethical Principles & Code of
Conduct (https://www.apa.org/ethics/code/). Finally, we preregistered the SIVA project, its
data collection procedure, materials, and data analyses on the online repository of the Open
Science Framework at the Centre for Open Science (OSF.io;
https://doi.org/10.17605/0OSF.10/X3C48; Emslander et al., 2022). OSF is an online tool that
facilitates collaboration on large projects and makes them publicly accessible for broad
dissemination. The latter aligns with the open science movement, which strives to make
research replicable and reliable and combat scientific misconduct.

Data Preparation
After data collection, participants sent their questionnaires to the Luxembourg Centre

for Educational Testing, where a team of research and development specialists digitalized them
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and extracted the data. The digitalized data were then formatted into six datasets, one for each
of the six groups of students, teachers, parents, school presidents, regional directors, and
classroom observations. These datasets were checked by IT experts for obvious errors and then
by the research team for errors in the questionnaires or minor typing mistakes.

To allow for the calculation and interpretation of the results, the data had to be prepared
by (1) inversing, (2) scale creation, and (3) rescaling several items. First, we inverted the
answer options to negatively worded items. That is, a high agreement with the statement “I
don’t like to go to school,” for example, signifies a positive attitude towards school. This was
a prerequisite for the creation of the scale in the second step. Here, we combined several items
that assess the same constructs into one scale by calculating the average of these items. For
example, all items assessing teacher support were averaged to build a single indicator for
teacher support. Further, we rescaled several measures to be comparable with the others on
visual displays. Teacher age, for example, ranges between 25 and 70, whereas most other items
were answered on a five-point Likert scale from 0 to 4. To make both kinds of measures
accessible and readily understandable in the same graph, we truncated the age scale, for
instance, so it fits the other scales better.

8.5.4 Data Analysis

In this final SIVA project report, we followed a four-step process to analyze the current
data and present the results. First, we examined the sample statistics to check the
generalizability of our sample across the Grand Duchy. Second, we calculated and reported
means and standard deviations for all variables in all schools to gain a general overview of all
constructs. These results are the first insights into whether the constructs functioned as
expected. Third, we divided the sample into three groups of schools with high, medium, or low
VA scores, respectively. Between these three groups, we want to determine whether descriptive
differences in their background variables exist. Additionally, we focus on the differences
between schools in the measured variables of the SIVA project. Going beyond the background
variables, we aimed to determine what might drive the difference between schools with a stable
high, medium, or low VA score—a potential “needle in the haystack.” Here, we examine group
differences in a graphical way to make the group differences easily visible. Fourth, we
investigated the responses to open-text questions in our surveys and observation records,
aiming to cluster them for a deeper understanding of the school climate and developmental

needs of the schools.
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8.5.5 Additional Results

In this additional results section, we delve into supplementary findings of the SIVA
project that were omitted from the National Education Report Luxembourg for brevity. This
section is structured along the steps of the statistical analyses:
8.5.5.1 SIVA Sample Statistics: We present descriptive statistics for the entire SIVA sample

to determine its representativeness for Luxembourg. Examining key characteristics and

demographics of the sample provides a context for subsequent analyses.

8.5.5.2 Means and Standard Deviations for Constructs of Interest: This section explores
the means and standard deviations of the constructs of interest identified in the narrative
literature review.

8.5.5.3 Differences Between High, Medium, and Low VA Schools: To further analyze our
findings, we compare the descriptive statistics across high, medium, and low VA
groups. Additionally, we investigated the differences between high, medium, and low
VA schools in educational psychological variables. This analysis also offers insights
into the potential implications of our findings for educational practices.
8.5.5.4 Analysis of the Open Text Fields: As we acknowledge the significance of
incorporating qualitative data, this section delves into the responses for the open-text
questions in our questionnaires and the observation sheet. Our specific focus is on
whether these responses can be clustered to provide a more comprehensive
understanding of the perspective of teachers and school presidents. This analysis
underscores the importance of considering qualitative perspectives in educational
decision-making processes.

8.5.5.5 Conclusion: In the concluding section, we summarize additional findings,
implications, and recommendations from our SIVA project. We discuss the significance
of our research in filling existing gaps in educational research and the potential
implications for educational practices.

Throughout the results, we emphasize the need for methodological rigor, the potential
for future research, and the importance of using our findings as a foundation for informed
decision-making in education.

8.5.5.1 SIVA Sample Statistics

Table 22 displays the exact number of schools, classrooms, students, parents, teachers,
school presidents, and regional directors from whom we collected data. We have identified 16
primary schools in Luxembourg with a stable high, medium, or low VA score over two years,

with math and language as an outcome variable. These were the basis of our data collection.

206



Study 4

Within these 16 schools, we were able to collect data on 49 classrooms with a total of 511
students. This number exceeded our expectations, and the a priori calculated minimum sample
size of 258. The number of participating parents also exceeded our expectations, with a total
of 410 parents participating in the SIVA data collection. This number of responses equals a
participation rate of more than 80%. Further, 191 classroom teachers and subject teachers
participated, which roughly equates to one classroom teacher and about three subject teachers
per class filling out our survey. Of the 16 schools, 14 school presidents participated. In 13 of
these schools, we have completed questionnaires from regional directors.

With this sample, we will be able to statistically detect small to moderate effects in
students and parents. Both groups were organically oversampled. According to our prior
calculation of statistical power, we can be confident in uncovering a small effect if it exists in

a sample of Luxembourgish students in Grade 2 (cycle 2.2).

Table 22. Sample sizes of all participant groups

High VA Medium VA Low VA Total
Schools 5 4 7 16
Classrooms 14 11 24 49
Students 129 131 251 511
Parents 85 100 211 410
Teachers 68 39 92 191
School Presidents 5 3 6 14
Regional Directors 4 3 6 13

Note. Not all regions were involved with the SIVA study, but the 13 regional directors represent
all regions where we collected data for the SIVA project. VA = value added.

As shown in Table 22, we collected somewhat similar amounts of data in all three VA
groups. However, as we identified seven schools with a low VA score and only four with a
medium and five with a high VA score, the schools with a low VA score are somewhat
overrepresented. Because schools with low VA scores were also somewhat larger, about half
of the classroom observation data and about half of the student, parent, and teacher

questionnaire data were collected in these schools.
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Table 23 shows summary statistics on the background variables. Comparing the SIVA
sample with the entire sample of about 150 primary schools in Luxembourg, we unintentionally
made a close-to-representative choice, as our sample is quite comparable to the general
population. There are only a few slight variations. When looking at class sizes, for example,
we have slightly more students per class in the SIVA sample than in the general population.
Further, we have 5.4% more students in the SIVA sample who do not speak Luxembourgish at

home.

Table 23. Descriptive statistics of high, medium, and low VA schools

High Medium Low SIVA Entire

VA VA VA sample Population
Number of schools 5 4 7 16 146
Average number of 24 21 30 26 24
students
Percentage female  44.1% 51.8% 52.1% 49,8% 49.9%
Percentage speaks
no Luxembourgish 53.4% 44.7% 58.9% 56,1% 50.7%
at home
Mean HISEI-score 48 (15) 52 (14) 44 (15) 47 (15) 50 (15)
(SD)
Mean math
achievement in 0.14 (1.34)  0.13(1.06) 0.04 (1.21) 0,09 (1,22) 0.27 (1.24)
grade 1 (SD)
Mean language
achievement in 0.16 (1.09)  0.17(0.98) -0.02(0.94) 0,07 (1,00) 0.22 (0.97)
grade 1 (SD)
Mean math
achievement in 0.01(1.10)  0.19(0.92) 0.06 (0.91) 0,07 (0,97) 0.19 (0.99)
grade 3 (SD)
Mean language
achievement in 0.05(1.35) 0.26(1.24) -0.24(1.25) -0,05(1,29) 0.13 (1.27)

grade 3 (SD)

Note. Here, high, medium, and low VA schools are compared with the entire population of
primary schools in Luxembourg. VA = value added, SD = standard deviation (a higher value
shows greater dispersion around the mean), HISEI = highest available international
socioeconomic index of occupational status (ISEI; Ganzeboom, 2010).
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Although the differences in the achievement mean between the SIVA sample and the
entire population might seem meaningfully large, a look at the standard deviations (SD, a
measure of variance around the mean) reveals that these deviations are negligible.

These descriptive statistics on the SIVA sample suggest that we will be able to present
results on key constructs for Luxembourg’s Grade 2 (cycle 2.2) children from a sample that is
close to representative and covers roughly 10% of a Luxembourgish birth cohort. The large
sample is also due to a relatively high response rate among parents, almost as high as the
response rates in EpStan (LUCET, 2023), in which participation is mandatory. To further
corroborate the value of the SIVA sample, the schools we identified as having a stable high,
medium, or low VA score happen to be well-distributed across the country.

In conclusion, the present sample is close to a representative sample. It will provide
reliable insights into the happenings inside Grade 2 classrooms and the primary schools in
Luxembourg from 6 different perspectives. In addition to classroom observations, students,
teachers, parents, school presidents, and regional directors filled out questionnaires on their
views on the classroom and the school. With this wide array of different angles and a mixed-
methods database, we will now take a first look at the results of the SIVA study.

8.5.5.2 Means and Standard Deviations (SD) for the Constructs of Interest

In the following, we describe the mean values of the SIVA sample and compare them
with international research, such as in Germany. We concentrate on analyzing the dispersion
(standard deviation) and overall means. Although our sample is not intentionally stratified, it
offers a good representation of the Grand Duchy, allowing us to highlight several blind spots.
We will focus on a selection of meaningful variables to preserve the readability of this
manuscript but also report null results.

From the students' perspective, the mean scores provide a generally positive image. A
summary of the selected variables from the student's point of view is shown in Figure 24. It
suggests that students are doing well at school and are experiencing a high sense of well-being.
Although their relationships with fellow students are good, the students report having even
better relationships with their teachers. While it is still discussed what influence teacher-student
relationships might have at that age, teacher popularity could affect student ratings of their
relationship with their teacher (Aleamoni, 1999; Emslander, Holzberger, Fischbach, et al.,
2023). The students seem to like their teachers very much. The only aspect that children
perceive as notably lower is classroom management, compared to other dimensions of
instructional quality, followed by cognitive activation and teacher support. This pattern is also

shown in studies from Germany. For example, Fauth et al. (2014) also found the smallest mean
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value for classroom management, followed by cognitive activation and supportive climate in
their study focusing on science education with n = 1,556 students in 89 classes. It is crucial to
remember that most variables were rated on a 4-point scale and the fifth point only refers to a

select few variables denoted with a blue asterisk in the respective figure.

Figure 24. Student questionnaire results on continuous variables (n = 511)

Wellbeing at school 1 o+
Wellbeing in general - o
Teacher support o
Teacher-student rel. gl
Student-student rel. 1 e+
School safety 1 o
Fairness of rules- Ho-
Teacher popularity o+
Cognitive activation 1 HoH

Classroom management | (2 gl

Boredom 1 —o—

mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups.

Analyzing the variables from the parents’ perspective in Figure 25, we observe an
overall positive picture, similar to the students’ perspective. Parents, too, have a considerably
more critical view of the relationship between students than between students and their
teachers. As primary school is a time of important cognitive and socioemotional development
(Emslander & Scherer, 2022), children are relearning how to engage with their peers
throughout this stage of development. As a result, students notice that children may not show
the same levels of empathy as adults. Children gradually eschew egocentric worldviews
throughout their school careers (Kesselring & Miiller, 2011). The figure also shows that parents
express high satisfaction with their involvement in their children’s education, recognizing its
significance for their academic success. Additionally, parents believe that schools are adapted

to addressing special needs, showing a favorable opinion of the school’s support systems.
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Figure 25. Parent questionnaire results on continuous variables (n = 396)

Teacher-student rel.- red
Teacher-home comm. e
Student-student rel.- 3
School safety rod
Fairness of rules; rod

Parental involvement+
Parent-teacher rel. re4
Addressing special needs

Clarity of expectations- ted

mean

Note. Most items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point only applies to the items/scales that are not grayed out.

The perspective of the roughly 200 teachers presents a more mixed picture (Figure 26).
On the positive side, teachers have a favorable view of their relationships with students and
their ability to support them. They also acknowledge the importance of organizational and
leadership tasks carried out by the school administration. The role of the school president is
mostly seen as providing organizational support and taking over leadership responsibilities.
However, the teachers also express some negative views. They perceive a lack of progress in
digitalization, particularly regarding the use of tablets. In addition, they find the relationships
between students more challenging than between students and teachers, similar to the
perspectives of the students and parents. Furthermore, they report that reconciliation phases, in
which students “save” what they have learned, are less frequent in their lessons. Teachers
reported making even less use of advanced organizers, thus not presenting the structure of the
lesson or learning unit to the students ahead of time. Like students, teachers also identify room
for improvement in classroom management, but less so in cognitive activation and student
support. This pattern of classroom management being the least developed area—with cognitive
activation in the middle and student support as the most developed area of instructional
quality—again aligns with the observations made by the students in our sample and from other

studies (Fauth et al., 2014).
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Figure 26. Teacher questionnaire results on continuous variables (n = 200)

Teacher-student rel. | -
Tablet use ——
Teacher diversity support | o
Teacher student support -
Student-student rel. | e
Consolidation phase| ——
School safety —o—
Fairness of rules o~
Reflection phase| -
President role pedagogy ——
President role organization] o
President role leadership o
Job satisfaction? -0~
Teacher-home comm. | -
Didactic handout use ——
Collective teacher efficacy o~
Cognitive activation -
Clarity of expectations o
Classroom management bt
Advanced organizer use ——

mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups.

One of the more qualitative parts of the SIVA data collection is the perspective gained
from classroom observations. Regarding the languages in the breaks and between learning
phases, the classroom environment was highly multilingual. We observed the languages
spoken by the teacher and the students during the lessons as the language of instruction and
explanation, as well as the languages spoken before and after the classes or during breaks.
Figure 27 shows the results of this active multilingualism in the classroom. Although the
language of instruction was usually “only German” or “mostly German,” this changed in more
informal settings. More than half of the time, when the teacher explained something to an
individual student, they used exclusively a language other than German. It reflects both the
multilingual background of the students and the willingness of the teachers to adapt flexibly to
the language skills and preferences of their students.

In informal chat before and after lessons or during breaks, teachers and students again
spoke languages other than German more often. Approximately 85% of the time, the students
and teachers spoke another language than German. The additional languages spoken were
mostly Luxembourgish, followed by French. Much fewer conversions were made in
Portuguese, Italian, or Bosnian, with mainly only one or two teachers speaking these languages

with their students.
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Figure 27. Observed language use

(a) Language of instruction

count

(b) Language of individual explanations

204
10
O 04
Only Mostly Same amount Mostly Only another N/A
German Germany of German another language
and another language
language

(c) Language outside lesson

Only

Mostly Same amount Mostly Only another N/A
German Germany of German another language
and another language
language

0 I e—— I

Only

Mostly Same amount Mostly Only another N/A

German Germany of German another language
and another language
language
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Figure 28 summarizes the language variables, showing the use of any language other
than German and selected continuous variables from the classroom observations. In particular,
in most cases, all students had the opportunity to contribute and participate in the lessons.
Similar to the previous findings, classroom management and cognitive activation appeared less
developed in this context. However, the order of the instructional quality indicators differs from
the previous perspectives. From the classroom observers’ perspective, teachers used cognitive
activation fewer than the other two dimensions of student support—i.e., supportive teacher-

student relationships and the teacher’s support competence—and classroom management.

Figure 28. Results of the classroom observation questionnaire on continuous variables (n = 49
classrooms observed with two observers each)

Support of relatedness | ro
Support of competence | ol
Language outside lesson |
Language of instruction | —e—
Language of ind. expl.|

Did everybody speak?|

Cognitive activation | ol

Classroom management | —e—

mean

Note. Most items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point only applies to the items/scales that are not grayed out.

Moving on to the perspectives of the 14 school presidents, we identified several key
points and summarized them in Figure 29. Firstly, team teaching does not seem very prevalent,
suggesting that teachers had separate classes rather than joining classes to teach as a team.
Regarding the presidents’ roles, organizational and administrative communication tasks were
seen as the most important, followed by school development and leadership, with pedagogy
ranking as the least important task. Interestingly, teachers mostly share this perspective, and
we can identify some agreement between these two groups. Additionally, school development
and communication appear to be regarded as relatively unimportant or not part of the profile
of a school president. When asked about their use of the EpStan results, the school presidents

indicated that they frequently used didactic handouts in their lessons but also that there was a
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lack of active engagement with the results of the school monitoring. Another area where the
school presidents identified areas for improvement was parental participation and additional
offers from the school. For instance, only a few of the school presidents indicated having a
network of experts (e.g., counselors, therapists, psychologists) at hand to refer parents. Further,
none of the school presidents fully agreed that they had a concept for parent support centered
on learning support. At the same time, 13 out of 14 school presidents agreed that their teachers
showed high support for the needs of parents.

The overall assessment is relatively favorable for team teaching, school development
and communication, parental participation, and utilizing EpStan results aside. For example,
school presidents highly rated aspects of school climate: teacher-student relationships, teacher-
home communication, school safety, fairness of rules, respect for diversity, and clarity of
expectations. These points paint a positive picture of how teachers, parents, and students work
together. Again, the relationship between students and their peers is a bit of a caveat.

We also find high agreement by looking at the school presidents’ job satisfaction and
collective teacher efficacy. As such, 13 of 14 school presidents feel free to introduce new ideas
and learning techniques in their lessons. Although a sense of job satisfaction is an important
protective factor for teacher dropout and other adverse outcomes (Yaniv, 1982), self-efficacy

is a crucial factor in predicting student learning in Hattie’s (2008) overview of meta-analyses.

Figure 29. School president questionnaire results on continuous variables (n = 14)

Team teaching - ———
Teacher-student rel.
Teacher-home comm. |
Student-student rel. -

School safety -

Fairness of rules -

President role lesson devel.
President role school devel.
President role pedagogy
President role organization -
President role leadership -

Parent additional offers - ——
President effectiveness -
Communication school devel. 4 °

Communication admin.
Job Satisfaction A

EpStan use -

Respect for diversity -
Didactic handout use -
Collective teacher efficacy -
School organization -
Clarity of expectations -
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Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups.

Figure 30 summarizes the regional directors’ perspective. The regional directors
indicated that their school does not have a vision or greater plan they work towards. Also, they
perceived the support for the parents to be somewhat lower than other variables. Regional
directors rated teacher-student relationships and support for diversity rather highly, and we find
a similar picture for school development. Both school organization and leadership seemed to

play an essential role in the schools we investigated.

Figure 30. Results of the regional director questionnaire on continuous variables (n = 13)

Teacher-student rel. - —————
Teacher-home comm:. -

Support for parents- —_——.——
Respect for Diversity-
Student-student rel. - ————

School vision- ———
School safety -
President role school devel.

Fairness of rules- —_——————

President role pedagogy-
President role organization-
President role lesson devel. -
President role leadership-
EpStan use-

Collective teacher efficacy-
School organization- ——————
Clarity of expectations-

mean
Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are

truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups.
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8.5.5.3 Differences Between High, Medium, and Low VA Schools on
Background Variables

In the following, we examine the differences between schools with high, medium and
low VA scores. We have a close-to-representative sample of schools across Luxembourg and
somewhat balanced groups for the analysis, allowing for effective and meaningful
comparisons. However, schools with a low VA score are over-represented. Still, when
considering the descriptive statistics, we find that the schools are well-balanced across various
factors. For example, the gender distribution, the proportion of Luxembourgish-speaking
students, and academic performance are comparable in all groups. This alignment with
expectations is precisely what the VA metric aims to capture (i.e., rather than the differences
in student and school background). This result suggests that our sampling method, with the
help of VA scores, has worked as expected.

To check for statistically significant differences between the three school groups, we
focus on the confidence intervals. When the confidence intervals overlap, the difference
between the groups is statistically nonsignificant. The two groups show statistically significant
differences only when the confidence intervals are separate. In the left row of Figure 31, we
have plotted only the mean values for each of the three VA groups without including
confidence intervals. On the right, we have used a commonly employed confidence interval,
which represents the range within which the true value is expected to fall with a 95%
probability.

On initial examination, we observe a notable pattern: Boredom appears more prominent
in low-VA schools. Upon closer inspection, the confidence interval of the high-VA group
overlaps with both the low and the medium VA group. Consequently, only the low-VA group
expressed less boredom in mathematics than the medium-VA group. Boredom in school is
closely associated with lower motivation and lower academic achievement (Waack, 2018).
This academic emotion could be very influential, correlated with other critical school-related
factors, such as teacher support (Karagiannidis et al., 2015; King et al., 2012; Peixoto et al.,

2015) and could drive the differences between the three groups.
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Figure 31. Group difference in student questionnaire results on continuous variables
(nhighVA =85, Nmediumva = 100, Niowya = 211)

No CI 95% CI

Wellbeing at school | . ro®l
Wellbeing in general - - =y
Teacher support ® -
Teacher-student rel. - ® ]
Student-student rel. - ) HoH
School safety - o® e
Fairness of rules - o
Teacher popularity ® [
Cognitive activation - ® 1
Classroom management - ° o
Boredom - ®e Hoshed
1 2 3 1 2 3
mean mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups. Schools with a high VA score are displayed in green, with a medium VA score in
orange and a low VA score in red. CI = confidence interval.
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Among the parents in Figure 32, we find an equally large agreement between the
groups. In terms of content, there are only insignificant differences in how well parents
perceive the school's actions to respond to the potential special educational needs of children.
This response to special needs in educational settings was another promising factor that could
explain the differences in the VA group, as they greatly affect students’ success and well-being
(Hattie, 2008). However, there are no statistically significant group differences from the

parents' perspective.

Figure 32. Group difference in the results of the parent questionnaire on continuous variables
(Mhighva = 85; Rmediumva = 100; niowya = 211)

No CI

95% ClI

Teacher-student rel. - e e
Teacher-home comm. - ' ] ]
Teacher diversity support- ° 1 .
Student-student rel. - ° - [
Satisfaction with school - ° - .
School safety - ° . e
Fairness of rules ® - .
Parental involvement - ® . ®
Parent-teacher rel. - L 1 .
Addressing special needs - L) . FOHe
Clarity of expectations - L 1 ®

Note. Most items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point only applies to the items/scales that are not grayed out.
Schools with a high VA score are displayed in green, with a medium VA score in orange and
a low VA score in red. CI = confidence interval.
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In the analysis of the teachers’ responses in Figure 33, we found no significant group

differences between high-, medium-, and low-VA schools. However, descriptively, teachers in

low VA schools perceive the importance of the regional director of pedagogy to be relatively

lower than the other groups. Descriptively, more teachers in high VA schools use didactic

handouts than in the other two groups. Additionally, high VA school teachers tend to provide

students with clearer requirements. However, it is important to note that these differences are

minor and statistically insignificant.

Figure 33. Group difference in teacher questionnaire results on continuous variables

(nhighVA = 68, Nmediumva = 39; Niowva = 92)

No CI 95% CI

Teacher-student rel.
Tablet use

Teacher diversity support
Teacher student support -
Student-student rel.
Consolidation phase -
School safety -

Fairness of rules
Reflection phase -

President role pedagogy -
President role organization -
President role leadership -
Job satisfaction -
Teacher-home comm. -
Didactic handout use -
Collective teacher efficacy -
Cognitive activation {
Clarity of expectations -
Classroom management -

Advanced organizer use 4

] L
(1] @D
o ®
® ®
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( 1 r e
® -
@ i@
o @
{ o) HOAD-
o @
L @
[ B L
o L J
L WD
o) o«
@
o HeD
[ o
e —0@H

2 3 4 51 2 3 4 5

mean mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups. Schools with a high VA score are displayed in green, with a medium VA score in
orange and a low VA score in red. CI = confidence interval.
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Descriptively, school presidents showed slightly lower levels of job satisfaction and
less engagement with the EpStan in low VA schools than in high VA schools, as seen in Figure

34. Again, there are no statistically significant differences between the three groups.

Figure 34. Group difference in the results of the school president questionnaire on continuous
variables (Nhighva = 5; Nmediumva = 3, Niowva = 6)

No CI 95% ClI

Team teaching -4 0@ -
Teacher-student rel. - o i
Teacher-home comm. - o L]
Student-student rel. - o [
School safety A @ @
Fairness of rules - ® ®
President role lesson devel. - o L gl
President role school devel. - ® —
President role pedagogy - o
President role organization - [ ) @
President role leadership ®
Parent additional offers - () HEE-
President effectiveness o &9~
Communication school devel. 4 ® K
Communication admin. - e -G
Job Satisfaction - oD @3
EpStan use - [ 1 — @&
Respect for diversity - o ®
Didactic handout use - ® @
Collective teacher efficacy - [ ) +H@H
School organization - @ @
Clarity of expectations e ©
1234512345
mean mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups. Schools with a high VA score are displayed in green, with a medium VA score in
orange and a low VA score in red. CI = confidence interval.
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In our classroom observations in Figure 35, we had some potentially interesting—yet
again statistically insignificant—findings. High VA schools demonstrate a descriptively higher
tendency to use German as the language of instruction and employ other languages to give
individual explanations or during breaks. These results and their implications for code-

switching (Rampton, 2017) and qualitative research are discussed above.
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Figure 35. Group difference in classroom observations results on continuous variables
(Mhighva = 14; Nmediumva = 11; nipwva = 24 classrooms observed with two observers each)

No CI 95% ClI
Support of relatedness ® .
Support of competence ® ®
Language outside lesson (L s e
Language of instruction U Nt
Language of ind. expl. ® 3 e
|
Did everybody speak? ° 3 @4
|
Cognitive activation ® -
Classroom management ® b
1 2 3 4 5 1 2 3 4 5
mean mean
Additional language: Portuguese-e o ¢ o
No additional language e |
Additional language: Luxembourgish | o || d»
Additional language: French: o « Lol | o |
Additional language: English{ee op |
000 025 050 075 100 )00 025 050 075 1.00

Note. Most items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point only applies to the items/scales that are not grayed out.
Schools with a high VA score are displayed in green, with a medium VA score in orange and
a low VA score in red. CI = confidence interval
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We find only marginal differences between the three school groups when inspecting
the results from the perspective of the regional directors in Figure 36. Although an observation
could be that the regional directors who responded to high VA schools indicated descriptively
less favorable scores on most variables, it is likely that these slight differences stem from the

small unequal sample sizes of nnighva = 4, Rmediumva = 3, and niwra = 6, respectively.

Figure 36. Group difference in regional directors’ results on continuous variables
(nhighVA =4, Nmediumva = 3, Nlowva = 6SCh001S)

No CI 95% ClI
Teacher-student rel. - ) H-o0—4
Teacher-home comm. - oo T
Support for parents . e
Student-student rel. - o e e
School vision| « e R
School safety - o o e
President role school devel. | °
Fairness of rules- oo =
President role pedagogy - ° @ —e—t
President role organization - °
President role lesson devel. - o pe—
President role leadership- ‘. S e
EpStan use- o0 ——
Collective teacher efficacy- oo et
School organization - o o
Clarity of expectations - o o e

mean mean

Note. The items/scales were answered on a 4-point Likert scale from 1 to 4 and thus are
truncated with a gray bar. The 5-point depiction only helps compare the results with the other
groups. Schools with a high VA score are displayed in green, with a medium VA score in
orange and a low VA score in red. CI = confidence interval
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8.5.5.4 Evaluation of Open Text Fields

Moving beyond quantitative measures, we integrated substantial qualitative data
collection into the SIVA project. On the one hand, we conducted classroom observations with
two observers in 49 mathematics classrooms. On the other hand, we provided regional
directors, school presidents, and teachers with open-text questions to share their thoughts about
their schools. In this section, we offer a brief, additional overview of the responses provided
for the open-text questions in our questionnaires and the observation sheet. By categorizing
these responses, we aim to provide insight into the qualitative data.

During classroom observations, the observers noted many age-appropriate and
engaging learning activities. In more than half of the 49 observed lessons, at least one observer
noticed that children were encouraged to move around the classroom, participate in hands-on
tasks involving measurement tools, or participate in activating activities such as dancing and
clapping. Furthermore, observers noted that teachers interacted with the children in multiple
languages. In addition to Luxembourgish, German, English, French, and Portuguese, the
teachers welcomed responses in Italian, Bosnian, Ukrainian, Arabic, and Scandinavian
languages. This highlights the active use of code-switching in Grade 2 (cycle 2.2) classrooms
(Rampton, 2017).

The regional directors and the school presidents indicated that they have two main focus
areas in their plans to develop their schools. Firstly, most of them saw a need to strengthen the
use of and competencies in Information and Communication Technologies (ICT) among both
teachers and students. Second, many of the regional directors and school presidents recognized
the need to further develop the language competencies of their students. A handful of
respondents also suggested combining these two issues by promoting language development
in children through ICT.

In addition to the main issues of ICT and language development, several school
presidents were also concerned about building a better school climate, emphasizing that social
interaction is a focal point in day-to-day school life. Regional directors and presidents offered
ten distinct school mottos when asked for their school's motto. They all centered around
promoting respect and tolerance at the school to create a safe school climate. Only three schools
included social-emotional aspects such as having fun while learning, enjoying learning, or
laughing together.

In addition, we asked the teachers about the learning materials they used in their lessons
and whether they wanted to share any additional information. Most teachers used school books

and worksheets in their classes regarding the learning materials. Several teachers indicated that
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they created their learning materials, such as worksheets, rather than using materials from a
book. Six teachers mentioned that they primarily used Internet learning materials and often
integrated ICT into their lessons.

While we did not find systematic differences in these responses between schools with
high, medium, and low VA scores, future research could apply finer-grained coding and
artificial intelligence to search for differential patterns in these open responses. However, we
agree on pressing issues from several perspectives: the need for ICT and a clear language
development strategy in schools. These results underscore the importance of qualitative data in
educational research and decision-making processes.

8.5.5.5 Additional Conclusions

The SIVA project is an ambitious, multi-method, multi-perspective, and explorative
scientific quest to find the literal needle of what creates high VA in the haystack of grade 2
classrooms throughout Luxembourg. Given the ultimately statistically nonsignificant results
between different VA groups, we can but conclude that, despite these complex exploratory
research efforts, the metaphorical needle has not revealed itself (yet).

Still, we contributed considerable scientific evidence through the SIVA data collection.
By collecting the SIVA data, we created a multi-perspective, multi-method, and
(coincidentally) quasi-representative dataset on teaching quality, school climate, TSR,
language use, and many other variables in Luxembourg’s primary schools. Researching
educational processes in classrooms and schools, as opposed to research on educational input
and/or output, can be considered one of the frontiers in the quest for high-quality education.
However, such studies tend to be invasive by design and invasive study designs tend to deter
practitioners and stakeholders alike. The SIVA project showed that such an invasive study can
be carried out and that communication with and appreciation of all stakeholders is vital.

In addition, our research advocates for continued exploration of the identified variables
in Luxembourg, the consideration of additional variables, especially at the teacher level, and
interventions to bolster areas needing improvement. A longitudinal perspective may provide
insight into the evolution of educational dynamics in Luxembourg and could guide future
efforts to refine the primary education system.

Whereas the exploratory nature and the COVID-19 pandemic posed several challenges,
the project could be realized due to the support of all parties involved. We successfully
identified suitable schools, gained participating schools' consent, and effectively collected

complex data during the exceptionally COVID-19 pandemic challenging teachers and students.
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Looking forward, the SIVA project has several implications for future studies.
Incorporating SIVA learnings on using VA scores and mixed-methods and multi-perspective
data collection in diverse multilingual student populations in future research can provide a more
comprehensive understanding of educational dynamics. The potential to implement an
intervention study as a follow-up project or realize more research ideas with the rich data we
have collected is worth considering. Finally, once the communication embargo on the collected
data is lifted, the rich dataset can be shared using open science practices, and several further

paper projects can be realized.
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9 General Discussion

The diverse student population of Luxembourg faces challenges within a trilingual
education system, creating language barriers and exacerbating socioeconomic disparities.
These barriers and disparities ultimately create educational inequality in Luxembourg. Despite
the apparent challenges, student achievement research surprisingly contradicts assumptions of
declining performance (Weis et al., 2018). In fact, Luxembourg maintains a stable educational
standing in international comparisons, suggesting effective strategies for managing linguistic
diversity and mitigating educational inequalities. Such effective educational strategies will
likely affect the youngest students (Heckman, 2008). Identifying and understanding these
effective strategies in high-performing primary schools could provide valuable insights for
other primary schools aiming to support their students from diverse socioeconomic and
language backgrounds. In the first research strand, the present doctoral thesis aims to shed light
on social and cognitive learning processes in the international literature. More specifically, we
used meta-analytic methods to achieve the following:

1. Delve into the social learning processes and investigate the role of TSRs for diverse

student outcomes in the meta-analytic literature (see Study 1).

2. Dive deeper into essential cognitive skills of EFs in mathematics to get a fuller picture

of the cognitive learning process in the preschool literature (see Study 2).

In a second research strand, the thesis seeks to identify successful educational psychological
strategies within the SIVA project, specifically in Luxembourg. Within the second research
strand, we use VA methods to accomplish the following two aims:

3. Test the stability of Luxembourgish primary schools’ VA scores, given their students'

socioeconomic and linguistic backgrounds (see Study 3).

4. Compare educational psychological variables between such schools with stable high,
medium, or low VA scores in a multi-perspective, mixed-methods data collection (see

Study 4).

We made five methodological decisions to address these four research aims, as outlined
in more detail in the introductory section. Namely, we (1) focused on pre- and primary
education students, (2) applied research-synthesis methods in Research Strand 1, (3) used VA
scores for informative purposes (Levy, 2020) in Research Strand 2, (4) recognized multiple
perspective quantitative and qualitative methods in Research Strand 2, and (5) followed current
open science methods throughout all four studies. Under the umbrella of these five

methodological considerations, we designed and described a narrative literature review as the
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theoretical considerations of this thesis. For the first research strand, we conducted a SOMA
(Study 1) and a meta-analytic study (Study 2). For the second research strand, we conducted a
cross-sectional VA study with Luxembourgish large-scale data (Study 3) and a cross-sectional,
multi-perspective, and multi-methods study—the SIVA study (Study 4). The results of the four

studies will be discussed below.

9.1 Summary of Results

The results are structured along the narrative literature review and the four studies in
the present doctoral thesis. The narrative literature review and the four studies each have
essential functions. With the narrative review as preparatory work, we aimed to gain an
overview of potential drivers of school success in diverse student populations. With Study 1
and Study 2, we detail the possible characteristics of such driving factors. In Study 3, we map
educational system of Luxembourg to find out where a search for such success factors might
be most effective. Finally, equipped with insights from our prior research, we search for the
well-defined drivers for students’ success in carefully selected primary schools in Study 4.
9.1.1 Narrative Literature Review as Preparatory Work

This narrative literature review of this thesis motivated Study 1 and Study 2 as the
Research Strand 1. Further, these methodological considerations helped identify a suitable
theoretical foundation and relevant variables to assess in the SIVA project (i.e., Study 3 and
Study 4). As such, we examined influential educational effectiveness models for overlapping
constructs in a narrative literature review. We found the TBD, described by Klieme et al.
(2001), to be the smallest common denominator. Thus, we decided to collect data on these three
dimensions in the SIVA project: cognitive activation, student support, and classroom
management. We further found school climate to be a second core model for the project and
used its definition by Wang and Degol (2016). Here, we emphasized the importance of TSRs
as one of the constructs included in both models of instructional quality and school climate.
Alongside other relevant variables, we found several sources of evidence for an association
between general cognitive functions and school success (e.g., Cortés Pascual et al., 2019;
Follmer, 2018; Jacob & Parkinson, 2015).

Consequently, the first research strand further investigated TSRs and EFs. Study 1, in
particular, explored the wide variety of student outcomes associated with TSR. As an student-
factor of school success and a prerequisite for learning, we analyzed the EFs’ connection to
domain-specific skills in Study 2. Further, the SIVA project is constructed around the TBD and

school climate, focusing on TSR. Further, we included language use measures, the school

229



General Discussion

president's role, and assessments of other Luxembourg-specific variables. In conclusion, we
used a theory-focused narrative literature review to build the theoretical foundation for the four
studies in this thesis and concretely deduct relevant variables to assess in the SIVA data
collection (Study 4).

9.1.2 Study 1 Emphasizes the Importance of TSR for Student Outcomes

In our narrative literature review, we identified TSR, as a facet of school climate, to be
a highly relevant social learning process and aimed to broaden our understanding of this
construct. Thus, Study 1 describes a systematic review of meta-analyses and several SOMAs.
The study synthesized meta-analyses on the link between TSRs and student outcomes for the
first research question. We found substantial correlations between TSRs and student outcomes
such as academic achievement, academic emotions, appropriate student behavior, behavior
problems, EFs and self-control, motivation, school belonging and engagement, and student
well-being. As we cannot draw causal conclusions from this correlational design, our results
do not hint at the direction of these associations.

All examined student outcomes did not statistically differ in their association with
TSRs. This similarity in correlations suggests that TSRs are equally important for several
student outcomes. These results were independent of whether TSRs were negative or positive.
Similarly, negative and positive student outcomes showed statistically equal associations with
TSRs. Thus, we can assume that both negative and positive TSRs are essential variables for
student outcomes. At the same time, this finding means that intervention programs or teacher
education should equally address how to build positive TSRs and avoid negative ones.
Similarly, both negative and positive student outcomes should be investigated in future TSR
research.

To find moderators of the TSR-outcome link, we applied two approaches: first, a review
of moderator results of prior meta-analytic research, and then a second-order moderator
analysis. Reviewing previous meta-analyses, we found that age, gender, and informant
(student-, peer-, or teacher-assessments) were most frequently assessed as moderators. The
included studies reported partially contrary moderator effects of these variables. These
inconsistencies are likely because the meta-analyses differed between student outcomes and
the TSR facets. Our analyses suggested student grade level and social minority status as
moderators. Concretely, this would mean that meta-analyses encompassing older students and
students with a social minority status show stronger links between TSRs and student outcomes.
The moderation by grade level was surprising because developmental theories suggest younger

students have closer relationships with their teachers, implying the greater significance of TSRs
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in younger years (e.g., Bowlby, 1982; Bronfenbrenner & Morris, 2007). To accompany our
explanation in Study 1, novel theories should include this counter-intuitive finding and aim to
fully unravel this age effect.

To critically appraise our data, we investigated the methodological quality of the
included meta-analyses. A sum score of the 16 assessed items did not correlate with the effect
sizes. This result indicates no general issue with methodological quality in the included meta-
analyses, as their results are not confounded with study quality. Looking at the 16 assessed
items individually offered more nuanced findings and interpretations. While most meta-
analyses reported their inclusion and exclusion criteria clearly, and more than half included
unpublished literature to mitigate publication bias, there were some shortcomings. For
example, only three recent meta-analyses shared their data, and two made their analytical code
publicly available in line with recommended open science practices. Further, only six of the
meta-analyses reported using at least two people to screen and code their included studies. This
potentially introduces considerable bias in two-thirds of the included meta-analyses. While the
reporting has improved over time, probably due to the traction gained by the open science
movement (Open Science Collaboration, 2015), these findings conclude that future meta-
analytic research would benefit from adhering to methodological guidelines and open science
practices.

Based these findings, we can conclude that TSRs are essential to student success in
diverse student populations. Our findings corroborate that TSRs are equally strongly related to
several fundamental student outcomes. Further, we found that TSRs are important for boys and
girls of any age. Meta-analyses show high quality but should adhere to open science standards,
as presented in this doctoral thesis.

9.1.3 Study 2 Provides Evidence on the EF-Math Intelligence Link in Preschool Children

EFs were identified as significant drivers of school success during our narrative
literature search (e.g., Cortés Pascual et al., 2019; Follmer, 2018). Additionally, Study 1
describes EFs and self-control as one of the meta-analytically researched correlates of TSR,
further highlighting their relevance in school success and student development (see
Vandenbroucke et al., 2018). Thus, Study 2 encompasses several meta-analyses and a MASEM
study on the link between EFs and mathematical skills in preschool children. For the first
research question, we found meta-analytic evidence for an association between math
intelligence (defined as math skills assessed through intelligence tests) and EFs as a composite
and as separate subdimensions: inhibition, shifting, and updating. We found several study,

sample, and measurement characteristics to moderate this association. This means the EF-math
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intelligence link differed depending on the constructs' measurements. We found no evidence
of differential relations between math intelligence and inhibition, shifting, or updating with the
MASEM approach.

Our meta-analyses in Study 2 offer a broad overview of the literature from 2000 to 2021
on the EFs-math link in preschool children. In addition to the positive correlations between the
two constructs, we found several statistically significant moderators. Those moderators were
mostly measurement characteristics explaining heterogeneity within and between studies.
Therefore, it is important to consider the psychometric quality of EFs and math intelligence
assessments when designing studies and interpreting their correlation. The structural equation
modeling findings suggest that EFs are still best theorized as one composite in preschool
children rather than three separate cognitive processes. While the SIVA project had no means
of testing EFs in the data collection of Study 4, it is crucial to acknowledge their importance
for school success (Study 2) and school climate and TSRs (Study 1).

9.1.4 Study 3 Shows Instability of VA Scores in Luxembourg Primary Schools

With Study 3, we dive into the second research strand of the thesis, focusing on VA
methods within the SIVA project. We aimed to test the VA method to identify highly effective
primary schools in order to compare them with other groups of schools in Study 4. More
concretely, we tested the stability of VA scores over time and across subject domains. We
focused on mathematics and language as outcome domains. Overall, we found moderate
stability in primary schools’ VA scores. Across the two-year timeframe, only 34-38% of the
schools showed stable VA scores. These VA scores correlated moderately with the outcome
domains of mathematics and language achievement at » = .34 and » = .37, respectively.

With only about one-third of Luxembourg’s primary schools showing a stable VA score
over time, about two-thirds of schools fluctuate substantially in their scores. This instability
should warn policymakers and researchers against proposing consequential real-life
implications solely based on VA scores. Hence, VA scores should be accompanied by other
valid and reliable measures of school success when used for high-stakes decision-making. VA
scores do not seem stable over time or across subject domains. Thus, our findings suggest that
theoretical assumptions about the power and potential use cases of VA scores might be wrong
(Conaway & Goldhaber, 2020; Scherrer, 2011). Still, VA scores could be used to find
genuinely effective schools and teaching practices when focusing on both stable schools over
time and across subject domains.

As suggested by prior research, this application might be especially indicated in diverse

student populations where educational inequalities are already an essential topic in primary
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school (Hoffmann et al., 2018). Additionally, VA scores might be especially effective in
educational systems with high rates of grade repetition (Ferrdo, 2012). Diverse student
populations and high retention rates are characteristics of Luxembourg’s primary schools.
Consequently, we can use VA scores to look past these disparities, identify the schools with
stable positive VA scores, and see what they do differently than other schools with a stable
medium or low VA score.
9.1.5 Study 4 Finds Home-Language Acknowledgement as One of Few School

Differences Between VA Scores Groups

In Study 4, we combined the knowledge and evidence gathered from the theoretical
considerations, Research Strand 1, and Study 3 on VA to address the fourth research of this
thesis, which stood at the core of the SIVA project. As suggested in Study 3, we used VA
scores to identify schools with stable positive VA scores. We compared them to primary
schools with stable medium or low VA scores, intending to learn from their effective strategies
to address educational inequalities. We used two longitudinal data sets from the EpStan with
students in Grade 1 in 2014 or 2016 and then again in Grade 3 in 2016 and 2018, respectively.
We identified 16 schools with stable high, medium, or low VA scores across time and
mathematics and language as outcome domains. In these 16 schools, we collected data on the
variables we had identified as relevant for educational effectiveness and overcoming
educational inequalities. The data stem from six sources, including questionnaires for students,
parents, teachers, school presidents, regional directors, and classroom observations.

While most variables (e.g., the TBD or TSRs) did not differ between the schools with
a stable high, medium, or low VA score, two key take-home messages emerged from the SIVA
data collection in Study 4. As a first take-home message, we find generally positive perceptions
of educational quality in Luxembourg’s primary schools from the six included perspectives.
Especially teacher-student relationships are viewed positively, for example, while classroom
management could be improved. During the classroom observations, we collected data on the
active use of multiple languages. This code-switching reflects the diverse linguistic dynamics
within Grade 2 classrooms (Lin, 2013; Rampton, 2017). While primarily using German as the
language of instruction, switching to a student’s home language for individual explanations or
during breaks seemed more prevalent in schools with a high VA score. As such, we cautiously
conclude that it might be advisable to use one language of instruction but also acknowledge
and value the students’ home language to help students follow the lesson and to create a

welcoming learning environment.
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As a second take-home message, the SIVA project highlights the advantages of
combining qualitative and quantitative measures in educational research. This mixed-methods
approach enables a thorough understanding of teaching practices and school environments.
Also, incorporating several perspectives can enrich the evidence we draw from data collections.
These conclusions can be drawn because it was through quantitative analyses that general
positive trends were identified. Still, through qualitative observations, we detected the
differences in language use between the three school-V A groups. Thus, classroom observations
are a central addition to standard quantitative questionnaire approaches to assess an educational
system or examine learning processes in the classroom.

In conclusion, Study 4 provides multi-perspective, mixed-methods insights into
educational effectiveness in Luxembourg. Most variables, while theoretically corroborated, did
not differ between schools depending on their VA scores. However, these statistically
nonsignificant results hold no less value but equally contribute to a general scientific evidence
base. The reason for these nonsignificant findings might be that other influential factors drive
differences in VA scores. Alternatively, VA scores could be even less suited to use in school
appraisal than the literature suggests. Finally, the statistically significant findings underline the
benefits of supporting students in their home language in the proper context and integrating
quantitative and qualitative research methods.

9.2 Contributions to Theory, Methodology, and Practice

The findings of the present thesis contribute to theory building, provide methodological
advances, and can be used to develop effective practices. Thus, the following sections will
resume the results and elaborate on theoretical, methodological, and practical advances through
this thesis. Each section will first present the advances made in the first research strand and
then in the second research strand.

9.2.1 Theoretical Contributions

The research presented in this thesis could be a stepping stone for advancing educational
psychological theories in research. Through the narrative literature review, we found the TBD
(Klieme et al., 2001) to be the culmination of several models of educational effectiveness. This
model’s centrality aligns with prior research (Praetorius & Charalambous, 2018). Thus,
cognitive activation, student support, and classroom management can be seen as a common
denominator of the most prevalent scientific models of educational effectiveness. Paired with
the variables within the school climate model (Wang & Degol, 2016) and system-, sample-, or

location-specific variables, the TBD represent some of the essential constructs of learning and
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instruction and, thus, educational psychology as a whole. In conclusion, the TBD (Klieme et
al., 2001) and school climate models (Wang & Degol, 2016) are core theories of educational
psychology. They can be applied to gain a broad overview of an educational system and its
pedagogical psychological strategies to address educational inequalities.

The above-discussed theories already hint at the importance of positive relationships
between teachers and their students for effective instruction and a welcoming school climate.
The findings from Study 1 further corroborate the centrality of both positive and negative TSRs
for various student outcomes. Several moderators were shown not to influence the TSR-
outcome links, which means that the strength of the TSR-outcome link is robust against
different ways of measurement and is generalizable over all students independent of age and
gender. These latter findings corroborate the gender similarity hypotheses, which gained
increasing support, for example, through the seminal work of Hyde (2014) and Else-Quest et
al. (2010). Further, the links between positive and negative TSRs and positive and negative
student outcomes were statistically equal. Thus, further theory building should include positive
and negative TSRs equally (e.g., Bowlby, 1982; Bronfenbrenner & Morris, 2007).

While our overview of previous international research on TSRs can likely be
generalized to Luxembourg’s student population, we examined this central construct
specifically in the Luxembourgish school in Study 4. The very positive TSRs found in Study 4
further suggest the importance of TSRs as an essential aspect of effective teaching, especially
in Luxemburg’s primary schools.

The findings from Study 2 contributed evidence to the theory of EF development. This
evidence is based on the result that preschool students have not shown differential links to
mathematics skills for the three subdimensions: inhibition, shifting, and updating. Although
the age range we examined was restricted to preschool, prekindergarten, and kindergarten
children, this result may inform the discussion on the differentiation of EFs and other cognitive
skills over time (Brydges et al., 2012; Lerner & Lonigan, 2014). Additionally, we could show
that EFs and mathematical skills are distinct from one another and, while correlated, cannot be
subsumed under the same cognitive skill in preschool children (e.g., Ackerman et al., 2005;
Allan et al., 2014; Jewsbury et al., 2016). As such, these findings are in line with the common
notion that cognitive functions differentiate further and become more independent of one
another when children develop (Brydges et al., 2014). These theoretical contributions help hone
models of cognitive development in pre- and primary school children, informing the

development of age-appropriate teaching in Luxembourg and internationally. Theoretical
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advances of Study 3 and Study 4 are closely linked to practical contributions and will, thus, be
discussed in the Practical Advances section.

Finally, by publishing statistically nonsignificant findings throughout the four empirical
works in this thesis, we counteract publication bias. This bias is prevalent in psychological
science and hinders theory building by omitting large parts of robust evidence (Ferguson &
Heene, 2012). This omitted evidence usually pertains to nonsignificant results or findings that
would undermine currently popular theories. Thus, by reporting and publishing such null
results, the present thesis aids the creation of a realistic evidence basis for educational
psychological research and supports advancing an overall scientific body of knowledge.

9.2.2 Methodological Contributions

The current thesis presented several possibilities for methodological advances by
combining and applying a wide array of state-of-the-art research and statistical methods. The
narrative review introduces the concept of searching for overlap in theoretical models to
identify the foundation of a family of theories. In the present thesis, the narrative literature
review looked at models of educational effectiveness to find which variables they have in
common. Consequently, these common variables served as the foundation for the presented
studies and the core of the SIVA data collection. This demonstrates one effective use case for
a narrative review as the basis for empirical work. Researchers searching for relevant constructs
to assess in their field might, thus, resort to narrative reviews to identify the overlap of
influential theories.

Study 1 introduced several small but helpful additions to the second-order meta-analytic
workflow. For example, we used a graphic depiction of the sample constellation (Figure 4).
While one might argue this is an unnecessary addition as the sample can easily be described in
writing, the Figure 4 effectively communicates the exact sample sizes while breaking down the
concept of a multi-level clustered sample. For another example, we provided a second-order
meta-analytic forest plot (see Figure 8) to give an overview of the aggregated meta-analytic
effect sizes. Such a graph helps the readers to easily notice the magnitude and relation of the
study results concerning each outcome. While we have not tested these methods against other
possible approaches, Study 1 could inspire other researchers to use such practical figures to
effectively communicate their sample constellation or meta-analytic findings.

While being one of the first studies to report MASEM in the context of EFs (cf., Lin &
Powell, 2022; Shen et al., 2022), the main methodological contribution of Study 2 lies
elsewhere. In a novel combination of methods, we used the MASEM approach to construct a

quality score for critical appraisal of the included primary studies. Concretely, we built one
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composite score of previously coded study quality indicators such as sample size and the
reliability of the applied measures. This composite score was then weighted by the moderator
effects of the coded indicators. Hence, this approach has several advantages over simply using
the sum of binary indicators as a quality score (see Wedderhoff & Bosnjak, 2020). For example,
with the MASEM method, we could give greater weight to those quality indicators that had a
greater influence on the EF-math intelligence link. Further, we were able to combine not only
binary indicators with each other but all sorts of categorical and continuous indicators into one
score. Using a MASEM approach to combine primary study quality indicators sparked an
ongoing research project, which will be explained in more detail in the Future Research
Directions section.

Aligning with Levy (2020), our results from Study 3 suggest to use VA scores
constructively rather to punish supposedly low-performing schools. Such a constructive use
was to explore the VA scores’ ability to make a fair comparison between schools, measuring
the value they add to their students independently of their language or socioeconomic
background. This technique seemed to be especially promising for Luxembourg’s primary
schools, with their diverse and multilingual student population. Further, this approach was
tested in Study 4, which could be interpreted as a proof of concept for constructively using VA
scores. It is likely to be the first study applying VA scores to identify groups of schools for a
kind of extreme-group data collection. Such a focused sample of only schools with a stable VA
score over time and across subjects combines the advantages of conserving resources while
comparing high- and low-performing schools fairly. The resources saved by reducing the
breadth of data in the data collection can consequently go into the depth of the data collection.
In short, using VA scores to select schools for a resource-efficient data collection has been
applied in the SIVA project with some success. In our case, this approach led to a close-to-
representative sample (see Study 4). However, as we did not find group differences in most
variables, future research needs to test further using VA scores to choose a sample that
maximizes variation between extreme groups.

Notably, the studies included in this thesis ensure the accessibility of all these smaller
and larger methodological advances by following open science principles. By publicly sharing
materials for all four studies, other researchers can use our methods for their research projects.
For example, the 6-perspective mixed-methods research approach with all the different
questionnaires in up to four languages can be found online. Further, we have preregistered
Study 1, Study 2, and Study 4. Study 1, Study 2, and Study 3 have links to their publicly

accessible data (but not Study 4 due to data protection concerns and contractual obligations).
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This openness in research allows for easy replication and reproducibility of results, which has
already led to new collaborations and follow-up projects building upon the present thesis. In
conclusion, following the open science principles whenever feasible could increase the impact
of a body of research, such as the present thesis.

9.2.3 Practical Contributions

After looking into the theoretical and methodological advances the present thesis
suggests, the following section will discuss potential advances for educational practice. As
such, Study 1 showed similar associations of TSRs with a range of positive and negative
student outcomes and reported several statistically nonsignificant moderator analyses. These
findings have two main implications for teaching practice. First, TSRs are equally relevant for
most student outcomes, and second, TSRs show associations for all students, largely
independent of their age or gender. Thus, teachers should not only promote positive TSRs but
also avoid negative ones. Whereas one must be cautious about interpreting these correlational
findings with any causal direction, it seems warranted to appeal to the teachers’ sensitivity to
create positive and prevent negative TSRs. In a multilingual context, such Luxembourg,
teachers could show an interest in a student’s home language to build a positive relationship.
Other meta-analytic research has already tested the effectiveness of interventions to improve
TSR, giving an overview of what teachers could do to proactively improve the TSRs in their
classrooms (see Kincade et al., 2020; Korpershoek et al., 2016). Such programs could already
be helpful in teacher education, so preservice teachers commence their careers with their minds
set on facilitating positive TSRs and counteracting negative ones.

As for EFs, in Study 2, we found that they were correlated but distinct from
mathematical skills already in preschool children. If all cognitive skills in young children were
indistinguishable, we could measure them all with one test, and fostering one such skill would
also contribute to the increase of the other (see Jewsbury et al., 2016). However, our results
from Study 2 suggest that assessing one of the two skills does not make assessing the other
redundant. Also, training one of the skills is unlikely to transfer to the other (e.g., Melby-Lervag
et al., 2016; Webb et al., 2018). Therefore, we can neither reduce the testing burden for young
test-takers by focusing on only one construct nor just train one of the skills and have the other
one improve. This knowledge of developmental stages can help the teachers assess which tasks
would be age-appropriate for their students and support them accordingly.

Study 3 showed that VA scores in primary school are relatively unstable over time and
across subject domains. This finding holds, even when constructing the VA scores based on

state-of-the-art VA modeling methods using prevalent covariates and applying multi-level
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modeling (Emslander, Levy, Scherer, et al., 2021; Levy et al., 2020, 2022). Thus, Study 3
concluded that the instability of VA scores should deter policymakers from using VA scores
in high-stakes educational decision-making. This warning against the high-stakes use of VA
scores aligns with prior research (Ferrdo, 2012; Floden, 2012; Leckie & Goldstein, 2019; Levy,
2020). Hence, we strongly discourage policymakers from applying VA scores to decide on a
teacher’s tenure or a school’s funding. Instead, Study 4 describes a way to use VA scores
constructively.

Study 4 used VA scores to identify target schools and compare them to previously
defined educational psychological variables. However, in this study, we found primarily null
results, which might have two reasons. First, the constructs may not have varied between the
schools with high, medium, and low VA groups enough and were not the constructs driving
school differences. Thus, it could be that other variables drive the differences between the
schools with high and low VA scores. These would be variables that were not identified
through our theory-driven approach. Second, an alternative reason might be that VA scores
hold even less meaning than expected. Conversely, when using this VA approach, we identified
a nearly representative sample regarding several background variables (see Table 23). More
research is needed to find conclusions from these nonsignificant findings. Still, such null results
further question the use of VA scores for educational decision-making.

Even though most comparisons in study 4 did not reach statistical significance, some
did variables showed differences between the school-VA groups. Following these findings, we
can deduct concrete implications for the Luxembourgish school system and for teaching a
diverse and multilingual student population. One of the findings was that language use and
appreciation are important and should be thoughtfully tailored to the students’ needs. As
mentioned above, our data suggest that teachers should keep to one language of instruction in
primary school for the Luxembourgish context. The question whether monolingual instruction
in German is best for the diverse and multilingual Luxembourgish student population is beyond
the scope of the present thesis but is already addressed in ongoing research projects
(Luxembourg Centre for Educational Testing (LUCET) & Service de Coordination de la
Recherche et de I’Innovation pédagogiques et technologiques (SCRIPT), 2023; SCRIPT,
2023). At the same time, teachers should acknowledge and value the student's home language
whenever possible. This practice could help students follow the lesson despite insufficient
German proficiency. Thereby, the teacher can create a positive school climate and TSRs
through cognitive activation and student support. As for the school climate, students feel

acknowledged and safe in an environment that recognizes their multilingual identity. On a
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personal level, this could improve TSR. Similarly, students could feel more support from their
teacher, and the teacher has a broader set of options to activate the child’s prior knowledge
using their home language (Creese & Blackledge, 2015; Lin, 2013; Rampton, 2017) and tailor-
made solutions for multilingual children could be explored. As discussed in the Introduction,
such findings could also be tested in other countries with a multi-lingual educational system,
to specifically support their students facing language barriers.

In conclusion, our results suggest that teachers should value students' home language
to overcome language barriers whenever possible while keeping to the language of instruction
for formal explanations.

In sum, the research of the present thesis holds implications for developing scientific
theory, research methodology, policy, and teaching practice. However, this work has

limitations, which require further investigation, as discussed below.

9.3 Limitations and Directions for Future Research

While each of the four included studies discusses strengths, limitations, and future
research ideas above, there are additional general limitations worth noting. The following three
sections will focus on limitations and future research in the two research strands and open
science practices. The three sections will also suggest future research to alleviate the discussed
limitations. The present thesis has already sparked ongoing research, which the following
sections will present together with future directions.
9.3.1 Limitations and Future Research with Research-Synthesis Methods

The narrative literature review, as well as Study 1 and Study 2, have discussed some
general limitations of research synthesis methods. The following sections will raise several
critical points and suggest possible solutions through future studies concerning Research
Strand 1.

9.3.1.1 A Systematic Review and MASEM of the TBD

As a first limitation, the initial literature search was not conducted systematically.
While narrative literature reviews have their advantages in summarizing and overviewing
theory (Baumeister & Leary, 1997; Rother, 2007), it is not a systematic or reproducible
approach in the sense that we had (1) no standardized search term, (2) no predefined inclusion
and exclusion criteria, and (3) no sophisticated inter-rater system established. However, we
used a somewhat standardized search, excluded ill-fitting literature, and applied a four-eyes
principle, discussing every inclusion and exclusion within the project team. Still, future

research could explore the overlap of educational effectiveness and school success models in a
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systematic, reproducible way. Also, a meta-analytic exploration of the TBD (Klieme et al.,
2001) would hold merit. Concretely, a MASEM approach with a single item as the smallest
investigation unit could substantially broaden our current understanding of the model.
Additionally, comparing the perspectives of students, teachers, and observers would be a
powerful tool to create robust evidence on the interplay of cognitive activation, student support,
and classroom management.

9.3.1.2 A Comprehensive Theory of TSRs

The large wealth of TSR theories is somewhat scattered in the literature and would
profit from comprehensive streamlining (e.g., Wentzel, 2022). Combining the theoretical
approach of a narrative literature search with the breadth of a systematic review of meta-
analyses, we could address another issue in Study 1. The wealth of theories concerning TSRs
is comprehensive but scattered, with several well-received theories describing parallel but
independent processes. One way to combine theories into one overarching TSR model would
be to reuse the search from Study 1. In this set of meta-analyses, we could find the most
prevalent models, identify their theoretic overlap and distinctive features, and combine the
theories into one comprehensive TSR model. Such an overarching framework would help
researchers gain a quick overview of the most prevalent TSR theories. Finally, as called for by
recent efforts in educational psychological research (Decristan & Dumont, 2023; Greene, 2022;
Praetorius & Charalambous, 2023), a joint TSR model would aid the theory-building of
teaching and TSR.

9.3.1.3 Up-to-Date Guidelines for SOMAs

Having discussed shortcomings of the narrative literature review, systematic research
synthesis methods also have potential disadvantages. Aside from the high level of abstraction,
widely used and up-to-date guidelines for conducting a systematic review of meta-analyses in
times of open science seem to be missing. Thus, Study 1 relies on guidelines that have not been
updated in the past ten years since the open science movement has gained traction (i.e., Cooper
& Koenka, 2012; Schmidt & Oh, 2013). Generally, poor use of open science principles and
reporting standards may lead to considerable missing information and a lack of reporting in
(reviews of) meta-analyses. Thus, future research must follow open science practices to share
their data, code, and materials for a better scientific workflow. A growing number of
researchers are applying open science practices (Federer et al., 2018; Kohrs et al., 2023; Nosek
& Lindsay, 2018) and recent guidelines help meta-analysts adopt these practices, too (Moreau
& Gamble, 2022). Such overviews of and guidelines for using open science in reviews of meta-

analyses and SOMAs are missing. To contribute to this discussion, a systematic review of
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SOMAs has already been started (i.e., Scherer & Emslander, 2023). This “meta-meta-meta-
analysis” aims to take stock of good practices in reviews of meta-analyses and give
recommendations on conducting such a third-order review. More specifically, we plan to
review the methods used for the quantitative synthesis, explanation of heterogeneity, primary-
meta-analysis overlap detection, publication bias assessment, and critical appraisal of
methodological quality in the included meta-analyses (Scherer & Emslander, 2023a). In
conclusion, our preregistered project aims to present a comprehensive overview of best
practices in SOMA conduction and identify needs for further development.

9.3.1.4 Practical Guidance for Primary-Study Quality Assessment

One of these needs in SOMA, but also systematic reviews in general, are guidelines to
appraise primary study quality systematically. An increasing number of top-tier journals
require authors to provide such a quality appraisal for transparency (Johnson, 2021). There is
little guidance to assess methodological quality in a comprehensive and streamlined procedure.
Thus, we have developed a tutorial to guide researchers through critical primary-study
appraisal in a preregistered project. With the help of illustrative examples and open code and
materials, our preprint guides meta-analysts through this process (Scherer & Emslander, 2022b,
2022a, 2023b). Evaluating primary-study quality in research syntheses indirectly supports the
open science idea by making evidence accessible and reproducible, such as Study 1 and Study
2. They also provide means to assess their rigor and quality.

9.3.1.5 Developmental Trajectory of EFs

On a less methodological note, in Study 2, we did not find an age effect on the EF-math
intelligence link. This finding was likely due to the small age range within our preschool
sample. However, when examining the prior meta-analytic research on EFs and math skills, we
found evidence for the theorized gradually increasing divergence between cognitive skills
(Friedman & Miyake, 2017; Karr et al., 2018). Such a developmental trajectory of EFs
becoming increasingly distinct and showing decreasing links to other cognitive skills could be
tested in a systematic review of meta-analyses and SOMA. This supposed age effect could
explain the divergent findings of prior meta-analyses on the EF-math intelligence link. Such a
research effort could directly build on the evidence provided by the overview of previous
research in Study 2 (see Table 9).

Future research should investigate the possible breaking points at which differentiation
occurs with a broad age range of participants. Additionally, a SOMA on EFs could help
establish a comprehensive framework of EF task types to streamline the EF assessments. As

one of the challenges in Study 2 was identifying which task types pertain to which EF(s), such
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a SOMA could additionally address this need for a clear framework to categorize EF tasks.
What would advance the field considerably is a SOMA of the link between EFs and
mathematical skills focusing on age trajectories and creating an EF task framework.

9.3.1.6 Gender Differences in Meta-Analyses and the Lack Thereof

A disadvantage of research synthesis methods is their high level of abstraction. Effects
that are prevalent in primary research might not be detectable in (reviews of) meta-analyses.
One such effect pertains to gender differences. We found no gender differences in our research
syntheses reported in Study 1 and Study 2. This might be because gender is usually only coded
as a percentage of male/female students in the sample, and no separate results for different
gender groups are reported. Thus, meta-analyses restrict their between-study heterogeneity,
and gender moderator effects are more unlikely to be detected (Craig Aulisi et al., 2023).
However, an alternative, more substantiative explanation is that we found no gender
differences because there might be none. The gender similarity hypothesis would argue exactly
that (Else-Quest et al., 2010; Hyde, 2014). Thus, we should check the gender similarity
hypothesis in psychological meta-analytic research in general. While prior research explored
this field about nine years ago (Zell et al., 2015), there has been a surge in meta-analytic
research since. Thus, a SOMA on gender similarities and differences in psychological science
has been preregistered to update the meta-analytic evidence on the gender similarity hypothesis
(see Meyer, Emslander, et al., 2023).
9.3.2 Limitations and Future Research with VA Methods

Several general limitations of using VA scores pertain to Research Strand 2 and the
SIVA study. The following section will raise issues such as the SIVA study’s cross-sectional
design, the unused data from the SIVA project, and how to tackle education inequalities in
Luxembourg. These shortcomings, however, might be solved with future research concerning
the research strand the following sections discuss.

9.3.2.1 Use of VA scores

As previously discussed, the use of VA scores for high-stakes decision-making is
discouraged by the current findings from Study 3. However, we used VA scores constructively
to select schools to test in Study 4. Despite creating an extreme-group design with the help of
VA scores by comparing schools with stable high, medium, and low VA scores, we found little
differences between the school groups. While finding null results has scientific value, too, we
should discuss two possible reasons for this lack of variation between schools with high,
medium, and low VA scores. The first explanation might be that other variables we have not

assessed drive the difference between the schools. Possibly, the variables we assessed showed
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to little variance between schools either due to measurement error or because other variables
are more informational in this particular school system. However, an alternative second
explanation would be that VA scores are too unstable to use them as we did. This latter
explanation should be examined in future research with the SIVA data and other datasets to
provide evidence on the potential and limits of VA score use in research. Still, the multi-
perspective, mixed-methods dataset of the SIVA project offers a unique insight into a diverse
multilingual student population, and several additional research questions could be addressed
with its help, as suggested below.

9.3.2.2 Further Use of Data from the SIVA Project

As Study 4 is just a first glimpse into the data and findings from the SIVA project due
to space restrictions of the National Educational Report in which parts of Study 4 will be
published, there still lies considerable potential in the SIVA data. As such, several future
projects could be realized without combining the project data with other data sources. First, we
have not used the full potential of the data on the TBD. Here, preliminary results already
showed a similar pattern of cognitive activation, student support, and classroom management
as in German students of a similar age (Fauth et al., 2014). A more in-depth examination could
reveal further similarities and differences in an international comparison.

Additionally, the six perspectives of assessment have not yet been valorized. Here, a
test of stakeholder agreement would provide novel insights into the accordance of different
perspectives. This research could contribute to the discussion around the validity of teachers'
self-, student, and parent ratings, for example, on instructional quality. Prior research has
focused on the agreement of fewer perspectives (e.g., Wagner et al., 2016), which could be
expanded with the help of the SIVA data.

The more qualitative open-text fields should be explored as an exploratory approach.
First analyses have brought interesting insights from the teachers’ perspective to light (see
Study 4). Potentially, with the help of large language models such as ChatGPT (OpenAl, 2023),
future research could aim to find patterns, group differences, or common themes in this
qualitative data. This would further strengthen the mixed-methods side of our study. These
were just three ideas for valorizing further the SIVA project's multi-perspective and mixed-
methods data. Further possible extensions of the data and connected research questions will be

discussed in the following.
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9.3.2.3 Possible Extensions to the SIVA Dataset

As typical of cross-sectional data, the SIVA study’s core data collection in Study
4cannot address causal or longitudinal research questions. However, before the SIVA data
collection, we acquired the consent of the parents to match the data from the SIVA project with
the results from the EpStan from when the students were in Grade 1 the year before the data
collection, and then from Grade 3 in the year after. This data matching would allow for
investigating future longitudinal developments of these three years. As such, we can use the
three measurement points to conduct profile analyses and examine questions of educational
trajectories in our sample of students.

Similarly, the measures used in the SIVA data collection could be scaled up and applied
in the EpStan to reach an entire cohort of Luxembourgish primary school students. While such
a large extension would only be feasible for a few SIVA variables, it would provide a dataset
spanning the entire population of interest. With such a dataset, all project aims and the question
about the usefulness of VA scores could be finally clarified. Thus, multiple options exist to
expand the SIVA dataset further and address longitudinal and potentially causal research
questions.

9.3.2.4 Understanding Learning Processes from the Teachers’ Perspective

The SIVA project provides a unique insight into the processes at Luxembourgish
primary schools. One of its novel aspects is the inclusion of the teachers’, regional directors’,
and school presidents’ perspectives, which have not been the focus of prior research. Their
perspectives are especially valuable, as these practitioners have a high level of expertise and
deep insights in their specific school setting. One way to further strengthen the influence of the
teachers’ and school leaders’ views on research could be for Luxembourg to participate in the
Teaching and Learning International Survey (TALIS). Since 2008, this ongoing large-scale
survey has focused on effective instruction and supporting institutional conditions to aid
student learning (Ainley & Carstens, 2018). The TALIS allows linking their results with those
from the PISA study to better assess the learning-enhancing processes. Alternatively, the
EpStan could be extended by adding a teacher questionnaire, as many of the correlates of
student achievement connect to the teacher (Hattie, 2023). This further corroborates a teacher's
unique influence on their students' learning and would warrant strengthening their perspective
in school research. With such a teacher questionnaire, the national educational monitoring
could go beyond measuring the inputs (such as student backgrounds and school funding) and
outputs of the educational system (student achievement) and investigate the learning processes

and variables in the classroom. With the associations between TSRs and many of the students’
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emotional, psychological, cognitive, and other variables found in Study 1, we have further
reason to emphasize the teachers’ role in addressing educational inequalities in Luxembourg.
9.3.3 Additional Future Research Directions in Open Science

Whereas we followed open science principles whenever feasible for the four studies in
the present thesis, there are some limitations to the adherence to open science practices. First,
we could not share the data from the SIVA study, specifically Study 4, due to data protection
concerns. Concretely, we wanted to avoid making the schools with high, medium, and low VA
scores identifiable due to the political implications this might have. Additionally, we collected
sensitive data on minors, which cannot be shared.

Future research could aim to develop an easy-to-follow tutorial on adhering to open
science practices while protecting the participants' data. This advance could include creating a
participant-consent form ensuring both the privacy of the participants and the sharing of the
dataset or suggestions for a mock dataset with only non-sensitive data. Such resources must be
easily accessible for all researchers without much extra time investment. With such guidelines,
even more researchers might adopt the open science process.

More far-reaching actions to advance open science could be integrating it into
university teaching and providing personnel support to follow open science practices.
Concerning teaching, open science seems to being gradually more included in current curricula
and teaching practices (Kohrs et al., 2023; Scheffel et al., 2023). Regarding structural support,
funding agencies that require researchers to follow open science practices should also offer
financial support for positions such as research facilitators or data stewards.

Generally, research following open science practices should produce more robust and
reproducible findings while reporting more null results. In turn, meta-analyses striving to
mitigate publication bias and following open science practices could also show similar benefits.
Whether there is such a difference in meta-analyses in the psychological science will be tested
in our project on the gender differences hypothesis (see Meyer, Emslander, et al., 2023). More
precisely, we will code several indicators of adherence to open science practices to test whether
meta-analyses applying these practices differ from those that do not. Assessing the impact of
open science in meta-analytic research could help identify the current position of the field and
the general attitude of meta-analysts toward open science (e.g., Abele-Brehm et al., 2019).

While the present thesis can only touch upon a few of the advances and challenges of
open science, the field seems to be improving quite rapidly, and open science practices are on
the advance in many parts of psychological research practice (e.g., Nosek & Lindsay, 2018).

As such, not only are research practices evolving towards the inclusion of open science
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practices (e.g., Quintana, 2015), but also peer-reviewing (e.g., Morey et al., 2016), funding
(e.g., Smaldino et al., 2019), and staff selection are urged to adopt the open science perspective
(e.g., Cagan, 2013). These developments show two aspects of the current state of (educational)
psychological science. First, the research community must still go a way to ensure robust,
reproducible, and transparent research. Second, however, many active steps have been taken

in the right direction.

10 General Conclusion

While educational inequalities may rise, Luxembourg’s primary schools must have
found ways to alleviate them. To identify such strategies, the present thesis explored factors
driving school success in diverse students in two research strands. Research Strand 1 examined
general social and cognitive drivers of school success with research synthesis methods in the
international literature. Research Strand 2 used VA methods to identify effective educational
psychological practices against educational inequalities, specifically in Luxembourg’s primary
schools within the SIVA project.

Our findings from Study 1 and Study 2 within the first research strand led to several
conclusions. As a general social driver of school success, teachers should strengthen positive
and avoid negative TSR. TSRs are an essential social learning process, as they are linked to
crucial student variables such as academic achievement, emotions, behavior, motivation, well-
being, or cognitive functions. They seem to work similarly for most students and across
measurement methods. Interventions to improve TSRs (Korpershoek et al.,, 2016;
Vandenbroucke et al., 2018) could help teachers build a strong relationship with their students.
As for a general cognitive process driving school success, EFs are linked to math skills in
preschoolers. Still, researchers must assess EFs and math skills separately, as they are clearly
distinct already in preschool children (see Ackerman et al., 2005; Jewsbury et al., 2016).
However, the three subdimensions of EFs (inhibition, shifting, and updating) are relatively
indistinguishable at preschool age. Thus, future research must investigate the exact age
trajectory when these three EFs are differentiating to further inform educational researchers,
decision-makers, and practitioners.

Study 3 and Study 4 within the second research strand suggest the following
conclusions. Specifically for Luxembourg, VA scores are too unstable for high-stakes
educational decision-making (e.g., Levy, 2020). However, when using VA scores
constructively, we found almost no differences between schools with high, medium, or low

VA scores. Aligning with prior European research, the use of VA score should generally be
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cautioned in educational systems with diverse student populations. Still, the findings from
Study 4 suggest primary school teachers adaptively acknowledge and value their students'
home language to support their students by overcoming language barriers and cognitively
activate, while tendentially sticking to one language of general instruction. Thus, home-
language inclusion could be one of the drivers of school differences and thus help reduce
educational inequities. Classroom observations and questionnaires for teachers, as the main
actors in the classroom, are vital when assessing learning processes. Thus, Luxembourg’s
educational quality authority or national school monitoring should consider including such
aspects. This more fine-grained assessment of the educational system will support identifying
factors that help alleviate educational inequalities in diverse student populations.

As such, the present thesis has addressed factors driving school success in diverse
students with meta-analytic and VA methods. All studies used open science practices and
shared nonsignificant results with the aim to bring the field forward. Following this thesis,
future research should adhere to open science practices to create a transparent, reproducible,
and openly accessible evidence base.

Building on these results, future research should integrate the different frameworks of
TSRs into an overarching model. Furthermore, researchers should make use of meta-analytic
methods to identify which pedagogical psychological strategies work best for diverse student
populations and whether such variables work equally for different genders and age groups.
Further, the thesis urges decision-makers to avoid VA scores for accountability purposes and
wait for further evidence on VA scores’ (in)stability in different countries and age groups.
Several follow-up research projects have been already commenced. Additionally, further
research should aim to include here identified essential variables of educational psychology—
instructional quality, TSR, EFs, school climate, and Luxembourg-specific variables—in a
large-scale context. This way, the research community could find additional drivers of school

success to support diverse student populations and help them thrive against the odds.
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12 Appendices

Appendix A. Exemplary Search Terms as Used in APA PsycINFO

OR AND OR AND

OR

Teacher (support™® or care* or caring or

Student warm* or closeness or compassion®
Interaction/ or help* or empath* or trust* or
(student™ or conflict* or attach* or affection® or
child* or liking or like* or neglect* or reject*
pupil*) and or dislik* or dependency or interact™®
teacher®) or connect™ or aggress® or violen* or
AW, interpersonal or engagement or

communicat* or relation®).tw.

systematic review or
meta analysis).md. or
Meta Analysis/ or
systematic review/ or
(metaanaly™* or (meta
adj (analy* or
synthes*)) or ((research
or evidence) adj3
synthes™*)).tw.

Note. The search term was adapted to fit APA PsycInfo. The adaptations to Education Research
Complete (EBSCO), ERIC, Scopus, and Web of Science are displayed in Supplemental
Material S4. * = the asterisk acts as a wildcard and includes alternate word endings; .tw. = term
will be searched in table of contents, Title, Abstract, and key concepts; .md. = term will be
searched in the methodology field; adj3 = term will be searched within three words before or

after.
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Appendix B. Percentages of Primary Study Overlap of Included Meta-Analyses

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1 Ali etal. 2015

2 Allen et al. 2018

3 Cherne 2008

4 Chu et al. 2010

5 Cornelius-White 2007

6 Endedijk et al. 2022

7 Givens Rolland 2012

8 Kincade et al. 2020

9 Korpershoek et al. 2016
10 Krause and Smith 2022
11 Lei et al. 2016

12 Leietal. 2018

13 Li et al. 2021

14 Moore et al. 2019

15 Nurmi 2012

16 Roorda et al. 2011

17 Roorda et al. 2014

18 Roorda et al. 2017

19 Roorda et al. 2021

20 Strom and Bolster 2007
21 Tao et al. 2022

22 Vandenbroucke et al. 2018
23 Wang et al. 2020

24 Wilkinson 1980

Note. The numbers are percentages of overlapping primary studies from the meta-analyses in the columns with the meta-analyses in the rows. For
example, Vandenbroucke et al. (2018) had 54% overlap of their 23 studies with Li et al. (2021). Li et al. (2021), however, included 68 studies and,
thus, overlapped only 22% with Vandenbroucke et al. (2021).
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Appendix C. Description and Examples of Student Outcome Clusters Coded for the Present

Meta-Analyses
Student Outcome _
Clusters Description Examples
Academic
Academic Measurable accomplishments of students in Reading gains (Wilkinson,
Achievement educational settings, including grades, test 1980), grades and achievement
scores, and mastery of knowledge, skills, and (Givens Rolland, 2012)
competencies including some cognitive aspects.
Behavioral
Appropriate Behavior that aligns with established social School conduct (Allen et al.,
Behavior norms and are sought-after, encouraged, or 2018), prosociability (Nurmi,

Behavior Problems

Bullying

Socioemotional

Academic Emotions

School Belonging
and Engagement

Motivational

Motivation

Well-being

General Cognitive

Executive functions
and Self-Control

beneficial in a school setting.

Maladaptive behavior that interferes with the
social, emotional, or academic functioning of
the student and is seen as negative or disruptive
in school.

Intentional and aggressive behavior against
another student in the form of physical, verbal,
relational, or cyberbullying.

Affective experiences and feelings that students
have in relation to their academic tasks, goals,
and achievements.

Sense of connectedness, identification, and
emotional investment that students experience
within the school with engagement being the
behavioral expression of belonging.

Internal processes that activate, direct, and
sustain individuals' behavior and efforts toward
achieving specific goals.

A composite of all positive aspects of academic,
behavioral, socioemotional, motivational, and
cognitive outcomes with the addition of health
in students.

Mental processes that regulate human cognition
and behavior often defined as response
inhibition, mental set shifting, and updating of
working memory.

Positive/Negative Outcomes

Positive Outcomes

Negative Outcomes

Desirable and beneficial academic, behavioral,
socioemotional, motivational, and cognitive
student variables.

Adverse or undesirable academic, behavioral,
socioemotional, motivational, and cognitive
student variables.

284

2012)

Inappropriate social behavior
(Cherne, 2008), externalizing
behavior (Wang et al., 2020)

Bullying perpetration and
victimization (Krause & Smith,
2022)

Positive and negative academic
emotions (Lei et al., 2018),
anger and shyness (Nurmi,
2012)

School belonging (Allen et al.,
2018), school engagement
(Roorda et al., 2011, 2014,
2017, 2021)

Personal mastery (Givens
Rolland, 2012), motivational
outcomes (Korpershoek et al.,
2016)

Well-being (Chu et al., 2010),
cognitive/behavioral/affective
outcomes (Cornelius-White,
2007), overall outcome
(Korpershoek et al., 2016)

Working memory, inhibition,
and cognitive flexibility
(Vandenbroucke et al., 2018),
self-control (Li et al., 2021),

Appropriate behavior (Moore et
al., 2019), personal mastery
(Givens Rolland, 2012)

School dropout (Strom &
Boster, 2007), social distress
(Wang et al., 2020)



Appendices

Positive/Negative TSRs

Positive TSRs Teacher-student interactions, connections, and Teacher support (Tao et al.,
emotional bonds characterized by warmth, 2022), closeness (Kincade et al.,
closeness, support, and friendliness. 2020)

Negative TSRs Teacher-student interactions, connections, and TSR conflict (Krause & Smith,
emotional bonds characterized by conflict or 2022), negative affective TSR
dependency. (Lei et al., 2016).

Note. For a comprehensive description and examples of positive and negative TSRs, please refer to
the Introduction section. TSRs = Teacher Student Relationships.
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Appendix D. Moderators Analyzed in Included Meta-Analyses (Ordered by Meta-Analysis)

Meta-analysis

Significant moderators Tested moderators

Ali et al. 2015
Allen et al. 2018
Cherne 2008

Chu et al. 2010

Cornelius-White
2007

Endedijk et al.
2022

Givens Rolland
2012

Kincade et al. 2020

Korpershoek et al.
2016

Krause & Smith
2022

Lei et al. 2016

Lei et al. 2018

Li et al. 2021
Moore et al. 2019
Nurmi 2012
Roorda et al. 2011

Roorda et al. 2014

Roorda et al. 2017
Roorda et al. 2021

Strom and Bolster
2007
Tao et al. 2022

Vandenbroucke et
al. 2018
Wang et al. 2020

Wilkinson 1980

student gender

school location publication year, culture/country

student age student disabilities, type of intervention,
trigger for praise delivery, study quality,
publication status

No moderator analysis that applied exclusively to the TSR component

TSR informant, teacher gender, teacher
ethnic minority

study quality, sample size, student gender,
student ethnic minority, student SES,
teaching experience, publication year,
publication type, school location, and
community type

student age, TSR informant, TSR -

measurement time points

student age, school location, -

achievement measurement type

outcome informant, intervention student gender, student age, student SES,
duration student behavior, culture/country
student age, TSR informant, study -
quality
student age, outcome informant, student -
gender, culture/country
student age, student gender, -
culture/country
No moderator analysis that applied exclusively to the TSR component

No moderator analysis
No moderator analysis

TSR/outcome informant, measurement -
time points, student age, student gender,
student ethnic minority, student SES,
student disability, teacher gender,
teacher ethnic minority, teaching
experience
student age, student gender, student -
ethnic minority, student SES, teaching
experience, teacher ethnic minority,
teacher gender
- student age

Student age, student ethnic minority,
teacher gender, teacher ethnic minority
- student age, culture/country

student gender, teaching experience

student age, TSR dimension, outcome culture/country
measurement type
student age, student gender, student SES, study design

level of teacher-student interaction
No moderator analysis that applied exclusively to the TSR component

- student age, student SES

Note. The list above shows moderators that are frequently tested in TSR meta-analyses. The reported
moderators do not necessarily pertain only to TSRs.
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Appendix E. Results of the Categorical Moderators (Including Levels of Nonsignificant

Moderators)

Moderator kma ks T [95% CI] SE R%) Rl P
Baseline (I7,,3): 49%; 51%) 20 79 24 .17, .31] 0.04 - - -
Publication type 20 79 — — 00 .13 10

Doctoral thesis 2 11 42 [.20, .64] 0.11 — — —

Journal article 18 68 23 [.15,.30] 0.04 — — —
Publication status 20 79 — — 00 .13 10

Unpublished 2 11 42 [.20, .64] 0.11 — — -

Published 18 68 23 [.15, .30] 0.04 — — —
Affiliation 20 79 — — 03 .00 .99

University of Connecticut 1 2 27 [-.26, .80] 0.26 — — —

East China Normal 3 5 29 [-.02, .60] 0.16 - - -

University

Harvard University 1 5 30 [-.21, .81] 0.26 - - -

Kansas State University 1 1 21 [-.35,.77] 0.28 - - -

Leiden University 1 2 27 [-.26, .79] 0.26 - - -

Michigan State University 1 1 -.14 [-.72, .44] 0.29 — — -

Missouri State University 1 2 .33 [-.20, .86] 0.26 — — —

The Education University 1 2 21 [-.32,.74] 0.26 - - -

of Hong Kong

University of Amsterdam 2 9 22 [-.14, .58] 0.18 - - -

University of Florida 1 3 .08 [-.44, .60] 0.26 - - -

University of Groningen 1 5 .06 [-.47, .59] 0.26 - - -

University of Jyvéskyld 1 23 19 [-.31,.69] 0.25 — — -

University of Melbourne 1 1 46[-.11,1.03] 0.28 — — -

University of Minnesota 2 11 43 1.06, .79] 0.18 - - -

University of Ottawa 1 2 28 [-.25, .81] 0.27 - - -

University of Pittsburgh 1 5 19 [-.32, .69] 0.25 - - -
Country 20 79 — — 00 .00 .95

USA 9 30 25[.11, .38] 0.07 — — -

Australia 1 1 46 [.01, .91] 0.22 — — -

Canada 1 2 28 [-.11,.68] 0.20 — — -

China 3 5 29 [.06, .52] 0.12 — — -

Finland 1 23 19 [-.16, .54] 0.17 — — -

Hong Kong 1 2 21 [-.18, .60] 0.20 - - -

Netherlands 4 16 .191.01, .38] 0.09 — — -
Social minority 20 79 - - 02 .13 .06

No (baseline) 19 78 .26 [.19, .33] 0.04 — — -

Yes 1 1 -.14 [-.54, .26] 0.20 — — —
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Grade level mode
Prekindergarten

Kindergarten

Kindergarten, preschool, &

elementary school
Preschool

Elementary school

Elementary school, middle
school, & highschool

Middle school

Middle school, &
highschool
High school

Prekindergarden
No
Yes
Kindergarten
No
Yes
Preschool
No
Yes
Elementary school
No
Yes
Middle school
No
Yes
High school
No
Yes
TSR level
Dyads
Classroom level
Both
TSR modality
Negative
Positive
TSR informant mode
Student
Teacher

19
16

18

18

10

18

14
19

14
19

14
18
10

24

18

15
10

27

B~ N W

N O\ =

[a—

71
43
28
66
19
47
66
22
44
66

57
71
37
34
71
39
32
54
30
19

79
25
54
65
23
31

09 [-.14, .32]

31[.15, .47]
241.02, .46]

19 [-.07, .44]

20 [.05, .34]
33 [.09, .57]
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Other third party 2 11 42 [.18, .66] 0.12 - - -
Outcome cluster 41 75 - - 00 .00 .94
Academic achievement 10 15 22 [.11, .34] 0.06 - - —
Academic emotions 3 8 .26 [.09, .42] 0.08 - - -
Appropriate behavior 6 13 24 [.10, .37] 0.07 - - -
Behavior problems 6 17 28 [.16, .40] 0.06 - - -
Bullying 1 2 28 [-.07, .64] 0.18 - - -
School belonging and 3 4 31[.12,.51] 0.10 - - -
engagement
Peer relationship quality 1 1 27 [-.10, .64] 0.19 - - -
Motivation 3 5 307[.12, .49] 0.09 - - -
Well-being 5 6 30 [.14, .46] 0.08 - - -
Executive functions and 1 2 21 [-.14, .56] 0.17 - - -
self-control
Outcome modality 24 79 - - .00 .00 .83
Negative 7 25 24 [.13, .34] 0.05 - - -
Positive 17 54 251[.17, .33] 0.04 - - -
Outcome informant mode 17 59 - - 00 84 .90
Student 10 23 24 [.15, .32] 0.04 - - -
Teacher 7 36 23 [.14, .32] 0.04 - - -
Outcome type mode 37 73 - - .00 .00 .95
Academic 10 15 23 [.11, .35] 0.06 - - -
Behavioral 11 27 26 .16, .36] 0.05 - - -
Behavioral & Academic 1 5 34 .08, .59] 0.13 - - -
Behavioral & 1 2 35 [.06, .64] 0.15 - - -
Socioemotional
Behavioral, 1 2 36 [.10, .61] 0.13 - - -
Socioemotional, & General
cognitive outcome
Socioemotional 7 13 25[.12, .38] 0.07 - - -
Socioemotional & 2 2 291[.03, .55] 0.13 - - -
Behavioral
General cognitive outcome 1 2 21[-.14, .56] 0.18 - - -
Motivational 3 5 3112, .51] 0.10 - - -
Moderator analysis (yes/no) 23 61 - - .00 .00 1
No 8 48 25[.13, .36] .06 - - -
Yes 15 31 25[.16, .33] .04 - - -

Note. Larger positive effect sizes indicate closer relations between TSRs and student outcomes. A
significant p-value indicates that there is a statistical difference between the levels of the moderator.
P (23 = Heterogeneity indices at levels two and three, respectively; ky4 = Number of included meta-
analyses; kzs = Number of effect sizes; ¥ = Weighted average correlation; R’ (2;3 = Variance
explained within (level 2) and between (level 3) meta-analyses.

* p<.05.
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Appendix F. Methodological Quality and Reproducibility Indicators Fulfilled by the Included Meta-Analyses

Meta-analysis No. of Inclusion Clor SE Listof Moderator Unpublished Het. index Standardized Het. Publication  Study Study  Double- Data  Listof Study Syntax
yes criteria  reported included analysis articles reported  search string accounted bias description quality screening available excluded quality available
described studies conducted included for assessed  included assessed and coding studies considered
Alietal. 2015 6 yes yes yes no yes yes no no no yes no no no no no no
Allen et al. 2018 9 yes yes yes yes yes yes no yes yes yes no no no no no no
Cherne 2008 9 yes yes yes yes yes no yes no no no yes yes no no yes no
Chu et al. 2010 6 yes yes no yes yes yes yes no no no no no no no no no
Cornelius-White 2007 5 no yes yes yes yes no no no no no yes no no no no no
Endedijk et al. 2022 12 yes yes yes yes yes yes yes yes yes no yes yes yes no no no
Givens Rolland 2012 7 no yes yes yes yes yes no yes no no yes no no no no no
Kincade 2020 7 yes yes yes no yes no yes no yes no no no no no no no
Korpershoek et al. 2016 7 yes yes yes yes no yes no yes no no no yes no no no no
Krause & Smith 2022 12 yes yes yes yes yes yes yes yes yes yes yes yes no no no no
Leietal. 2016 6 yes yes yes yes no yes no no yes no no no no no no no
Leietal. 2018 8 yes yes yes yes no yes no no yes yes no no no no no yes
Lietal. 2021 10 yes yes yes yes yes yes yes yes no no no no yes no no yes
Moore et al. 2019 9 yes yes yes no no no yes no no yes yes yes no yes yes no
Nurmi 2012 6 yes yes yes no no no yes no no yes no no no yes no no
Roorda et al. 2011 7 yes yes yes yes yes no no yes yes no no no no no no no
Roorda et al. 2014 3 yes no no yes yes no no no no no no no no no no no
Roorda et al. 2017 6 yes yes yes yes no yes no yes no no no no no no no no
Roorda et al. 2021 6 yes yes yes yes no no yes no yes no no no no no no no
Strom & Bolster 2007 5 yes no yes yes yes yes no no no no no no no no no no
Tao et al. 2022 9 yes yes yes yes no yes yes yes yes yes no no yes no no no
Vandenbroucke et al. 8 yes yes yes yes yes no yes yes no yes no no no no no no
2018
Wang et al. 2020 9 yes yes no yes no yes yes yes yes no yes yes no no no no
Wilkinson 1980 3 yes yes yes no no no no no no no no no no no no no
Number of Yes x=173 22 22 21 19 14 14 12 11 10 8 7 6 3 2 2 2
Percentage 45,6 91,7 91,7 87,5 79,2 58,3 58,3 50,0 45,8 41,7 333 29,2 25,0 12,5 8,3 8,3 8,3

Note. The methodological quality indicators were adapted from the AMSTAR rating scale by Shea et al (2007). The exact wording can be found in
Figure 10 and in the Supplemental Material S18 with additional information on the coding. Number of Yes = Number of methodological quality
and reproducibility indicators the meta-analysis met. Het. = Heterogeneity; CI or SE reported= Confidence intervals or standard errors were
reported.
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