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A B S T R A C T

Research has shown positive effects of group-average achievement on individual achievement (peer spillover 
effect) but negative effects on academic self-concept (big-fish-little-pond effect; BFLPE), which is positively 
related to achievement. We examine these apparently paradoxical class composition effects in a longitudinal 
sample of more than 2000 German students followed over two school years in a tracked school system. Using 
multilevel models that control for school track, prior ability, socioeconomic status, gender, and two indicators of 
teaching quality (teacher enthusiasm and classroom management), as well as measurement and sampling error, 
we test the robustness of both effects.

Results show that the peer spillover effect is largely explained by pre-existing differences, such as prior ability. 
In contrast, the BFLPE became more negative after including covariates and remained so when controlling for 
teaching quality. The inclusion of teacher enthusiasm and classroom management only marginally changed 
either effect, indicating that, in this dataset, these two core instructional variables explained little of the variance 
in achievement or self-concept beyond pre-selection and peer composition effects. By distinguishing between 
compositional effects and instructional influences, our study contributes to a clearer understanding of how peer 
and classroom factors interact. Implications for future research include examining a broader range of teaching 
quality dimensions and exploring the conditions under which class composition may positively affect both 
achievement and self-beliefs.

1. Introduction

Certain educational assumptions have become so widely accepted 
that challenging them might appear counterintuitive. One such 
assumption is that sorting students by ability is beneficial for learning 
outcomes, a belief that has underpinned the adoption of tracking pol
icies in many countries. As such, policies such as ability tracking, which 
reinforce schooling of students of similar abilities together, have been 
implemented in a large number of countries (Jerrim et al., 2015). 
Various outcomes have been found to be impacted positively by ability 

stratification (Hanushek et al., 2003). Specifically, there seems ample 
evidence for an (achievement) compositional effect, where group 
average achievement has a positive effect on individual students’ 
achievement, over and above the positive effect of prior individual 
achievement (De Fraine et al., 2003; Stäbler, et al., 2017), referred to as 
“peer spillover effect” (Cooley Fruehwirth, 2013). Tracking policies are 
designed to create achievement-homogeneous classrooms, allowing for 
instruction to be tailored to students' ability levels (Hanushek & 
Wößmann, 2006). However, tracking systems do more than just sort 
students by prior achievement—they also systematically shape learning 
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environments through differences in curriculum, peer composition, and 
teacher quality (Dustmann et al., 2017; Parker et al., 2021). This makes 
it difficult to isolate the effects of tracking from the potential benefits 
associated with being in classrooms with high-achieving students. 
Indeed, tracking is often justified based on the assumption that high- 
achieving peers will positively influence student outcomes, reinforcing 
the perception that tracking itself is beneficial (Zimmer & Toma, 2000). 
In this study, we test whether presumed benefits of tracking remain after 
controlling for pre-selection effects, which in our case include prior 
academic achievement (Year 4 grades), school track placement, and key 
demographic covariates such as gender and socio-economic status (SES). 
While tracking policies aim to reduce within-group variability by 
creating homogeneous classrooms, compositional effects refer to how 
the average achievement level of a class influences individual outcomes. 
One such effect, the peer spillover effect, describes how high-achieving 
classmates can raise individual achievement levels. Another effect, 
known as the big-fish-little-pond effect (BFLPE), occurs when being sur
rounded by higher-achieving peers lowers students’ academic self- 
concept. Both effects are conceptually distinct from the intended 
instructional benefits of tracking (Dustmann et al., 2017). Another 
important mechanism not directly examined here is curriculum 
complexity. Higher tracks often deliver more advanced content and 
maintain higher academic expectations than lower tracks, which may 
influence outcomes independently of composition and instructional 
quality (Dustmann et al., 2017; Hattie, 2009; Kunter et al., 2013).

Proponents of tracking argue that homogeneity benefits both high- 
and low-achieving groups (Hattie, 2002; Dustmann et al., 2017; 
Hanushek & Wößmann, 2006). However, if peer spillover effects exist, 
tracking may inadvertently exacerbate disparities between students 
attending different tracks, as high-achieving students who typically 
attend higher tracks benefit from being surrounded by high-ability 
students, whereas low-achieving students attending lower tracks are 
surrounded by low-ability students. Imagine two students, A and B. A is 
placed in a high-achieving class with strong peers, while B is placed in a 
low-achieving class. If the peer spillover effect exists, A benefits from 
being surrounded by high-achieving peers, which further improves A’s 
performance. In contrast, B, surrounded by lower-achieving peers, 
would not experience any improvement, but is more likely to be nega
tively affected by the low performance of B’s environment. Over time, 
the gap in their academic outcomes grows wider, reflecting amplified 
disparities caused by tracking. In this study, we explore these compo
sitional effects while accounting for instructional quality, thereby 
isolating the independent contributions of peer dynamics and class 
composition to student achievement and self-concept.

However, there is increasing doubt about the reliability and validity 
of the peer-spillover effect. Recent research using large samples, meta- 
analytic approaches, adequate statistical models, and/or strong controls 
for pre-existing individual differences suggests that a school system that 
reinforces homogenous class compositions does not have a positive ef
fect on individual students’ achievement (Dicke et al., 2018; Marsh, 
1991; Televantou et al., 2015; Televantou et al., 2021) nor on average 
achievement or student aspirations in that system or country (Hanushek 
& Wößmann, 2006; OECD, 2013; Parker et al., 2016, Parker et al., 2018; 
Salchegger, 2016).

Moreover, research has provided strong empirical evidence of the 
negative effect of school-average achievement on academic self-concept 
(for an overview, see Marsh et al., 2008). This phenomenon has been 
termed the BFLPE (Marsh et al., 2008), where students with a given level 
of achievement have a lower academic self-concept in a class of high 
achievers (big pond) than in a class of low achievers (little pond). At the 
same time, academic self-concept is a strong predictor of later 
achievement (for an overview, see Seaton et al., 2015). Thus, when 
considering the proposed positive reciprocal relationship of academic 
self-concept and academic achievement (referring to the reciprocal ef
fects model; Seaton et al., 2015), one can assume that being in a high- 
achieving class should be detrimental to individual students’ 

achievement (Dicke et al., 2018).
If school and class composition (i.e., being schooled with high-ability 

students) are not the primary causes of the apparent differences, these 
advantages are likely because of a multitude of interrelated factors. Such 
factors may include differences in achievement and later occupational 
success between students who attended high-achieving versus low- 
achieving schools. While some might assume that class composition 
directly contributes to tracking benefits, prior research suggests that 
these advantages are largely driven by pre-existing individual differ
ences rather than peer effects alone. Research has found prior achieve
ment to be the strongest predictor of later achievement (e.g., Marks, 
2010). It is well known that social class (or SES) shows a strong link to 
student outcomes, particularly achievement (e.g., Brantlinger, 2013; 
Parker et al., 2016, 2017).

Another common belief is that high-achieving or selective schools 
attract better teachers, which for most parents in itself warrants sending 
their children there. And indeed, beyond student characteristics and 
prior achievement, differences in teaching quality have been consis
tently identified as a key factor influencing student outcomes (Hattie, 
2009). In tracked systems, schools and classrooms differ not only in peer 
composition but also in instructional quality, which may confound es
timates of compositional effects. For example, high-achieving or selec
tive schools often attract more experienced teachers, leading to 
instructional advantages independent of class composition (Rivkin et al., 
2005). To disentangle compositional effects from broader school and 
instructional influences, we include two well-established indicators of 
teaching quality, that is teacher enthusiasm and classroom management, 
as control variables in our models (Frenzel et al., 2009; Korpershoek 
et al., 2016; Kunter et al., 2008).

In the study presented here we will expand existing approaches 
challenging the belief in the benefits of selection by ability, using (a) an 
unbiased aggregated measure of achievement assessed prior to selection 
into tracking, (b) controlling for other important demographic pre- 
selection effects such as SES and gender, and c) controlling for impor
tant variables of teaching quality.

1.1. Sorting by ability: research on compositional effects in education

We subsume the effects of aggregated peer, class, or school compo
sition variables under the label compositional effects. Methodologically 
compositional effects are defined to be present whenever a given pre
dictor variable at the aggregated group level (e.g., class level) has an 
effect on an individual outcome variable, controlling for the same var
iable at the individual level (Harker & Tymms, 2004). Here we inves
tigate the effects of class composition of achievement – over and above 
the positive effect of prior individual achievement at the individual level 
– on: 

(1) individual achievement. Much of the literature claims this effect 
is positive – the peer spillover effect (Cooley Fruehwirth, 2013; 
De Fraine et al., 2003; Stäbler et al, 2017)1;

(2) academic self-concept, the perception of one’s own academic 
abilities. Most research shows this effect to be negative – the 
BFLPE; Marsh et al., 2018).

Tracking will drive the compositional structure of a class through its 
sorting mechanism. Thus, research on class compositional effects is 
naturally related to research on the effects of tracking.

The consequences of tracking are subject to ongoing discussions (e. 
g., Vogl & Preckel, 2014). According to Hattie (2002), its effects can be 
grouped into two categories, achievement effects and equity effects. In 
the following, we will focus on explaining achievement effects. 

1 This means that achievement at an early wave acts as a predictor for later 
achievement (the same variable measured at a later point of time).
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Regarding achievement effects, proponents of school tracking (or 
grouping students by ability) believe that allocating students to homo
geneous learning environments leads to increased individual- and 
group-level achievement (Hattie, 2002; Dustmann et al., 2017). How
ever, while tracking creates homogeneous classrooms, it also systemat
ically alters educational environments through curricula, teacher 
quality, and peer achievement levels (Dustmann et al., 2017). Some 
studies suggest that students in classrooms with high achieving students 
may experience cognitive and academic benefits, including small posi
tive effects on individual student IQ (Becker et al., 2012; Guill et al., 
2017). More specifically, other studies have examined peer spillover 
effects, where class-average achievement may positively influence in
dividual student performance (Becker et al., 2022; Retelsdorf et al., 
2012).

While these findings may suggest benefits of being in a classroom 
with high-achieving students, they do not necessarily indicate that 
tracking itself is beneficial, as many of these effects diminish when 
controlling for pre-existing selection differences (Becker et al., 2022). In 
addition to considering pre-existing differences, it is critical to distin
guish between compositional effects (such as the peer spillover effect) 
and tracking effects (homogeneous grouping) operate through different 
mechanisms.

A recent study by Becker et al. (2022) used an integrated data 
analysis approach to test the effects of class achievement on individual 
achievement in several German samples. Analyzing the peer spillover 
effect across five studies, the authors found, on average, significant 
positive effects of achievement class composition. Like other studies in 
this line of research, this compositional effect was reduced by adding 
strong controls, such as proxies for socio-economic status, to the model. 
Interestingly, the effect became even smaller after controlling for school 
track (of all 15 single class compositional effects on achievement, only 
five were still significant and positive, and one was significant and 
negative). This is likely because track serves as a strong proxy for prior 
achievement and other pre-existing differences that influence student 
outcomes. As a result, track indirectly captures cumulative academic 
performance, motivation, SES, and other cognitive and non-cognitive 
factors that influence later achievement (Borghans et al., 2016). Con
trolling for track, therefore, removes much of the variance in achieve
ment that would otherwise be attributed to class-average achievement, 
suggesting that the initially observed peer spillover effect may be partly 
or entirely a phantom effect caused by unaccounted selection biases 
(Dicke et al., 2018; Televantou et al., 2021).

In contrast to these findings, other recent research using large sam
ples, meta-analytic approaches, adequate statistical models, and/or 

Table 1 
Summary of studies referenced in our paper investigating peer spillover effects (achievement compositional effects) in various educational contexts.

Study Sample Predictor (group 
average)

Controls Final peer 
spillover 
effect

Key findings

Becker et al., 
2022

5 studies (range: 3,417–10,543 
students)

Achievement Measurement error, prior 
achievement, cognitive 
ability

Varies Effects reduced with controls for measurement error 
and selection bias (out of 15 studies, nine became n. 
s., five remained positive and significant, one 
became negative and significant)

Dicke et al., 
2018

14,985 students, 853 schools 
(US)

Achievement Measurement error, gender, 
SES, parent variables

n.s. Peer spillover effect reduced to below zero with 
controls

Cooley 
Fruehwirth, 
2013

North Carolina public school 
students, grades 1996–2002

Achievement Prior achievement Positive Adding prior achievement decreased the spillover 
effect

Guldemond & 
Bosker, 2009

1,125 students in 103 schools 
(1994 cohort), 941 students in 81 
schools (1996 cohort)

Achievement IQ, SES, prior achievement n.s. School compositional effects were not 
demonstrated; differences stemmed from 
proficiency levels already present at intake

Guill et al., 2017 8,628 German students from the 
academic and non-academic 
track and comprehensive schools

Intelligence Prior achievement, 
migration background, 
cultural capital, parent 
schooling level

Positive Students on academic tracks show greater 
intelligence score gains than students on other 
tracks

Hanushek et al., 
2003

200,000 students in over 3,000 
schools

Achievement Various demographic and 
school-related variables

Positive Sequential introduction of controls led to substantial 
changes in the magnitude and direction of peer 
effect estimates

Harker and 
Tymms (2004)

5393 students, 37 schools SES Prior achievement, ethnicity n.s. Positive effect of SES disappeared after including 
controls

Marks, 2015 40,143–40,273 students, 1289 
schools

SES Prior achievement Small but 
negative

Positive school composition effect decreased after 
adding controls; small negative effect emerged

Marsh et al., 
2023

Data from PISA 2000–2012 
across multiple countries

Achievement, 
SES

Prior achievement, SES, 
measurement error

Small to 
negative

Peer spillover effects were small and often negative 
after controlling for measurement error, SES, and 
prior achievement. Results highlight SES impacts.

Nash, 2003 5,195 students in 362 schools 
(UK PISA data)

SES Prior achievement, cultural 
capital, noise/disorder

n.s. School composition effects were artifacts of 
statistical bias caused by omitted variables.

Stäbler et al., 
2017

6,463 students, 151 schools Achievement SES, gender, language, track Positive Significant class-average effect controlling for prior 
achievement

Televantou 
et al., 2015
(Study 1)

19,059 students, 593 schools Achievement Measurement error n.s. Peer spillover turned insignificant with control for 
measurement error

Televantou 
et al., 2015
(Study 2)

1,694 students, 59 schools Achievement Measurement error n.s. Peer spillover turned insignificant with control for 
measurement error

Televantou 
et al., 2021

19,059 students, 593 schools Achievement Measurement error Small and 
negative

Peer spillover turned even more negative with 
control for measurement error

Note. This table summarizes those studies referenced in our paper investigating peer spillover effects (achievement compositional effects) in various educational 
contexts. The Sample column describes the study populations, including the number of students and schools where applicable. The Predictor (Group Average) column 
indicates the group-level variable (e.g., achievement or SES) used to estimate the compositional effect. The Controls column lists covariates/pre-existing differences 
accounted for in the analyses, such as prior achievement, measurement error, or demographic variables. The Final Peer spillover Effect column indicates whether the 
compositional effect remained significant after including controls (n.s. = not significant). The Key Findings column provides a brief summary of the major conclusions, 
with a particular focus on how the inclusion of controls impacted the results.
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strong controls for pre-existing individual differences suggests that a 
school system that reinforces children of similar ability being schooled 
together, for example through ability tracking, does not necessarily 
produce better learning outcomes at a national level. While tracking 
creates high-achieving and low-achieving classrooms by sorting stu
dents into groups of similar ability, it does not inherently improve 
achievement. More specifically, school-average achievement rarely has 
a direct positive effect on individual students’ outcomes once selection 
effects are controlled (Dicke et al., 2018; Televantou et al., 2015; Tele
vantou et al., 2021). Table 1 summarizes studies investigating the peer 
spillover effect that are referenced in the present article. It demonstrates 
that studies using more appropriate controls for pre-selection differences 
and measurement error tend to find smaller or non-significant peer 
spillover effects. This pattern is consistent, even though the peer spill
over effect is not always eliminated. Overall, the findings show that 
robust controls are critical for isolating true compositional effects. 
Moreover, school systems that use some version of ability stratification, 
which leads to children of similar ability being schooled together and to 
less variance of achievement within schools, show lower overall levels of 
achievement, student aspirations, and student self-concept (Hanushek & 
Wößmann, 2006; OECD, 2013; Parker et al., 2016; Parkeret al., 2018; 
Parker, et al., 2021; Salchegger, 2016). Most commonly, observed pos
itive differences in the achievement outcomes for higher-track students 
are due to the already existing differences, before any sorting of the 
students into groups of similar ability has come into effect (Dicke, et al., 
2018; Parker et al., 2016; Parker et al., 2018).

Extensive support for the BFLPE generalizes across student groups, 
subject domains, academic self-concept instruments, and cultures (e.g., 
Marsh et al., 2023) and has been provided by experimental (e.g., Zell 
and Alicke, 2009) and longitudinal (e.g., Marsh et al., 2007; Keyserlingk 
et al., 2019) studies. Naturally, this negative effect implies that being in 
a low achieving class, school, or track leads to higher academic self- 
concept. This advantage however disappears after considering the 
side-effects of tracking such as signaling, where children are bound to a 
particular pathway (e.g., occupational in the vocational track) depend
ing on their track (Buchmann & Park, 2009; Parker et al., 2018).

Interestingly, research has also found robust evidence of mutually 
reinforcing processes of individual academic achievement and academic 
self-concept in the reciprocal effects model (Valentine et al., 2004; 
Seaton et al., 2015). Integrating these findings results in a theoretical 
paradox where attending a school or class with high achievers is bad for 
a student’s academic self-concept, but good for the student’s individual 
achievement. Yet academic self-concept and achievement should be 
reciprocally and positively related (Dicke et al., 2018). This paradox 
may be resolved by findings that show the inconsistency of the peer 
spillover effect (e.g., Guldemond & Bosker, 2009; Hattie, 2002). Indeed, 
as mentioned above, significant positive peer spillover effects may result 
from poor methodology, such as not accounting for unreliability due to 
measurement and sampling error, and omitting important pre-selection 
effects. These methodological concerns suggest that the positive spill
over effect on achievement is a phantom effect (Dicke et al., 2018; Harker 
& Tymms, 2004; Pokropek, 2015; Televantou et al., 2015). There are 
several straightforward techniques to account for measurement and 
sampling error, thereby reducing the bias in estimating compositional 
effects (e.g., by using doubly latent multi-level models; Marsh et al., 
2009, Televantou et al., 2015). Several researchers have shown how 
measurement error can inflate compositional effects (Harker & Tymms, 
2004; Pokropek, 2015; Televantou et al., 2015). For the negative BFLPE 
research has shown that the same methodological issues should down
wardly bias the BFLPE (i.e., making it smaller), suggesting it is actually 
larger in reality (Parker et al., 2018).

The question of which other variables should be included in the 
models to avoid phantom effects is more complex. Such questions are 
dealt with more regularly in the realm of econometrics, where this issue 
is often termed as the problem of endogeneity. We will review the nature of 
endogeneity bias (or, more particularly, the omitted variable bias). To 

do so, we will use the research and language of econometrics.

1.2. The problem of endogeneity: omitted variable bias

The problem of endogeneity, although well-known in econometrics 
(Manski, 1993), is still largely ignored in applied research in other dis
ciplines (Antonakis et al., 2014). Ewijk and Sleegers (2010) argue in 
their review and meta-analyses that while economic studies cautiously 
applied measures to obtain unbiased compositional effects, studies in 
other social sciences seem to have added covariates without deliberately 
aiming to reduce bias in the compositional effects. Put simply, endoge
neity refers to the problems that arise when independent variables are 
correlated with the error terms (i.e., the unexplained variance) of 
dependent variables. Such a correlation can be caused by omitted var
iables not included in the analysis. In a regression equation of the form: y 
= β0 + β1x1 + β2x2 + ⋯ + βkxk + ε,where β0, β1, β2,⋯, βk are pa

rameters of interest and ε is a random error term, it is assumed that y is 
endogenous. This means it depends on the explanatory variables x1, x2, 
…xk. In contrast, the x variables are assumed to be exogenous variables, 
meaning they are unrelated to the error term of the dependent variable 
(Wooldridge, 2015; Pearl, 2009). The problem of endogeneity and 
therefore potentially biased estimates due to omitting variables arises 
when at least one of the x variables in the model is related to the error 
term (Wooldridge, 2015). Econometrists have discussed several reasons 
for endogeneity of predictors, such as omitted variables, simultaneity 
(reversed causality), common method variance, etc. (Antonakis et al, 
2014). The major cause however, seems to be that of omitted variable 
bias (Duncan et al., 2004), with all other causes in fact being a special 
case of omitted variables (Ebbes et al., 2005). Indeed, in their extensive 
review and meta-analysis Ewijk and Sleegers (2010) found that omitted 
variable bias seems to be the major issue in research on peer composi
tional effects (Duncan et al., 2004; Hanushek et al., 2003).

1.2.1. Bias through omission of important preselection variables
In research on compositional effects, the implications of omitting 

important variables are dire and can result in biased effects of the group 
level predictor variable due to pre-existing differences whereby variance 
in the outcome could in fact be explained by selection effects (Dicke 
et al., 2018; Hanushek et al., 2003; Harker & Tymms, 2004; Hauser, 
1970; Marks, 2015; Nash, 2003). Group effects may be significant not 
because of group processes but because the individuals who make up the 
group were different to begin with. Thus, Hauser (1970) cautioned not 
to interpret residual differences between groups as social processes, as 
they might be explained through the correlation of the residuals with 
relevant individual student-level predictors. Among these predictors are 
most likely selection effects based on prior ability (achievement or IQ) or 
SES, that is, all students at a school in a certain neighborhood coming 
from a high or low SES background, which are usually associated with 
higher or lower achievement levels, respectively (Jerrim et al., 2015). 
After these predictors are accounted for, residual differences are reduced 
and possibly disappear altogether. Indeed, there is evidence that SES is 
related to ability, and that testing for the compositional effects of either 
SES or ability is confounded by the other variable (primary effect of 
social origin, see Boudon, 1974; Burns & Mason, 2002; Parker et al., 
2016). For instance, research has shown that controlling for SES elimi
nated the positive peer spillover effect (Dicke et al., 2018), and others 
found the positive effect of group SES on individual achievement dis
appeared after including prior achievement (Harker & Tymms, 2004), or 
even turned slightly negative (Dicke et al., 2018; Marks, 2015).

1.2.2. Bias through omission of important resource variables
If it is not a school’s composition that influences student achieve

ment, it could be differences in the resources available to different 
schools. A common belief is that high-achieving or selective schools 
attract better teachers. This may be a sufficient incentive for parents to 
send their children to selective schools. Indeed, strong research found 
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the most influential school factor affecting student learning to be the 
teachers (Hattie, 2009). Hence, it makes sense to assume that a selection 
of elite teachers could be the crucial factor that could positively predict 
achievement (conditioned on pre-selection variables). Hattie’s (2002)
meta-analysis suggests, in explaining the lack of any effects of tracking, 
that it is the teachers who might adapt their attitudes and behaviors (see 
also Friedrich et al., 2015) based on peer composition, more than the 
composition that affect student achievement. Hence, it is critical for 
research to determine the unique compositional effect controlling for 
teaching quality.

We included teacher enthusiasm and classroom management as 
control variables to account for differences in instructional quality 
across classrooms. These variables were selected based on prior research 
showing robust links between classroom management and student 
achievement (Korpershoek et al., 2016) as well as between teacher 
enthusiasm and students’ learning outcomes (Keller et al., 2016). 
Including these constructs allows us to control for selected aspects of 
classroom instruction, helping to ensure that any observed composi
tional effects are not merely reflections of differences in these instruc
tional processes.

Teacher enthusiasm is one important indicator of teachers’ attitude 
(for an overview see Keller et al., 2016). Teacher enthusiasm can be 
defined as nonverbal positive emotional experience of excitement by the 
teacher expressed as lively and engaging instructional behavior (Keller 
et al., 2016; Kunter et al., 2008). Frenzel et al., (2009) have shown that 
teacher enthusiasm is a mediator of the effect of teacher enjoyment on 
student enjoyment. Kunter et al. (2008) showed that teacher enthusiasm 
for teaching mathematics as perceived by students and self-reported by 
teachers was positively related to the teacher’s instructional quality. 
Both factors should promote student achievement. Indeed, teacher 
enthusiasm has also directly been linked to achievement (Kunter et al., 
2013; Keller, Neumann, & Fischer, 2013).

The ability to manage or prevent classroom disturbances or student 
misbehavior is termed “classroom management skills” (Evertson & 
Weinstein, 2006). Naturally, effective teaching and learning are not 
possible in poorly managed classrooms (Dicke et al., 2015). Meta- 
analyses show how classroom management strategies affected teach
ers’ quality of instruction (Kunter et al., 2007) and, as a result, students’ 
achievement (Hattie, 2009; Seidel & Shavelson, 2007; Wang, Haertel, & 
Walberg, 1993). Hence, we also include the ability to maintain an 
orderly classroom as a teacher variable in the present study.

1.3. The present study

In the present study, we used a large-scale dataset based on a sample 
of German year 5 (age: 11–12) and year 6 (age: 12–13) students. Rather 
than testing tracking effects per se, our study focuses on peer spillover 
effects and the BFLPE—two distinct compositional effects that emerge in 
different learning environments. We specifically investigate whether the 
assumed benefits of being in a classroom with high-achieving students 
due to the peer spillover effect persist once pre-selection effects, mea
surement error, and other confounds are accounted for. As we are using 
math ability as a predictor for compositional effects, we use math 
achievement and math self-concept as outcomes. Using doubly latent 
multilevel modeling (Dicke et al., 2018; Televantou et al., 2015; Tele
vantou et al., 2021), we do this by ruling out effects of measurement and 
sampling error. We then investigate the effect of endogeneity caused by 
omitting important variables on estimates of the peer spillover effect. 
We focus on preselection effects by including SES (and gender) as 
covariates. Other potential extra-compositional effects in favor of 
classrooms or schools with high-achieving students and tracking could 
be resources such as teaching quality. Thus, in the present study we 
extend and complement prior research on the validity of compositional 
effects (e.g., Dicke et al., 2018) by including two important teacher 
variables in our model, that is, teacher enthusiasm and classroom 
management.

As an especially strong feature of this study, we base our class- 
aggregated achievement measure on achievement measured prior to 
selection into German school tracks by year four math grade (please see 
Supplemental Materials for a detailed description of how we modelled 
tracking and pre-selection Year 4 achievement and a rationale for the 
approach). Data from students enrolled in the German school system is 
particularly interesting for our investigation due to the early (Year 5) 
and explicit tracking system. In the Project for the Analysis of Learning 
and Achievement in Mathematics (PALMA) study, track allocation was 
determined by Year 4 grades, which represent a high-stakes measure of 
prior achievement in the German educational context. These grades are 
particularly salient because they serve as the primary selection mecha
nism for entrance into secondary school tracks, such as ‘Realschule,’ 
‘Hauptschule,’ and ‘Gymnasium.’ Track, therefore, reflects a dual role: 
as a pre-treatment variable determined by prior achievement (Year 4 
grades) and as part of the broader treatment, encompassing differences 
in teacher quality, curricula, and classroom climate. By conditioning our 
models on Year 4 grades, we are better able to control for selection ef
fects and isolate the compositional effects of peer spillover and the 
BFLPE (please see Supplemental Material for more details on the 
German school system). Due to inherent disadvantages being maximal 
exacerbated by early ability tracking (Parker, et al., 2016; Dustmann 
et al., 2017), demonstrating any positive effects to be a myth would be 
even more important. In summary, our hypotheses are as follows: 

Hypothesis 1. Adding important pre-selection variables (such as SES, 
gender and prior achievement) will reduce bias in the compositional 
effects resulting in a less positive peer spillover effect and an even more 
negative BFLPE. We note however that it is not possible to control for all 
pre-existing differences in non-experimental research, and that any 
unexplained residual variance is likely to bias results in favor of groups 
with initially brighter students.

It is additionally important to control for gender despite this not 
being a selection effect per se. Research (e.g., De Fraine et al., 2007) has 
shown stereotypical gender differences for math self-concept particu
larly. While mathematics achievement is very similar for female and 
male students, self-beliefs in math ability are lower in female than male 
students (e.g., Guo et al., 2015). 

Hypothesis 2. Controlling for important resource variables as cova
riates (such as teacher enthusiasm and classroom management), in 
addition to the pre-selection variables (prior achievement variables, 
gender, and SES), will result in an even less positive peer spillover effect 
and an even more negative BFLPE compared to a model not controlling 
for these resource variables.

Thus, in the present study we extend and complement prior research 
on the validity of compositional effects (e.g., Dicke et al., 2018) by 
including two important indicators of teaching quality in our final 
model, that is, teacher enthusiasm and classroom management.

2. Method

2.1. Sample

Data for the present study come from a German large-scale longitu
dinal study that sought to investigate the development of math 
achievement along with its determinants (see Pekrun et al., 2007, 2019, 
2023; Sakaki et al., 2025). The study was conducted in secondary 
schools in the German federal state of Bavaria. The German Data Pro
cessing Center (DPC) of the International Association for the Evaluation 
of Educational Achievement (IEA) was responsible for obtaining the 
samples and also for survey administration. Student samples (N = 2070; 
50 % girls; mean age = 11.7 in Year 5; SD = 0.7) were drawn so that they 
were representative of the typical student population in the state of 
Bavaria in terms of student characteristics, geographic location, and 
SES. The sample comprised 83 classrooms from 42 schools. The sample 
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also included roughly equal numbers of students in the high achieve
ment (Gymnasium: 37 %), middle achievement (Realschule: 30 %), and 
low-achievement (Hauptschule: 33 %) tracks. Self-report surveys and a 
mathematics achievement test were administered in a paper-and-pencil 
format to students in their classrooms by trained external test adminis
trators at the end of each school year, from in Year 5 through to Year 10. 
The present study focuses on the first two of these time waves (Year 5 
and Year 6) where class composition and teachers remained constant 
(there were no instances of changing class compositions or a change of 
teacher). This is important for our analyses of the effects of class 
composition. In addition, PALMA also includes participants’ school 
grades from their last year of primary school (Year 4). Grades and de
mographic information were retrieved from school documents.

The study received Institutional Review Board approval from the 
Bavarian State Ministry for Education, Science, and the Arts (reference 
III/5-S4200/4-6/68 908). Participation in the study was voluntary, and 
parental consent was obtained for all students. The student participation 
rate was very high, at 91.8 %. Surveys were depersonalized to ensure 
participant confidentiality.

2.2. Measures

2.2.1. Math achievement
We assessed students’ math achievement from three different sour

ces. The first was school math grades from Year 4, which was a single- 
item end-of-year final grade. We re-coded the grades such that higher 
scores reflected better grades. As the grades were obtained directly from 
school documents, the data were error-free, except for the possible 
human error of copying. Results of a study by Marsh et al. (2018)
indicate a high predictive and retest reliability of school grades (see 
Supplementary Materials for more detail). The second source was the 
school track whereby we identified which students attended Gymna
sium, Realschule, and Hauptschule in Year 5. Coding Gymnasium = 1, 
Realschule = 2, and Hauptschule = 3, we modeled school track as a 
continuous variable. The third source was the PALMA Mathematical 
Achievement Test (vom Hofe et al., 2005), which was used to obtain 
standardized achievement test scores in math in Years 5 and 6. Using 
both multiple-choice and open-ended items, this test measures students’ 
modeling and algorithmic competencies in arithmetic, algebra, and ge
ometry. In each successive year, the test covered the same content areas, 
but the number and difficulty of the items increased in line with the year 
in school completed by non-repeating students. The obtained achieve
ment scores were scaled using one-parameter logistic item response 
theory (Rasch scaling; Wu et al., 2007), and standardized in relation to 
Year 5 results (i.e., the first measurement point) to establish a common 
metric across the five waves. The reliability of item separation in item 
response theory scaling was 0.99 (Arens et al., 2017). Intraclass corre
lation coefficients (ICC[1]s) revealed a substantive amount of class-to- 
class variation in achievement; 0.54 in Year 4 (school grades); 0.39 in 
Year 5 (test scores) and 0.47 in Year 6 (test score).

2.2.2. Math self-concept
Math self-concept was measured in Year 5 and Year 6 using the 

PALMA self-concept scale (six items; see Supplemental Material for 
complete item list), e.g., “It is easy for me to understand things in math”. 
Participants rated these items on a 5-point Likert scale ranging from 1 
(not true at all) to 5 (absolutely true). Scale reliability and validity have 
been established in prior research, including factorial validity and evi
dence on relations with student achievement (Marsh et al., 2019; Pekrun 
et al., 2019). In the present analysis, the alpha estimates of reliability 
were high across both time waves (Year 5 α = 0.88; Year 6 α = 0.89). ICC 
[1]s revealed a small amount of between-classes variation in the self- 
concept factors; 0.06 at Year 5 and 0.07 at Year 6.

2.2.3. Teacher enthusiasm (perceived by students)
Students’ perception of their teachers’ enthusiasm was measured in 

Year 5 and Year 6, using the PALMA teacher enthusiasm scale, which 
was adapted from Marsh and Bailey’s (1991) instructor enthusiasm scale 
(five items; see Supplemental Material for complete item list; e.g., “Our 
mathematics teacher teaches with enthusiasm”). Participants responded 
to these items using a 5-point Likert scale ranging from 1 (strongly 
disagree) to 5 (strongly agree), with higher scores indicating higher 
levels of perceived teacher enthusiasm.

Previous research has documented the psychometric quality of the 
scale (Frenzel et al., 2009, 2018). The alpha estimates of reliability were 
high at both timepoints (Year 5 α = 0.84; Year 6 α = 0.85). In order to 
examine the differences between classes for student ratings of teacher 
enthusiasm, we calculated the true ICC(1) for the latent factors (Muthén, 
1991). Based on these factors, we calculated the ICC(2) to assess 
agreement within classes for the ratings of teacher enthusiasm (Bliese, 
2000; Lüdtke et al., 2006; Snijders & Bosker, 1999). There were 
considerable differences in student ratings of teacher enthusiasm be
tween classes (true ICC[1]: Year 5 = 0.206; Year 6 = 0.254). Agreement 
within classes, which can be interpreted as an index of reliability of the 
class-mean rating, was high (ICC[2]: Year 5 = 0.84; Year 6 = 0.87), as 
evidenced by ICC(2) values above 0.7.

2.2.4. Classroom management
Participants were presented with the following five items to measure 

students’ perception of classroom management (see Supplemental Ma
terial for complete item list), e.g., “In mathematics class teaching is very 
often interrupted”. The scale was adapted from Baumert et al.’s (1997)
classroom management scale. Here we also used a 5-point Likert scale 
ranging from 1 (strongly disagree) to 5 (strongly agree), with higher 
scores representing better Classroom Management.

The alpha estimates of reliability were high in both Year 5 (α = 0.84) 
and Year 6 (α = 0.84). Results for between-class differences and within- 
class agreement were similar to those of teacher enthusiasm whereby 
there were considerable differences in teacher ratings between classes 
(true ICC[1]: Year 5 = 0.248; Year 6 = 0.240) and high reliability of the 
class-mean rating (ICC[2]: Year 5 = 0.87; Year 6 = 0.86).

2.2.5. Covariates
Students’ gender (girls = 0 and boys = 1) and SES served as cova

riates. SES was assessed using the Erikson-Goldthorpe-Portocarero 
classification which was administered to parents (Erikson et al., 
1979). The Erikson-Goldthorpe-Portocarero consists of six ordered cat
egories of parental occupational status, with higher values representing 
higher levels of SES.

2.3. Statistical analysis

Using Mplus 8 (Muthén & Muthén, 1998–2010, Version 8), we 
conducted a series of doubly latent multilevel models. All models were 
analyzed as multi-level models to account for the nested structure of the 
data (students nested within classes), thus rendering standard errors that 
are corrected for nestedness: Level 1 (L1) = individual student, Level 2 
(L2) = class. Moreover, in all our models we applied latent variables, 
thereby correcting for measurement error in our math self-concept, 
perceived teacher enthusiasm, and classroom management measures 
(see Dicke et al., 2018) (For a Mplus code of the final model please see 
Supplemental Material). In the present study, pre-selection variables refer 
to student characteristics that capture pre-existing differences before 
measuring our main outcomes. These include prior achievement (Year 4 
mathematics grades), school track, SES, and gender. Of these, prior 
achievement and track are incorporated from the baseline model on
ward to account for the most direct forms of academic selection in the 
German tracked school system, whereas SES and gender are added in 
later models as additional demographic covariates. This definition 
clarifies that our use of “pre-selection variables” is broader than the 
covariates entered in a given model step.

Our compositional achievement variable was also modeled as a 
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latent variable based on latent aggregates of Year 4 grades (on L1 & L2) 
and track (on L2 only) in Year 5. This means Year 4 grades and track 
formed the indicators for the Year 5 latent ability variable. As track at 
Year 5 is a pure L2 variable with no variance within clusters on L1, we 
used Year 4 math grades and track as indicators on L2, but only Year 4 
math grades as an indicator for L1 ability. We refer to these models 
which simultaneously control for measurement and sampling error as 
doubly latent based on Marsh et al.’s (2009) 2 × 2 taxonomy of multi- 
level models.

In Mplus, we used the robust maximum likelihood estimator (MLR), 
which is robust against any violations of normality assumptions. As has 
been done by other research (Dicke et al., 2018), we used the model 
constraint option in Mplus to calculate all compositional effects and 
their standard errors. We calculated compositional effects based on class 
composition (Marsh et al., 2014). The compositional effects are calcu
lated by subtracting the effect of individual achievement from the effect 
of class-average achievement. These effects are analyzed independently 
of the instructional benefits claimed by proponents of tracking policies, 
focusing instead on achievement composition as a separate driver of 
achievement and self-concept differences. We estimated effect sizes 
employing the most conservative effect size measure ES3 as suggested 
by Marsh et al., 2009, which uses the total variance (varL1 + varL2) of 
achievement. For clarity of presentation of our results, we focus on 
direct paths of the longitudinal compositional effects.

2.3.1. Model sequence
In the present study, we present an a priori series of sequential 

models: 

1. Baseline model (Model 1): On L1, included mathematics ability 
measured by Year 4 grades (prior achievement) as a predictor. On L2, 
included class-average Year 4 math grade and school track (aca
demic placement in Year 5) as indicators of a latent ability variable. 
These two variables (prior achievement and track) are part of our 
definition of pre-selection variables, which capture pre-existing aca
demic differences before the main outcomes. This latent ability 
variable predicted L1 self-concept (BFLPE) and L1 achievement (peer 
spillover effect) in Year 5 and 6

2. Model 2: Added further pre-selection variables in the form of de
mographic covariates: Gender on L1, and SES on both L1 and as a 
latent aggregate on L2 (see Marsh et al., 2023). This step allowed us 
to control for both academic and demographic pre-existing 
differences

3. Model 3: Based on model 2, additionally included teaching quality 
variables (teacher enthusiasm and classroom management) as time- 
varying covariates in Year 5 and 6, on L1 and L2. These were entered 
to control for instructional influences in the same year as the 
outcomes

4. For clarity, we added sensitivity analysis. Year 4 grades are the most 
critical prior measure of achievement to control for, as they represent 
the full variance of achievement in the student population in contrast 
to grades in later years, where the German tracking system affects 
variance. Our primary models condition on Year 4 grades and track 
to account for selection effects, allowing us to isolate compositional 
effects such as the peer spillover effect and the BFLPE

However, we estimated three additional models. One used class 
composition based only on Year 4 grades (no track), one used class 
composition-based Year 5 standardized test results as predictors, and the 
last included gender on L1 and L2. The first two models did not include 
track as a latent indicator of initial achievement. We estimated these 
models to address (1) the dual role of track as both a pre-treatment 
measure of prior achievement and a component of the treatment itself 
– by comparing models, and (2) the robustness of our findings relative to 
alternative specifications, (see Supplemental Materials Models S1, S3, 
and S4 respectively).

2.4. Model fit and missing data

All models were assessed using the following goodness-of-fit criteria, 
which were chosen as they are relatively independent of sample size 
(Marsh et al., 2004): the root mean square error of approximation 
(RMSEA); the Tucker-Lewis index (TLI); and the comparative fit index 
(CFI). For both the CFI and the TLI, population values vary along a 0-to-1 
continuum, with a value of 0.90 being the minimum accepted threshold 
for goodness-of-fit. CFI and TLI values greater than 0.95 typically reflect 
excellent fits to the data. For the RMSEA, values smaller than 0.08 are 
considered acceptable model fits, while values <0.06 reflect good fits to 
the data.

At the time of the first assessment (Year 5), the sample size was 2070 
students. The school context, combined with the longitudinal study 
design, inevitably results in some change in sample size due to some 
students, for instance, moving from or joining PALMA classrooms. This 
resulted in a sample size of 2059 in Year 6. Thus, a portion of the sample 
had missing data for at least one of the measurement waves. More 
specifically, the number of waves of data (Years 4–6) available for each 
student were: 3 (complete data; 52.7 %), 2 (16.7 %), and 1 (30.6 %). We 
did not exclude any cases because of missing data, but missing data was 
assumed to be missing-at-random (MAR) and handled using the full 
information maximum likelihood (FIML) approach which enabled us to 
use all available information for parameter estimation (Enders, 2010). 
For more details on our missing data approach, see Supplemental 
Materials.

3. Results

A correlation matrix for all variables included in the study can be 
found in Supplemental Material (Table SO2-3).

3.1. Baseline model

To test for uncorrected compositional effects, we modeled all four 
class compositional effects simultaneously in our baseline model (see 
Fig. 1). We included tracking and math achievement, measured by math 
grade in Year 4, as a latent variable, and mathematics test achievement 
and math self-concept at Time 2 (T2) and Time 3 (T3). This model 
showed a good fit to the data with CFI = 0.96, TLI = 0.96, RMSEA = 0.04 
(see Supplemental Material Table S1 for more details on all model fit 
indices).

All models include four longitudinal direct compositional effects 
(from Year 4 to 5 and from Year 4 to 6): Two relating class-average Year 
4 math achievement to later individual student achievement (peer 
spillover effect), and two relating class-average Year 4 math achieve
ment to math self-concept (BFLPEs). For detailed results of all effects, 
see Table 2.

The Lag 1 peer spillover effect (Year 4–Year 5) was significantly 
positive. The Lag 2 peer spillover effect (Year 4–Year 6) was also 
significantly positive (see Table 2).

The Lag 1 direct BFLPE (Year 4–Year 5) was significantly negative. 
The Lag 2 direct BFLPE (Year 4–Year 6) was also negative and signifi
cant. For information on the direct L1 and L2 effects that comprise the 
compositional effects, please see Supplemental Materials Table S3.

3.2. Compositional effects corrected for selection effects (H1; model 2)

Although the overall setup of Model 2 was similar to the uncorrected 
baseline model, we additionally included further selection effects in our 
model to correct the compositional effects for pre-existing differences. 
This model fit the data well with CFI = 0.96, TLI = 0.96, RMSEA = 0.04. 
L1 variables were controlled for by gender and SES (see Table 3 for re
sults and an overview of which variables were predicted by covariates). 
L2 variables were controlled for SES. For an overview of predictions by 
these covariates see Table 3 (estimates for the covariates were similar for 
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Model 2 & 3 with differences of <0.01).
The Lag 1 peer spillover effect became less positive and insignificant 

after controlling for selection effects. The Lag 2 peer spillover effect 
likewise became less positive and non-significant. These results indicate 
that after taking into account selection effects the peer spillover effect 
disappears altogether. The Lag 1 BFLPE became marginally more nega
tive and remained significant. The direct Lag 2 BFLPE also became 

marginally more negative and remained significant. This indicated that 
controlling for selection effects the BFLPE became even stronger (i.e., 
more negative; for details of these effects see Table 2). Effect sizes, 
however, did not increase in parallel with the coefficients. This is 
because adding covariates can alter the estimated latent variance com
ponents in doubly latent models, which changes the scaling of the effect 
size metric even when the underlying coefficient becomes larger.

Fig. 1. In this baseline model (Model 1) we included two longitudinal BFLPEs (Year 4–Year 6 and Year 5–Year 6) and simultaneously two peer spillover effects (Year 
4–Year 6 and Year 5–Year 6). Thus, L2 achievement in Year 4 predicted L1 self-concept (BFLPE) and L1 achievement (peer spillover effect). Only theoretically 
relevant paths are shown here, all variables on L1 are correlated if not otherwise depicted. aveACH year 4 = students’ mathematics achievement measured by Year 4 
mathematics grade (grades were reverse scored such that higher values indicated higher achievement) and track (higher values indicated higher track); ACH Year 5 
= students’ mathematics achievement measured by standardized test in Year 5; ACH Year 6 = students’ mathematics achievement measured by standardized test in 
Year 6; MSC = mathematics self-concept; L1 = student level; L2 = class level; grey shaded lines = individual level effects; dotted line = Big-fish-little-pond effect; 
dashed lines = Peer spillover effect.

Table 2 
Direct BFLPE and peer spillover effect and their effect sizes for all models.

BFLPEa Year 4–5 BFLPEa Year 4–6

Coefficient ES Explained Variance % Coefficient ES Explained Variance %

No Model Within R2 Between R2 Within R2 Between R2

1 Baseline model ¡0.640(0.063) ¡0.43(0.042) 0.14 0.02 ¡0.771(0.083) ¡0.482(0.048) 0.14 0.11
2 1 + Covariates ¡0.698(0.133) ¡0.279 (0.058) 0.19 0.06 ¡0.840(0.123) ¡0.310(0.063) 0.17 0.12
3 2 + Teaching variables ¡0.722(0.112) ¡0.293(0.055) 0.24 0.40 ¡0.893(0.109) ¡0.339(0.060) 0.24 0.50

Peer Spillover Effecta Year 4–5 Peer Spillover Effecta Year 4–6

Coefficient ES Explained Variance % Coefficient ES Explained Variance %

Within R2 Between R2 Within R2 Between R2

1 Baseline model 0.226(0.056) 0.174(0.040) 0.22 0.80 0.367(0.058) 0.281(0.039) 0.21 0.86
2 1 + Covariates 0.125(0.126) 0.065(0.066) 0.23 0.81 0.212(0.121) 0.115(0.069) 0.22 0.88
3 2 + Teaching variables 0.091(0.120) 0.047(0.062) 0.24 0.83 0.159(0.119) 0.087(0.068) 0.22 0.90

Note. a The compositional effects are calculated by subtracting the effect of individual achievement from the effect of class-average achievement (with standard errors 
in brackets). Significant effects with p < 0.05 in bold. School grades which were used for calculating achievement in Year 4 were reverse scored such that higher values 
indicated higher achievement. For track that was also used to calculate Year 4 achievement a higher value also indicated a higher track. BFLPE = Big-Fish-Little-Pond- 
Effect; ES = Effect size; Covariates = Socioeconomic Status and gender; Teaching Variables = student perceived classroom management skills and student perceived 
teacher enthusiasm; 1 + Covariates = Baseline model including covariates; 2 + Teaching Variables = Baseline model including covariates and teaching variables.
Within R2 = R2 of outcomes on the individual level. Between R2 = R2 of outcomes on the class level.
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3.3. Compositional effects corrected for selection effects and teaching 
quality (H2; model 3)

In addition to the covariates that control for selection effects (Model 
2) we added controls for two teaching quality variables as time-varying 
covariates. Thus, we tested if perceived teacher enthusiasm and class
room management assessed in Year 5 and 6 predicted all variables 
within the respective time wave (see Table 3 for results and an overview 
of which variables were predicted by covariates). This model also fit the 
data well with CFI = 0.95, TLI = 0.95, RMSEA = 0.03. At L1, the indi
vidual deviation from the group mean of teacher enthusiasm signifi
cantly and positively predicted achievement and math self-concept, 
while the individual deviation from the group mean for classroom 
management showed only small and non-significant effects. At L2, both 
class-average teacher enthusiasm and class-average classroom man
agement were only weakly and non-significantly related to achievement 
and math self-concept. For an overview of predictions by all covariates 
see Table 3. Both teaching variables showed moderate stability on L1 
and high stability on L2 (see Supplemental Materials Table S4. All peer 
spillover effects became even less positive, but this reduction, however, 
was only small (see Table 2). The Lag 1 and Lag 2 BFLPEs only changed 
slightly, becoming more negative.

At the between level, the explained variance for the BFLPE in self- 
concept was nonsignificant in the baseline and covariate-only models, 
but significant in the full model including teaching quality; all other 
within- and between-level R2 values were significant.

3.4. Sensitivity analysis

Given the high correlation between Year 4 grades, Year 5 test scores, 
and track, the sensitivity models showed patterns that were consistent 
with our primary analyses. Specifically, the BFLPE remained significant 
and stable across all models, while the initially positive peer spillover 
effect diminished and became non-significant with the inclusion of 
additional controls. These results further support the robustness of our 
findings. For more details, see Supplemental Materials Table S2, Models 
S1 and S3, respectively.

4. Discussion

The present study showed that the peer spillover effect is significant 
and positive only when important omitted variables are excluded in the 
model. Thus, expanding prior research (Dicke et al., 2018; Harker & 
Tymms, 2004; Hauser, 1970), our study emphasizes the importance of 
addressing the problem of endogeneity and hence, omitted variable bias 
in social sciences (Duncan et al., 2004; Ewijk and Sleegers, 2010).

Our findings suggest that while tracking policies aim to benefit all 
students through tailored instruction in achievement-homogeneous 
settings (Hanushek & Wößmann, 2006), the actual benefits of such 
policies are difficult to identify when compositional effects are disen
tangled from pre-existing selection factors. The reduction of the peer 
spillover effect’s size to near zero suggests that the academic benefits 
often associated with classrooms with high-achieving students may 
largely reflect pre-existing differences rather than the influence of peer 
achievement per se. In contrast, the stability and even increase of the 
negative BFLPE highlights an adverse consequence of tracking: students 
placed in high-achieving classes often experience negative effects on 
their academic self-concept due to unfavorable social comparisons with 
their high-achieving peers. Together, these findings call into question 
whether tracking achieves its intended instructional goals or instead 
exacerbates inequalities in both academic outcomes and student self- 
beliefs.

4.1. Preselection variables account for most peer composition effects 
(Hypothesis 1)

Indeed, our research provided strong evidence that pre-existing dif
ferences, rather than the classes’ peer composition of achievement, 
explain variance in individual achievement (Dicke et al., 2018; Marks, 
2015; Nash, 2003). In addition, we theoretically assumed that a model 
with compositional effects based on “pre-treatment” variables (track and 
pre-selection math grades) would show even stronger effects than a 
model based on “post treatment” achievement. However, results of a 
supplemental model (see Supplemental Materials, Table S2 Model S1) 
that based the compositional effect on the Year 5 standardized test 
scores were very similar. That said, Year 5 is still only one year after the 
“treatment” tracking has occurred, research shows that the BFLPE in
creases over time if students remain in the same educational setting (for 
an overview see Marsh et al., 2007). Hence, we would still recommend 
using any “pre-treatment” variables to model compositional achieve
ment effects. In situations such “pre-treatment” data is not available, 
data collected soon after treatment may be used.

SES proved to be one of the most important pre-selection variables in 
our model. In our model, after including SES and gender as controls, and 
while using prior achievement and track as a predictor, the peer spill
over effect was largely reduced, similar to other studies with German 
data (Becker et al., 2022). More specifically, the peer spillover effect was 
almost zero and not significant. The BFLPE, however, turned slightly 
more negative after controlling for SES and gender. These findings 
highlight a concerning pattern: students in classrooms with high- 
achieving students report lower academic self-concepts, and the antic
ipated benefits to achievement—often associated with being in such 
environments—were not observed once pre-existing differences were 

Table 3 
The effects of covariates on variables in the model 3.

ACH 
Year 4

ACH 
Year 5

ACH 
Year 6

MSC 
Year 5

MSC 
Year 6

L1
Gender 0.120 

(0.032)
0.111 
(0.026)

0.060 
(0.25)

0.237 
(0.024)

0.201 
(0.024)

SES 0.031 
(0.027)

0.060 
(0.025)

0.077 
(0.026)

0.053 
(0.021)

0.035 
(0.026)

Enthusiasm Year 
5

– 0.051 
(0.022)

– 0.218 
(0.025)

–

Enthusiasm Year 
6

– – 0.056 
(0.020)

– 0.259 
(0.030)

Classroom 
Management 
Year 5

– 0.025 
(0.021)

– − 0.021 
(0.021)

–

Classroom 
Management 
Year 6

– – 0.024 
(0.023)

– − 0.047 
(0.026)

L2
SES 0.823 

(0.059)
0.158 
(0.144)

0.274 
(0.121)

0.319 
(0.308)

0.424 
(0.222)

Enthusiasm Year 
5

– 0.052 
(0.054)

– 0.519 
(0.141)

–

Enthusiasm Year 
6

– – 0.111 
(0.056)

​ 0.569 
(0.115)

Classroom 
Management 
Year 5

– 0.113 
(0.055)

– 0.111 
(0.170)

–

Classroom 
Management 
Year 6

– – 0.036 
(0.057)

– − 0.159 
(0.343)

Note. Standardized effects reported here (with standard errors in brackets). 
Significant effects with p < 0.05 in bold. ACH Year 4 = students’ mathematics 
achievement measured by track and Year 4 mathematics grade (grades were 
reverse scored such that higher values indicated higher achievement; track was 
coded such that higher numbers indicated higher track); ACH Year 5 = students’ 
mathematics achievement measured by standardized test in Year 5; ACH Year 6 
= students’ mathematics achievement measured by standardized test in Year 6; 
MSC = mathematics self-concept; L1 = student level; L2 = class level; SES =
Socioeconomic status, Gender was coded as 0 = girls and 1 = boys.
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accounted for. Instead, any findings showing positive effects of mem
bership in a classroom with high-achieving students on individual 
achievement are largely due to the omission of important pre-selection 
variables. It is important to note that our findings are based on one 
German sample in one specific German state (Bavaria) as opposed to e. 
g., Becker et al., (2022) who based their findings on 5 different samples 
and found an average remaining positive peer spillover effect. The 
advantage, however, of using a sample from this particular state lies in 
the fact that Bavaria has very strict cut-off criteria for the allocation to 
school-track (for more details see above and Bavarian Ministry of Cul
ture and Education, 2020). In this sense, track is even more reflective of 
prior achievement here than in other German states. Nevertheless, 
further investigation into the role of track and the source of differences 
in spill-over effects is needed (Becker et al., 2022).

4.2. Teacher enthusiasm and classroom management have limited impact 
(Hypothesis 2)

Based on our review of important resource variables, we expected 
teacher enthusiasm and classroom management, two core aspects of 
teaching quality examined in this study, to have an impact on student 
achievement (Hattie, 2009; Kunter et al., 2013; Keller, et al., 2013; Muijs 
& Reynolds, 2002; Wang et al., 1993). The small Level-2 effects of these 
constructs on student achievement were surprising as our model setup 
should provide a “pure” effect of teaching (or perception of teaching) by 
controlling for pre-selection variables as well as the influence of class 
composition (Rivkin et al., 2005). This small teaching effect contrasts a 
number of other studies which tend to report larger effects (Hattie, 
2009). One possible explanation for this is that the effect sizes in other 
studies may appear larger because they do not include these controls, 
specifically pre-selection variables and the influence of class composi
tion. Furthermore, it may be even more challenging to distinguish be
tween compositional effects (peers) and teaching variables (e.g., 
engagement, classroom management) than initially assumed (Decristan 
et al., 2017; Gnas et al., 2022). For example, there might be variables, 
such as classroom climate, which are a function of the group of students 
in the classroom, but not a compositional effect per se, more than they 
are an effect of the teacher who teaches the class (Marsh et al., 2008) and 
are highly related to variables such as classroom management and 
teacher enthusiasm. These results suggest that the specific teaching- 
related variables included in this study, namely teacher enthusiasm and 
classroom management, do not account for the observed compositional 
effects. This supports the conclusion that, at least in this sample, such 
instructional features do not explain the benefits often attributed to 
being in a classrooms with high-achieving students beyond what is 
explained by students’ prior characteristics.

Results for the compositional effects after controlling for teacher 
enthusiasm and classroom management were in the hypothesized di
rection, with a peer spillover effect becoming even closer to zero and the 
BFLPE becoming more negative. The differences were, however, small, 
indicating that teacher effects did not make a big difference. This finding 
is in line with other research showing that the relation between class
room management and classroom composition effects might be small 
(Decristan et al., 2017). This is also related to the assumption that the 
class composition affects student outcomes indirectly through teacher 
perceptions and behaviors (Hattie, 2002; Friedrich et al., 2015).

4.3. Strengths, limitations, and implications for future compositional 
effect research

The present study is innovative in applying state-of-the-art ap
proaches of economics and psychology to methodologically strong lon
gitudinal models (doubly latent multilevel modeling) that are theory- 
driven. Furthermore, we included important achievement-related and 
resource-related covariates and based our aggregated achievement 
variable on pre-selection achievement.

It is important to note that our modeling approach using grades and 
track as indicators is not perfectly symmetric, as grades are pre-selection 
and pre-treatment, while track is part of the treatment. However, the 
decision about track is pre-treatment. Further, we use math grades, 
which is based on one subject and track is based on an overall assess
ment of the students’ abilities. Nevertheless, we think the resulting 
variable is a strong measure of pre-existing differences given the tight 
coupling of math grade and the tracking decision. Supplemental ana
lyses using only math grades as an indicator of the compositional effect 
revealed very similar results (Supplemental Materials Table S2, Model 
S3).

However, there are inevitably other omitted covariates. Considering 
them could control for additional pre-existing differences (e.g., migra
tion status, geolocation) and available resources, which we did not 
include (Hanushek et al., 2003; Harker & Tymms, 2004; Hauser, 1970). 
Our study includes teacher enthusiasm and classroom management as 
key indicators of teaching quality, as these factors have been widely 
linked to student learning outcomes (Hattie, 2009; Kunter et al., 2013). 
However, we acknowledge that additional instructional factors, such as 
cognitive activation, instructional clarity, and teacher support 
(Praetorius et al., 2018), could further contribute to understanding how 
teaching quality affects compositional effects. Future studies should aim 
to incorporate a broader range of teaching-related variables to provide a 
more comprehensive analysis of teacher influences on student 
achievement and self-concept. In addition to compositional effects, 
high-achieving educational settings often offer many other benefits, 
such as advanced curricula (Dustmann et al., 2017), better instructional 
quality (Hattie, 2009; Kunter et al., 2013), and favorable classroom 
climates (Decristan et al., 2017). Even though our study isolates 
compositional effects from potential benefits such as advanced 
curricula, higher instructional quality, or favorable classroom climates, 
we recognize that these broader mechanisms have been shown in pre
vious research to contribute to the advantages of high-achieving schools 
or tracks. These mechanisms were not examined in our study, and our 
findings should therefore not be interpreted as an evaluation of them. 
Rather, we emphasize the importance of distinguishing compositional 
effects from these other factors, which could benefit students regardless 
of their achievement level. While controlling for variables such as cur
riculum, resources, and school leaving certificates may be considered 
statistical overcontrol in practice, this approach is critical for investi
gating the unique contribution of compositional effects. By decomposing 
global variables like tracking, we aim to isolate the impact of peer 
spillover effects and the BFLPE, independent of other mechanisms that 
influence student outcomes. Further, by controlling for these variables, 
we remove many mechanisms that explain why attending high- 
achieving schools or tracks might be advantageous in practice, such as 
differences in curricula, instruction, and school leaving certificates. 
Consistent with our assumptions, including these in future studies, 
would be expected to make the peer spillover effect even smaller or 
negative, and the BFLPE even more negative.

In the present study, we investigated the effects of teacher enthu
siasm in predicting student achievement in line with existing research 
(e.g., Frenzel et al., 2009; Kunter et al., 2008). It is reasonable, however, 
to assume that this relationship is reciprocal in nature (similar to Frenzel 
et al., 2018), as better student achievement could affect (the perception 
of) teacher enthusiasm and also classroom management. Future longi
tudinal studies that focus on teaching quality in predicting achievement 
should consider reciprocal relationships of these variables. Although not 
measured here, curriculum complexity is an important contextual factor 
alongside peer composition and instructional quality. Differences in the 
breadth, depth, and pace of curriculum across tracks are well- 
documented (Dustmann et al., 2017; Hanushek & Wößmann, 2006) 
and likely contribute to the advantages often associated with higher 
tracks. Its absence does not affect our estimation of compositional ef
fects, but future research should investigate the effects of curriculum 
complexity explicitly.
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In the present study, we utilised multi-level doubly latent longitu
dinal structural equation modelling to account for endogeneity, sam
pling error and measurement error in estimating compositional effects. 
There are, however, other methodological approaches that could 
strengthen causal claims in this research area. One promising approach 
is the student fixed-effects strategy suggested by Loyalka et al. (2018)
that controls for all student, classroom and school characteristics as well 
as a large number of observable subject-specific characteristics. Using a 
large-scale cross-national database,  Loyalka et al. (2018) provide a 
more rigorous test of the BFLPE across diverse educational settings than 
conventional approaches to compositional effects (OLS regression; 
Loyalka et al. (2018)). This approach could also be used to investigate 
the peer spillover effect to enable making similar strong causal 
inferences.”

Additionally, natural experiments, such as policy changes leading to 
exogenous variation in school composition, offer an alternative avenue 
for causal inference (Dustmann et al., 2017). Difference in differences 
approaches to compare policy changes that only affect local areas could 
also be utilized. Finally, instrumental variable (IV) approaches, where 
exogenous factors (e.g., percentage of social housing in a school area) 
serve as instrumental variables in analyzing compositional effects. This 
could help isolate the causal impact of peer composition from correlated 
school characteristics. Combining these methods with the doubly-latent 
multilevel modeling used in this study could provide an even more 
robust understanding of the peer spillover effect and its interplay with 
tracking policies.

The current research investigated effects on math achievement and 
math self-concept. Consequently, the interpretation of results and any 
conclusions can only be made for the math domain. However, the BFLPE 
is one of the most robust findings in educational psychology and has 
been found for various other domains as well (Guo et al., 2018; Marsh 
et al., 2008). The peer spillover effect and the decline of estimates after 
utilizing stronger methodology and control variables have also been 
shown over multiple domains (e.g., Becker et al., 2022). Further, 
phantom effects and omitted variable bias are methodological issues 
that will occur irrespective of the chosen achievement domain. As such, 
the current findings are likely to be generalizable to other academic 
subjects. This, however, is an interesting research question for future 
research.

This study was conducted with a sample of German students which 
makes results particularly interesting due to the early implemented and 
explicit tracking system in which inherent disadvantages of ability 
tracking are maximally exacerbated (Parker, et al., 2016; Dustmann 
et al., 2017), making this line of research even more important. Among 
these disadvantages are delayed effects like the effects of signaling on 
students’ occupational possibilities, but also immediate effects on stu
dents’ well-being. For example, for a group of high-achieving kids, 
which should theoretically benefit the most from tracking, Becker et al. 
(2014) showed detrimental effects of early transition into tracked 
schools on self-concept and school anxiety as well as a lack of increase in 
the development of peer relations compared to a matched group of 
students who did not enter tracking early.

5. Policy and practice implications: supporting achievement 
and self-concept

Our findings also have implications for educational policy and sys
tems. First, the robustness of the BFLPE (Marsh et al., 2007) highlights 
the importance of addressing students’ motivational and emotional 
well-being in high-achieving contexts. Policy-makers and schools should 
implement interventions that promote positive self-concept for students, 
particularly in high-achieving tracks and contexts. Hence, we suggest 
that policies should aim to balance academic success with motivational 
and emotional well-being by promoting positive self-views, particularly 
in competitive environments (Basarkod et al., 2023). Tailored or indi
vidualised feedback strategies and self-concept interventions (Hörsch 

et al., 2025) can help buffer the negative effects of social comparison.
Second, the reduction in peer spillover effects after controlling for 

pre-selection variables calls into question the assumption that tracking 
inherently benefits all students. This is in line with research (Matthewes, 
2021; Parker et al., 2016) that suggests the apparent benefits of (early) 
tracking are largely driven by systemic disparities, such as unequal ac
cess to high-quality instruction and resources. Enabling equal access to 
resources like advanced curricula and better instructional quality across 
tracks could ensure that all students benefit, regardless of their school’s 
track.

From a policy perspective, our results suggest that relying on 
compositional effects alone, without addressing broader systemic dis
parities, may reinforce educational inequalities (Hanushek & Wößmann, 
2006; Parker et al., 2018). Policymakers should critically assess tracking 
policies and consider complementary measures, such as targeted 
resource allocation and support systems, to mitigate the disadvantages 
faced by lower-track students.

6. Conclusion: small peer spillover, robust negative BFLPE

Taken together, our results enrich the evidence on compositional 
effects and emphasize the important question: Are there benefits of 
being schooled amongst high achievers? According to the present re
sults, we can draw the following conclusion: For countries with tracked 
and socio-economically segregated education systems (here: Germany), 
using adequate statistical modelling and reducing endogeneity bias re
sults in a non-significant and very small peer spillover effect as well as a 
negative BFLPE. Our analysis distinguishes between compositional ef
fects, such as the peer spillover effect and BFLPE, and other benefits 
often offered in high-achievement settings, such as instructional quality, 
better curricula, and better school resources. This separation is critical 
for understanding the specific role of peer composition while acknowl
edging the other broader mechanisms that benefit students in higher- 
achieving tracks. The teaching variables included in this study, that is, 
teacher enthusiasm and classroom management, did not play a major 
role in either compositional effect. We conclude that regarding indi
vidual achievement as an outcome, class-average achievement does not 
appear to have a positive impact over and above the effects of pre- 
existing selection variables and teaching quality. Put simply, our find
ings suggest that the academic benefits often attributed to classrooms 
with high-achieving students are largely explained by students’ prior 
ability, SES, and gender, rather than the classroom context itself.

The BFLPE will lead to a decrease in self-concept for (mostly 
advantaged) students in high-achieving classes and an artificially high 
self-concept for (disadvantaged) students in low achieving classes 
(Parker et al., 2017). This effect might appear to balance out pre-existing 
inequity as the boosted self-concept of disadvantaged students should in 
turn be positively related to aspirations (Guo et al., 2015) and 
achievement (Dicke et al., 2018). However, research by Parker et al. 
(2017) shows strong evidence that the process is far more complicated 
and has other unintended consequences. Parker et al. (2017) argue that 
school tracking will concurrently enable signaling processes (Buchmann 
& Park, 2009), where attending and thereby being associated with a 
certain school (type) will lead to a preconceived idea of a student’s 
ability irrespective of what that might be. In case of a disadvantaged 
student, this may lead to being labeled as a low achiever and being 
withheld opportunities that would be available to more advantaged 
peers, based merely on the type of school the disadvantaged student 
attends (Parker et al., 2017; Buchmann & Park, 2009).

Moreover, research has demonstrated that several measures of 
educational inequity (including explicit and implicit school tracking) are 
negatively related to countries’ average achievement (Hanushek & 
Wößmann, 2006).

Using data from five cycles of Programme for International Student 
Assessment (PISA) assessments (PISA 2000 to PISA 2012) across 27 
OECD countries, Parker et al. (2018) demonstrated that countries with 
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greater ability stratification (more tracking) had lower average student 
achievement. Additionally, countries that increased ability stratification 
over time showed declining achievement levels, particularly for low- 
and average-achieving students. These findings highlight how country- 
level inequality that is driven by stratification can be harmful for stu
dent excellence based on achievement.

Matthewes (2021) further underscored the adverse impacts of early 
tracking systems, especially on equity and efficiency in the German 
context. His findings revealed that prolonged comprehensive schooling 
significantly benefits low-achieving students without harming high 
achievers. This supports the argument that the perceived advantages of 
high-achieving settings often stem from systemic disparities rather than 
compositional effects alone.

From a policy perspective, these findings suggest that the benefits of 
high-achieving settings often derive from systemic advantages, such as 
better resources and curricula, rather than compositional effects alone 
(Dustmann et al., 2017; Hattie, 2009). Policymakers should focus on 
expanding access to these benefits for students across all tracks. For 
example, ensuring that lower-achieving tracks have access to the same 
instructional quality and advanced curricula as higher tracks could 
reduce disparities while maintaining the positive aspects of tracking 
systems (Becker et al., 2022; Decristan et al., 2017). While our study 
does not evaluate tracking policies per se, our findings indicate that the 
academic benefits often attributed to classrooms with high-achieving 
students are largely explained by pre-existing differences rather than 
peer composition.

We conclude that the benefits of attending high-achieving classes or 
schools are questionable when compositional effects are isolated, and 
other factors like instructional quality, curricula, and school leaving 
certificates come into play. Attending such schools may also harm stu
dents’ self-beliefs.
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