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Abstract

School-average achievement is often reported to have positive effects on individual 

achievement (peer spillover effect). However, it is well established that school-average 

achievement has negative effects on academic self-concept (big-fish-little-pond effect; 

BFLPE) and that academic self-concept and achievement are positively correlated and 

mutually reinforcing (reciprocal effects model; REM). We resolve this theoretical paradox 

based on a large, longitudinal sample (N=14,985 US children) and improved methodology.

More appropriate multilevel modeling that controls for phantom effects (due to measurement 

error and pre-existing differences) make the BFLPE even more negative, but turn the peer 

spillover effect from positive to slightly below zero. Thus, attending a high-achieving school 

has negative effects on academic self-concept and a non-positive effect on achievement. The

results question previous studies and meta-analyses showing a positive peer spillover effect

that do not control for phantom effects, along with previous policy and school selection 

decisions based on this research.

Educational Impact And Implications Statement

Counter to a widely held belief that being in a high-achieving school has a positive effect on 

student’s achievement (peer-spillover effect), the present findings suggest that this effect is 

actually slightly negative. When using stronger, more appropriate statistical methodology, the 

apparent peer- spillover effect disappeared, suggesting that positive effects are a phantom. 

Furthermore, the negative effect of school-average achievement on academic self-concept 

(“big-fish-little-pond effect”) turned out to be even more negative when using more 

appropriate methodology. Thus, the findings indicate that attending a high-achieving school 
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has a negative effect on self-concept and no positive effect on achievement. These results call 

into question prior research that did not control for phantom effects, and challenge policy and 

practice decisions that promote selective schooling.

Keywords: phantom effects, academic self-concept, big-fish-little-pond effect, peer spillover 

effect, academic equality 
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Effects of School-Average Achievement on Individual Self-concept and Achievement:

Unmasking Phantom Effects Masquerading as True Compositional Effects

Think back to when you were a school student. When you performed well, your 

beliefs in your own abilities most likely were boosted; when you believed in yourself, you

probably performed better. But of course you’re not alone in school; you are surrounded by 

school- and classmates. So now consider the impact of your fellow students. Imagine being in 

a high-achieving school, how might this context affect the beliefs in your own abilities and 

your actual achievement? How do these effects change if you imagine being in a low-

achieving school?

According to research these questions are addressed by school composition effects

(Harker & Tymms , 2004; Marsh et al., 2009;Marsh et al., 2012; Willms, 19851). These are 

defined to be present whenever a given predictor variable at the aggregated level (e.g., school 

level) has an effect on an individual outcome variable, over and beyond the effect of the same 

predictor variable at the individual level (Harker & Tymms, 2004; Nash, 2003). Two of the 

most prominent school compositional effects in educational psychology are the Big fish little 

pond effect (BFLPE; Marsh, Seaton, et al., 2008) and the peer spillover effect (Willms, 1985). 

The BFLPE implies that aggregated achievement negatively predicts self-beliefs such 

as academic self-concept (ASC; e.g., Marsh, Seaton, et al., 2008) over and above the positive 

effect of individual achievement on the same variables at the individual level. Thus, according 

to the BFLPE a student with a given level of achievement will have a lower ASC in a high 

achieving (big pond) class than in a low achieving (little pond) class (see Figure 1a;.e.g., 

Marsh, Seaton, et al., 2008). 

The peer spillover effect (Cooley Fruehwirth, 2013) however, implies a positive effect 

of aggregated achievement on subsequent individual achievement, over and above the 

positive effect of prior individual achievement at the individual level (see Figure 1b; e.g., De 

Fraine, Van Damme, Van Landeghem, Opdenakker, & Onghena, 2003; Stäbler, Dumont, 
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Becker, & Baumert, 2016; Willms, 1985). Hence, according to this research the student’s 

achievement will be higher in a high achieving class than in a low achieving class. 

Taken together, these findings imply that attending a school or class with high 

achievers has a negative impact on a student’s ASC, but positively impacts a student’s 

individual achievement. When considering the proposed positive reciprocal relationship of 

ASC and academic achievement (REM) however (see Figure 1c), it becomes obvious that 

these are apparently paradoxical effects (see Figure 1d and Figure 1). 

A major clue for resolving this theoretical paradox might lie in the validity of the 

statistical models used to support these seemingly contradictory conclusions. While

increasingly sophisticated doubly-latent multilevel models have been at the forefront of

BFLPE research (Marsh, et al, 2009), the vast majority of studies in support of peer spillover 

effects are based on traditional (manifest) multilevel models with poor controls. This is 

important because, as we will show, stronger controls of measurement error and pre-existing 

differences (phantom effects) through, for example, the use of doubly-latent models, are likely 

to results in a more negative BFLPE, but a less positive peer spillover effect that might even 

go from positive to negative. Indeed, Harker and Tymms (2004) first coined the term 

"phantom effect" based on their findings that with appropriate statistical models, positive 

composition effects disappeared – now you see it, now you do not.

While there is strong empirical evidence and a large number of studies to support both

the BFLPE (see Marsh & Seaton, 2015 for an overview) and the REM (Marsh & Craven, 

2006), results regarding the peer spillover effect, although widely accepted, are inconsistent 

(Hattie, 2002; Hutchinson, 2007; Nash, 2003; Televantou et al., 2015). Moreover, 

methodological advances show that the presence of such positive compositional effects of 

achievement might be the result of unreliability at the individual level for which has not been

accounted. Consequently, this lack of consideration of unreliability causes bias on effects at 

the group level after aggregation (Hutchinson, 2007; Marsh, Seaton et al., 2008 Televantou et 
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al., 2015). Research in the area of predicting educational outcomes that does not utilize 

random assignment to conditions is additionally problematic as it is never possible to consider 

100% of the pre-existing differences (Goldring,1990; Harker & Tymms, 2004, Strand, 2010; 

Marks, 2015). Importantly, residual variance associated with pre-existing differences will 

almost always bias the results in favor of students in high-ability groups, even in longitudinal 

studies with reasonable pre-treatment variables (Craven & Marsh, 2000). Overall, such 

limitations need to be considered not only in research but moreover with regard to debates on 

educational policies (Goldring ,1990; Thrupp, Lauder, & Robinson, 2002; Pokropek, 2015).

These inaccuracies of analysis and model specification can be subsumed under the 

label phantom effect (Harker & Tymms, 2004; Televantou et al., 2015). For the present study, 

we have a detailed look at two different sources of phantom effects: a) measurement error at 

the individual level that leads to positively biased estimates of the compositional effects; and 

b) the lack of including sufficient control for pre-existing differences, which can also lead to 

the appearance of exaggerated cross-level effects that are falsely interpreted as compositional 

effects.

Hence, in the present study we test the REM, BFLPE, and the peer spillover effect in a 

longitudinal sample of students in the U.S. (grades 1, 3, and 5). First, we test the mere 

appearance of the REM and both compositional effects in a simple baseline model. Second, 

we test their persistence after including different approaches to minimize the likelihood of the 

Phantom Effect in our model. Thus, we a) correct for measurement error in our achievement 

measures; b) include prior achievement at kindergarten as an additional indicator for the 

baseline measure of achievement; and c) include several covariates that also contribute to 

school composition, such as gender, ethnic heritage, and socioeconomic status (SES), to

ensure a less positively biased compositional effect of average achievement. Revealing the 

peer spillover effect as a phantom would call into question all previous studies showing a 

positive peer spillover effect. Moreover, there would be serious implications for policies and 
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decisions based on this research that does not control for a phantom effect.

The important role of self-concept in the academic context – the reciprocal effects model

While it seems natural to look at subsequent achievement as an outcome in 

educational research, ASC, the perception of one’s own abilities (Marsh & Shavelson, 1985), 

has also emerged as a positive, important educational outcome within the past years (Marsh,

2007). Robust evidence exists for the first of the above mentioned processes. Indeed, there 

seem to be two complementary processes: the skill enhancement (i.e., ASC causes 

achievement) and skill development process (i.e., achievement causes ASC; proposed by 

Calsyn & Kenny, 1977) that jointly describe the relationship of ASC and achievement. 

Research has found support for both of these models, which indicates a reciprocal relationship 

of ASC and achievement (Reciprocal Effects Model; see Figure 1c; see e.g., Marsh & Craven,

2006 for an overview; Marsh & O'Mara, 2008). Furthermore two meta-analyses by Valentine,

DuBois, and Cooper (2004) and Huang (2011) showed strong empirical evidence for this 

reciprocal relationship to be valid cross-culturally, as it generalized across age groups, gender, 

school-type, ethnicity, domains, and countries (for an overview see also Seaton, Marsh, 

Parker, Craven, & Yeung., 2015).

Compositional effects on academic achievement and self-beliefs

Generally the literature on school effectiveness distinguishes three types of effects: the 

actual effects of school processes and practices, structural effects, and compositional effects 

(see Marks, 2010). School processes and practices reflect the “pure” effect of schooling (e.g., 

classroom instructions). Structural effects refer to aspects such as school resources or 

facilities, or school size. School composition effects refer to the composition of (mainly) 

students (or peers) the school is made of. Studies often focus on the composition of SES (for 

an overview see e.g. Marks, 2015), gender and race (e.g., Strand, 2010), or academic 

achievement (e.g., Hutchinson, 2007; Willms, 1985). Thus, the occurrence and validity of 

compositional effects has very important practical implications as they also have a direct 
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impact on educational policies. They determine where the major responsibility for student 

achievement lies, such as with the school having a direct influence (student achievement can 

be strongly influenced by instruction practices and school processes), or an indirect influence 

through the school determining its own compositional structure (Thrupp et al., 2002). Two of 

the most prominent school compositional effects in educational research are the big-fish-little-

pond effect (BFLPE; Marsh et al., 2008) and the peer spillover effect (Willms, 1985).

The Big-Fish-Little-Pond Effect. The BFLPE theorizes that students compare their 

own academic achievement with the achievements of their classmates (group level), and 

consequently this social comparison influences their ASC (e.g., Marsh, Seaton, et al., 2008; 

Nagengast & Marsh, 2012). With regard to the resulting interplay of group and individual 

level effects, the BFLPE thus hypothesizes that individual ability is positively related to ASC 

(i.e., the brighter I am the higher my ASC) but school-average achievement has a negative 

effect on ASC (see Figure 1b). Put simply, the brighter my classmates, the lower my ASC and 

vice versa. Extensive support for the BFLPE generalizes across student groups, subject 

domains, ASC instruments, and cultures (Marsh, Seaton et al., 2008). Thus, research 

conducted with three successive PISA data collections (Marsh & Hau, 2003: 103,558 students 

from 26 countries; Seaton, Marsh & Craven, 2010: 265,180 students from 41 countries; 

Nagengast & Marsh, 2012: 397,500 students from 57 countries) could show significant 

BFLPEs in 114 samples (overall it was present in 122 of 123 samples; see also Marsh et al. 

2016). 

Experimental studies have additionally provided strong evidence for the BFLPE (Zell 

& Alike, 2009, 2010). In five studies Zell and Alike (2009) showed the local dominance 

effect, which implies that provided with information of more or less local (peers within your 

immediate group, i.e., friends or classmates) or general/global (peers within a broader group, 

i.e., school mates) comparison information, individuals will use the most local level of 

comparison information provided to them. Thus, Zell and Alike (2009) provided participants 
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with feedback on a verbal reasoning test which had been completed by the participants earlier. 

The feedback was manipulated with regard to the feedback source (intragroup vs. intergroup 

comparisons) and the level of closeness of the feedback group (local vs. general). Results 

revealed that, when presented with the feedback, participants would use an intragroup and 

most local level available as a frame of reference, and clearly showed a big fish little pond 

effect. When intergroup and more general comparisons were presented in isolation, 

participants would also show a big fish little pond effect in those conditions.

Research on the longitudinal development of the BFLPE, however, is still scarce 

(Becker & Neumann, 2016). However, some studies could show that the BFLPE increases in 

primary school (Televantou, 2014), during high school (Marsh, Köller, & Baumert, 2001) and 

moreover this growing effect seems to be persistent up to four years after graduating high 

school (Marsh & O’Mara, 2010; Marsh, Trautwein, Lüdtke, Baumert, & Köller, 2007).

The Peer spillover Effect: A Phantom Effect? Over the past few decades some 

researchers have repeatedly claimed to have found a positive effect of school level 

achievement on subsequent individual achievement (see Figure 1b; e.g., De Fraine et al.,

2003; Stäbler, Dumont, Becker, & Baumert, 2016; Willms, 1985). Hence, according to this 

research a student’s achievement will be higher in a high achieving class than in a low 

achieving class. Taken together, these findings seem to imply that attending a school with 

high achievers reduces a student’s ASC, but improves a student’s individual achievement. 

However, as shown above, extensive research with the reciprocal effects model (Marsh & 

Craven, 2006) also shows that ASC and achievement are positively correlated and 

reciprocally related over time, resulting in a theoretical paradox (see Figure 1d and Figure 1). 

This theoretical paradox might be resolved by testing the validity of statistical models 

used to support these seemingly contradictory conclusions. While there seems to be extensive 

research in favor of the BFLPE, results regarding the effects of group level achievement on 

individual achievement are still inconsistent (Nash, 2003). Specifically, other researchers have 
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only found very weak if any evidence for such a positive effect (e.g., Marks, 2010), or even a 

negative effect of group achievement on individual achievement (for an overview see Nash, 

2003; Strand, 2010, Televantou et al., 2015). For example, Marsh (1991) evaluated the effect 

of school-average ability on the major outcomes of education. He used the large, nationally 

representative, and longitudinal High School and Beyond United States database, consisting 

of responses by the same high school students during grade 10 (T1), grade 12 (seniors; T2), 

and two years after the normal graduation from high school (T3). Among the components of 

the path analysis were: (a) individual-student and school-average measures of academic 

ability (a standardized test battery) and SES; (b) ASC, school grades, and educational 

aspirations measured at T1 and T2; and (c) university attendance, educational aspirations, and 

occupational aspirations at T3. The effects of school-average ability were negative for almost 

all of the grade 10, grade 12 and post-secondary outcomes; 16 of 18 effects were significantly 

negative and 2 were not statistically significant. Even though it might be argued that most of 

the important outcome variables in educational research were included in the database, the 

effect of school-average ability was not positive for a single outcome, most importantly for 

the present study being small but significantly negative for achievement and grades. For many 

grade 12 and post-secondary outcomes, there were: statistically significant negative effects of 

school-average ability even after controlling the substantial negative effects in grade 10 

outcomes; and new, additional negative effects of school-average ability during the last two 

years of secondary school beyond the already substantial negative effects found early in 

secondary school. Many of the negative outcomes of school-average ability on many 

outcomes could be explained at least in part in terms of the negative effect of school-average-

achievement on ASC—the BFLPE.

Additionally, several researchers have expressed their doubt with regard to the validity 

of the significant positive effect of school composition (e.g. Harker & Tymms, 2004; 

Hutchinson, 2007; Marks, 2015; Televantou et al., 2015; Thrupp et al., 2002). They not only 
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claim that untangling the effects of compositional effects (peers), teacher effects (e.g.,

instructional effectiveness), and school processes proves to be very complex (Marsh,

Nagengast, Fletcher, & Televantou, 2011), but attribute the positive school composition effect 

to be a statistical artefact (Marks, 2015) or a so called phantom effect (Harker & Tymms, 

2004; Televantou et al 2015; Nash, 2003). 

Illustrating this sort of problem, in one of the strongest early meta-analyses of this 

literature, Goldring (1990) found that gifted students in special (homogeneous) classes were 

reported to have better academic achievement than their gifted counterparts in regular 

(heterogeneous) classes, but there were no systematic effects for self-concept. Goldring, 

however, emphasized that the magnitude of the effects in this area were questionable, as only 

one of the 24 studies used true assignment, while the other studies used weak matching 

procedures for distinguishing students in special and regular classes. Thus, Goldring found 

that the effects varied depending on different matching procedures, which has important 

implications for interpreting previous research. Thereby, she found the largest effects for 

achievement outcomes in studies where all non-equivalent group differences were assumed to 

be controlled by only one pretest variable, such as IQ, Race, or school achievement. When 

studies reported to control for more pretest variables the positive effect of being in a special 

class was largely reduced. Furthermore, in the only study that used true random assignment, 

the advantage of special classes disappeared altogether.

Moreover, Marsh (1991) showed that even under a variety of different matching 

strategies, matching designs are biased in favor of high achieving (gifted) classes due to 

differential regression to the mean. This means that when students from different ability 

groups (homogenous and high vs. heterogeneous or mixed; which are assumed to reflect true 

values) are matched on their Time 1 outcome measures and then compared with regard to 

their gains at Time 2, differential regression to the mean will lead to higher gain scores in the 

homogenous group, despite there being no differences in the true gain scores. This is because 



PHANTOM EFFECT 13

the matched students from the heterogeneous group will show stronger regression to the 

mean, as the true mean of this group is lower on average than that of the high ability group, 

but they were matched to have the same level of outcome measure at Time 1. 

In his seminal meta-analysis (including, correlational, experimental, and qualitative 

studies) on school compositional effects predicting achievement, Hattie (2002) concludes that 

ability tracking (i.e., grouping according to ability), although a widespread practice, has a 

close to zero effect. Hattie (2002) identifies instructional practices and teacher effects as 

overpowering any effects of school or class composition on achievement. He argued that any 

apparently small positive compositional effects are likely to be the result of uncontrolled 

variables (including differences in resources and curriculum, as well uncontrolled pre-

treatment effects). He did, however, emphasize that the BFLPE was particularly robust. 

According to Hattie, a good teacher can achieve the same learning gains in a high or low 

ability classroom. Here the issue is on whether inequity (highly stratified school systems with 

large school-to-school variation in levels of achievement) results in excellence (higher levels 

of achievement) overall. Although the focus is not directly on composition effects per se, 

highly stratified school systems necessarily have many schools with high and low school-

average achievement. Hence, the question becomes whether the existence of many schools 

with high school-average achievement results in higher test scores overall. However, research 

based on large cross-national data is increasingly showing that more segregated school 

systems result in lower – not higher—levels of achievement (Hanushek & Woesmann, 2005; 

Micklewright & Schnepf, 2007, OECD, 2013; Parker, et al., 2016; Willms, 2010). Rejecting 

the hypothesis of an efficiency/equity trade-off in academic performance, they found negative 

relations between performance and inequality that are robust and of statistical and practical 

significance. Although based on changes at the country level in large, cross-national studies, 

this research suggests that the policies that create schools with high and low levels of school-

average achievement has negative effects on achievement overall. 
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The focus of our study is resolving the theoretical paradox through testing for a

phantom effect that results in positively biased estimates of peer spillover, leading to the 

conclusion that attending a school with high-average achievement results in higher levels of 

achievement at the individual student level. Following from Harker & Tymms (2004), we 

consider the failure to control for measurement error and pre-existing differences as biases in 

the estimation of composition effects—the effects of school-average ability on ASC and 

achievement at the level of the individual student.

Measurement and sampling error. Measurement error with regard to compositional 

effects plays an interesting role. The unreliability of the individual level variable is naturally 

reduced in the aggregated version of the variable on the group level (as the aggregated 

variable reflects a group average). When both the individual and aggregated version of the 

variable, which are of course positively correlated, then predict a third variable, the prediction 

through the individual variable is negatively biased (opposite direction of the actual individual 

level estimate). The more reliable group level variable prediction, however, may be positively 

biased (in the direction of the actual within level estimate; e.g., Hauser, 1970; Televantou et 

al., 2015). This can be viewed as ‘mopping up variance at the second level’ (Harker &

Tymms, 2004). Thereby, the biases of the group level effects are in the direction of the 

(positive) individual level effects. 

It is assumed that a measure or scale only includes an unreliable subsample of items 

(analogous to people in the sampling error) that reflect the latent construct of interest, instead 

of the most likely infinite number of items that would be necessary to construe a perfectly 

reliable scale for assessing the construct (Televantou et al., 2015). Harker and Tymms (2004) 

found that the positive compositional effect of SES on achievement could be increased by 

deliberately adding unreliability to the SES measure on the individual level. Measurement 

error can be controlled, however, by utilizing structural equation modelling, which models 

multiple indicators of each (latent) factor (for an overview see Marsh et al., 2009; Pokropek, 
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2014). Indeed, research shows that so called doubly latent models (see Marsh et al., 2009), 

which correct for both measurement and sampling error, can reduce bias substantially 

(Pokropek, 2014; Televantou et al., 2015). Thus, Televantou and colleagues (2015) in a 

simulation showed that utilizing doubly latent models controlled appropriately for added 

measurement error. Moreover, in two studies based on different samples Televantou et al. 

(2015) demonstrated that their initially found positive peer spillover effect turned insignificant 

in one study and even significantly negative in the other after controlling for measurement 

error. Hence, in a study that does not control for measurement error there will be positive bias 

in the compositional effects on achievement and ASC, making the peer spillover effect more 

strongly positive than it should be and making the BFLPE seem to be less negative than it 

should be.

Additionally, measurement error in a multi-level model can arise from both sampling 

error and measurement error (Hutchinson, 2007, Televantou et al., 2015). Sampling error can 

affect group level effects by forming aggregates based on a (possibly unreliable) subsample of 

all individuals who are actually included in the group level units (Lüdtke et al., 2008; Marsh 

et al., 2009; Pokropek, 2014). However, Lüdkte et al., (2008) have introduced a multilevel 

latent approach, referred to as latent aggregation that takes into account sampling error when 

estimating group, and thus, compositional effects (see also Marsh et al, 2009). Put simply, 

latent aggregation can correct for sampling error (Televantou et al., 2015).

Correcting for Selection Effects by Controlling for Pre-existing Differences. A

phantom effect can appear when researchers fail to include sufficient covariates in their 

models. From a methodological perspective, the effect of the group level predictor variable 

can be exaggerated due to pre-existing differences where variance in the outcome could be 

explained by selection effects (Hanushek, Kain, Markman, & Rivkin , 2003; Harker & 

Tymms, 2004; Hauser, 1970; Marks, 2015; Nash, 2003). This has been referred to as 

ecological or contextual fallacy (Hauser, 1970; Robinson, 2009; Slevin, 1958). Thus, Hauser 
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(1970) proposed that it is problematic to interpret residual differences between groups as 

social processes, as they are actually explained through the relationship of the residuals with 

relevant individual student-level predictors. Including these predictors will therefore reduce 

residual differences and possibly make them disappear altogether (leading to the term 

phantom effect – now you see it, now you do not). From a substantial perspective, this means 

that by omitting important variables, selection effects are neglected. In case of the peer 

spillover effect, the positive effect of school-level achievement on individual achievement 

could, for example, be explained through all students at a school coming from a high SES 

background which is usually associated with higher achievement levels (Jerrim, Parker, 

Chmielewski, & Anders, 2016). 

Thus, in the case of investigating aggregated achievement it seems particularly 

important to include controls that are closely related with high achievement, such as strong 

measures of pre-treatment achievement collected prior to the introduction of the implicit 

intervention of attending a high-ability school, SES (or other available resources), gender, and 

ethnical heritage (Harker & Tymms, 2004; Marks, 2015; Strand, 2010; Jerrim et al.,2016). 

Harker and Tymms (2004) found that after including prior achievement and ethnicity 

on the individual level (and cleaning the data of two outlier schools) the positive composite 

effect of SES on achievement disappeared. Further, Nash (2003) found that the positive 

compositional effect of SES in his data can be caused by omitted non-cognitive dispositions 

and variable family resources within social classes. Marks (2015) showed that the positive 

school composition effect of SES decreased after including prior ability on the individual 

level and school level, and even noted a small but statistically significant negative effect of 

school average ability (negative peer spillover effect) on later individual student ability when 

including prior achievement and SES in the model. 

Overall these potential pitfalls of finding a phantom effect rather than a real 

compositional effect could apply for the BFLPE and the peer spillover effect alike. It is 
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important, however, to keep in mind that the nature of the phantom effect would work against 

the BFLPE in all cases (measurement error and lack of control for individual differences), as 

it biases estimates for group-level effects in the direction of the individual level effect (which 

is the opposite direction in case of the negative BFLPE). Put simply, a phantom effect would 

overestimate any positive peer spillover but underestimate a negative BFLPE. This highlights 

the apparent robustness of the BFLPE against such phantom effects, as there is strong 

evidence in its favor based on a wide range of research including studies that do not control 

for measurement or sampling error and additionally to not control for pre-existing differences.

In contrast, the phantom effect is critical in the evaluation of peer spillover effects because 

control for the phantom effect will reduce the size of positive spillover effects, make them 

disappear altogether, or even shift the direction of the effect from positive to negative.

Attempts at Tackling the Theoretical paradox

So far our review of the literature points to strong evidence for the REM, strong 

evidence for a very robust BFLPE and apparently questionable evidence for the peer spillover 

effect. For investigating the apparent theoretical paradox of these models (see Figure 1), 

however, it is necessary to test all of the assumed relationships in an integrated model and 

applying a thorough methodology and design for avoiding any phantom effects. Indeed, as 

described earlier, the classic Marsh (1991) study found negative effects of school-average 

achievement on both ASC and academic achievement (based on both school grades and 

standardized achievement tests), and showed that the negative effect of school level ability on 

later GPA and individual test scores was mediated by ASC. Nevertheless, this early research 

predated subsequent methodological developments in appropriate handling of missing data 

and doubly-latent multilevel statistical models used in subsequent research.

More recently, researchers have addressed these issues, at least in part. Marsh and 

O’Mara (2010) controlled for measurement error and included a measure of SES in an 8-year 

longitudinal study. They found school-average achievement to negatively predict ASC and 
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GPA. Their study, however, did not incorporate multilevel modeling. Stäbler et al. (2016; also 

see Marsh et al., 2001) used multi-level modeling and found positive peer spillover, but this 

was based on manifest variables that did not control for measurement error. However, in an 

unpublished dissertation, Televantou (2014), controlled for measurement and sampling error 

in a study based on a sample of English students that included both the peer spillover effect 

(see also Televantou et al., 2015) and the BFLPE. In separate models for both compositional 

effects she found evidence that correcting for measurement error led to a more negative 

BFLPE and an insignificant or even negative peer spillover effect. When integrating both 

compositional effects in one model she found that the negative peer spillover could be 

explained in part by the BFLPE (Televantou, 2014). 

The Present Study

The present investigation integrates into a single study tests of the REM, the BFLPE, 

and the peer spillover effect based on more sophisticated models to control for the phantom 

effect than have been used previously. 

More specifically, we aim to test the validity of the REM and the two prominent 

school compositional effects based on school-level achievement, thereby attempting to 

resolve the theoretical paradox. Utilizing doubly latent multi-level modelling to correct for 

measurement and sampling error will correct for some unreliability and thus reduce the 

positive bias in compositional effects (e.g., Lüdtke, et al., 2008; Televantou et al., 2015). The 

present study will advance these findings by correcting for measurement error and including

measures of prior mathematics achievement and important controls. We will then juxtapose 

these correctional measures by testing their effect on the BFLPE and the peer spillover effect. 

Further, research has found a change of direction from positive to not significant or 

even significantly negative in the peer spillover effect, after correcting for measurement error 

(Televantou et al., 2015) and including omitted controls (Marks, 2015). This seems 

particularly important as it contradicts not only various research findings, but also policy and 
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parent decisions based on the assumption of a positive school composition effect on 

achievement. Televantou et al., (2015; also see Marsh, 1991) have provided some evidence 

that the peer spillover effect can in fact partly be explained by the BFLPE. Thus, it is assumed 

that ASC mediates the relationship of school average achievement on individual achievement. 

For clarity of presentation of our results however, the present study focusses on direct and 

total effects (the sum of all direct and indirect effects). For detailed results of the different 

indirect effects please see the Supplemental Material available online.

In detail we hypothesize the following:

Hypothesis 1(H1) – Baseline model:

In a baseline model including both school composition effects we predict:

(a) reciprocal effects on the individual level including positive cross-sectional 

as well as longitudinal cross-lagged relationships between ASC and 

academic achievement.

(b) negative compositional effects (direct, indirect via T2 ASC and 

achievement, and total) of school achievement on later individual ASC 

(BFLPE) and positive compositional effects (direct and total) of school 

achievement on later individual achievement (peer spillover effect) when 

the phantom effect is NOT controlled. 

Hypothesis 2 (H2) – Controlling for the phantom effect:

In models correcting for unreliability and including strong controls for pre-existing 

differences we predict (for all direct and total effects): 

(a) Correction of measurement error in student-level achievement will lead to a 

less positive (or even negative) peer spillover effects and more negative 

BFLPEs. The effects due to this correction will be small because the 

measure of achievement is highly reliable (see Method section).

(b) A decline or even negative effect of peer spillover effects and more 
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negative BFLPEs due to the inclusion of a measure of prior achievement as 

an additional indicator of the latent achievement variable.

(c) A decline or even negative effect of the peer spillover effects and more 

negative BFLPEs, after additionally including several achievement related 

controls (e.g., SES, gender, number of books at home). 

(d) An even stronger decline or negative effect of the peer spillover effects and 

more negative BFLPEs when combining (a)+(b)+(c). This decline of the 

peer spillover effects and more negative BFLPEs should be larger when all 

the controls are used in a single model than models considering each of 

them separately.

Method

Participants

Participants were 21,260 students (a nationally representative sample of US

kindergartners) who participated in the Early Childhood Longitudinal Study Kindergarten 

Class of 1998-99 (ECLS-K; Tourangeau, Nord, Lê, Sorongon, and Najarian, 2009; for details 

see Supplemental Material available online). We consider longitudinal data from spring-

kindergarten (TK), spring-first grade (T1), spring-third grade (T2), and spring-fifth grade 

(T3). Consistent with previous research (Marsh & Hau, 2003; Seaton, Marsh, & Craven,

2010) we included only schools with at least 10 students to ensure a reliable estimate of 

school-average achievement. The resulting final sample consisted of 14,985 students from 

853 schools. The average sample size per school was 15 students; 57% of the students were 

white (non-Hispanic), 14% were black, 17% were Hispanic, 6% were Asian, and 6% were 

from other ethnic backgrounds. Further, 51% of the sample was female. Average age was

7.24 years (SD = 0.35) at spring-first grade assessment (T1). Based on a categorical variable 

of SES (including five categories) 18 % of students were in the first, 19% in the second, 20% 
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in the third, 21 % in the fourth, and 22% in the fifth quintile.

Measures

Table S1 in the Supplemental Material available online presents the latent correlations 

of all factors based on a CFA.

Mathematics achievement. Mathematics achievement was assessed through a 

standardized test on every measurement occasion (for details see Supplemental Material

available online). The internal consistencies of these scales are reported to be very high with 

.93 at TK (this is the early Kindergarten achievement measure), .94 at T1, .95 at T2, and .95 at 

T3, i.e., there is very little measurement error to control for. Intraclass correlation coefficients 

(ICC-1s) revealed a substantive amount of school-to-school variations in achievement; .21 at 

T1, .22 at T2, and .22 at T3. 

Self-concept. Academic self-concept in mathematics (ASC) was assessed with three 

items of the Self-Description Questionnaire-I (SDQ-I; Marsh, 1990) assessing perceived 

competence in math at T2 and T3; self-concept was not measured at T1. All items (e.g., “I am 

good at math”) of this scale were measured with a 4-point Likert scale (1= “not at all true” to 

4 = “very true”). The internal consistencies of this scale were high with .81 at T2, and .86 at 

T3. In contrast to the achievement scores, ICCs for ASCs were small; overall ranging from 

.02 to .04.

Covariates. As covariates we included gender, age, ethnic heritage (dummy coded 

with white non-Hispanic as reference category, then Black, Hispanic, Asian/ Pacific Islander,

and other as remaining categories), and several variables reported by the parents: how many 

books the student had at home (at T1), how often the student reads outside of school (at T1),

and SES (see Supplemental Material available online for further discussion).

Statistical analysis

Generally, given the known sensitivity of the chi-square test to sample size, to minor

deviations from multivariate normality, and to minor misspecifications, applied SEM research



PHANTOM EFFECT 22

focuses on indices that are relatively sample-size independent (Hu & Bentler, 1999; Marsh,

Hau, & Wen, 2004), such as the Root Mean Square Error of Approximation (RMSEA), the

Tucker-Lewis Index (TLI), and the Comparative Fit Index (CFI). Population values of TLI and

CFI vary along a 0-to-1 continuum, in which values greater than .90 and .95 typically reflect

acceptable and excellent fits to the data, respectively. Values smaller than .08 and .06 for the

RMSEA support acceptable and good model fits, respectively. As is typical in large 

longitudinal field studies, a substantial portion of the sample had missing data for at least one 

of the measurement waves, due primarily to absence or students changing schools. The 

majority of students completed all three waves of data (64.6%), while 19.8% and 15.5% of 

students only completed two or one wave of data, respectively. Missing data was handled 

using the full information maximum likelihood (FIML) approach (Enders, 2010).

All models were analyzed as random intercept multi-level models including two 

levels: Level 1(L1) = individual student, Level 2 (L2) = school. This modeling approach takes 

into account the nested (non-independent) structure of the data (students nested within 

schools), thus rendering standard errors that are corrected for this nesting. 

The simplest equation for such random intercept models is generally depicted as:

(1)

Where is the outcome for student i in school j, is the grand-mean intercept, 

is the within-group regression coefficient describing the relationship between and 

within each group, is the between-group regression coefficient describing the relationship 

of school means. The parameters and represent the standard normally distributed 

uncorrelated residuals at the school and student level, respectively.

In our models for correcting for sampling error, which can result when only a limited 

number of students (in case of the present study approx.. 25 per school) are sampled from 

each school, we applied latent aggregation in all our models (see Lüdtke et al., 2008; Marsh et 
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al., 2009). Moreover, in all our models we estimated latent variables, thereby correcting for 

measurement error in our ASC measure (see Supplemental Material for details). In some 

subsequent models we additionally corrected for measurement error in our achievement 

measure (see below). Models that simultaneously control for measurement and sampling error 

can be referred to as doubly latent based on Marsh et al.’s (2009) 2 x 2 taxonomy of multi-

level models. Thus, these models consist of several manifest indicators (l = 1, . . . , L; or k = 

1, . . . , K) per latent factor rather than a composite scale score (usually an average of all 

items), correcting for measurement error. Additionally the L2 variables are not simple 

aggregates of the L1 variables, but latent variables corrected for sampling error. The equation 

for such models can be depicted as follows (see Marsh et al., 2009 for details):

For the indicators of the outcome variable (measurement model):

(2)

For the indicators of the predictor variable (measurement model):

(3)

In these equations (where y can be replaced for x depending on outcome or predictor 

variable) are the within factor loadings, reflects the according true score on L1, and 

is the residual at L1. Similarly reflects the between factor loadings, . The L2 true 

score and the L2 residual. The structural model is then similar to the initial simple 

random intercept model (see Equation[ 1]):

(4)

In the present study we used Mplus 7.4 (Muthén & Muthén, 1998–2010) and its model 

constraint option to calculate all compositional effects and their standard errors. For 

estimating effect sizes we used the most conservative effect size measure recommended by 

Parker, Marsh, Lüdtke, & Trautwein (2013) based on the total L1 variance. We investigated 

Lag 1 compositional effects (T1-T2) as well as Lag 2 compositional effects (T1-T3). We used
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the same approach as Marsh et al. (2016) where in our case, Lag 2 compositional effects are 

the effects of school composition after controlling for Lag 1 compositional effects as well as 

the effects of L1 variables from the earlier waves. Thus, significant compositional effects at 

Lag 2, of the same direction as the Lag 1 effect, would indicate “sleeper effects” (new effects, 

in addition to the effects already observed, these could be either positive or negative; see also 

Marsh et al., 2016). Nonsignificant compositional effects at Lag 2 would indicate that Lag 1 

compositional effects were maintained, and significant compositional effects at Lag 2 of the 

opposite direction of the Lag 1 effect would indicate that Lag 1 compositional effects were 

not fully maintained. 

For investigating possible bias due to the phantom effect we present an a priori series 

of sequential models (For the Mplus Syntax of our models please see Supplemental Material 

available online):

1. We modeled our baseline model which included mathematics achievement at 

T1, T2, and T3 as well as MSC at T2 and T3. L2 achievement at T1 predicted 

L1 self-concept (BFLPE) and L1 achievement (Peer spillover effect). In 

addition this model included reciprocal effects at L1 (see Figure 2).

2. In Model 2 we added controls for unreliability and pre-existing differences to 

Model 1 by: (a) correcting for measurement error in the achievement variables 

by modeling a latent achievement variable with one indicator and a factor 

loading constrained to one (see Supplemental Material available online, Model 

2a); (b) including earlier achievement in Kindergarten (TK) as a second 

manifest indicator for the latent baseline achievement variable2 (Model 2b);

and (c) including all of our covariates as predictors on L1 in order to control 

for pre-existing differences (Model 2c). 

3. We then set up a combination Model 3 where we integrated the models 2a-2c.

In Model 3 we simultaneously corrected for measurement error, included 
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kindergarten achievement as an additional indicator for prior achievement, and 

included the other achievement related controls (Model 2a+b+c).

Results

Baseline Model (H1)

In our baseline model we modeled all four school compositional effects 

simultaneously (see Figure 2). Thus, we included mathematics achievement at T1, T2, and T3 

as well as ASC in Mathematics at T2 and T3. The model fitted the data well (CFI > .99, TLI = 

.99, RMSEA = .02; for an overview of model fit for all models see Table 1,  for the Mplus

Syntax of all models please see Supplemental Material available online).

Reciprocal effects (H1a). For accurately representing the reciprocal relationship of 

academic achievement and self-concept, we included reciprocal effects in our baseline model. 

Both the paths from mathematics achievement to ASC and the path from ASC to math 

achievement were confirmed. Thus, math achievement at T2 and T3 was positively related to 

ASC at both T2 (B =.10, p<.001) and T3 (B = .06, p<.001), respectively. Additionally, 

achievement at T1 positively predicted achievement at T2 (B = .75, p<.001) and T3 (B =.15, p

< .001) as well as ASC at T2 (B = .25, p<.001) and T3 (B = .06, p<.01). The stability (test-

retest T2-T3) paths of achievement and self-concept were also both positive with B=.74, p <

.001 and B = .40, p < .001, respectively. Most importantly, however, are the cross effects: 

Achievement at T2 positively predicted ASC at T3 (B = .29, p < .001) while ASC at T2 

significantly and positively predicted achievement at T3 (B = .02, p < .01). These results in 

support of the reciprocal effects model remained stable across all models.

Compositional effects (H1b). The model included four longitudinal direct 

compositional effects (from T1 to T2 and from T1 to T3): Two relating school-average 

achievement to ASC (BFLPEs) and two relating school-average achievement to individual 

student achievement (peer spillover effect). The Lag 1 BFLPE (T1-T2) was significantly
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negative, while the direct Lag 2 BFLPE was also negative but not significant. Overall this 

pattern indicates that the BFLPE was maintained over time.

The Lag 1 peer spillover effect was significantly positive. The direct Lag 2 peer 

spillover effect was significantly negative. The total Lag 2 effect was negative. As this Lag 2 

effect was controlled for the Lag 1 peer spillover effect, this effect of opposite sign than the 

Lag 1 effect indicated that the Lag 1 effect on achievement was not maintained (see Table 2).

Models Correcting for Phantom Effects (H2)

In a next step we tested the three models correcting for unreliability in the 

achievement measures and including pre-existing differences as controls.

Correcting for measurement error (H2a). In the first of these models (Model 2a) we 

corrected all achievement scores for measurement error (see Supplemental Material available 

online), while the setup of the model was identical to the baseline model (Model 1). Because 

only one indicator with a fixed loading was used for each achievement measure, this addition 

necessarily had no effect on model fit. The pattern of direct, indirect, and total effects was 

also very similar to that of the baseline model. Regarding the compositional effects, the Lag 1 

BFLPE (T1-T2) was significantly negative. The Lag 2 direct BFLPE remained non-

significant. The Lag 1 peer spillover effect was significantly positive. The direct Lag 2 peer 

spillover effect was negative, but not significant, while there was a positive total effect, 

indicating that the Lag 1 effect on achievement was maintained (see Table 2). 

Adding Kindergarten achievement as an indicator (H2b). In the second of these 

models (Model 2b) we added prior achievement at TK (Kindergarten) as an additional 

manifest indicator for a latent achievement variable at T1, while the rest of the model was 

again identical to the baseline model (Model 1). This addition slightly improved model fit CFI 

> .99, TLI = .99, RMSEA = .02). In this model the Lag 1 BFLPE (T1-T2) was again

significantly negative and increasingly so while the direct Lag 2 BFLPE remained non-

significant. However, the Lag 2 BFLPE was also slightly more negative than in Model 2a. 
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Further, results showed a negative and significant total effect, indicating an additional 

negative effect of aggregated achievement over and beyond the Lag 1 BFLPE (see Table 2).

The Lag 1 peer spillover effect was no longer significant and close to zero (see Table 

2). The direct Lag 2 peer spillover effect remained negative and was significant as did the

total effect. This indicated that there was no significant effect of school-average achievement 

on individual achievement at Lag 1, but a significantly negative effect total effect at Lag 2 

(i.e, a negative sleeper effect).

Including controls (H2c). In a third model (H2c) we again used the identical set up as 

the baseline model, but predicted all L1 variables by a set of controls for pre-existing 

differences (i.e., gender, age, how often the student reads outside of school, how many books 

the student has at home, race, and SES; Model 3)3. The fit of this model was good CFI = .99, 

TLI = .98, RMSEA = .02. Including these controls lead to an even more negative and 

significant Lag 1 BFLPE (T1-T2) and direct Lag 2 BFLPE. Thus, the total effect was also

significant and even more negative than before, indicating an ongoing negative effect (see 

Table 2).

The Lag 1 peer spillover effect was now also negative, although not significant. The 

direct Lag 2 peer spillover effect remained negative and significant as did the total effect,

indicating a negative sleeper effect in addition to the non-significant negative Lag 1 effect on 

achievement (see Table 2).

SES showed significant positive effects on achievement. The other controls for pre-

existing differences included in this model (gender, ethnic heritage, books at home, and 

reading outside of school) revealed relatively small, mostly non-significant effects (see 

Supplemental Materials available online and Table 3).

Combination Model (H3)

In the last model we combined all three measures to correct for the phantom effect.

Model 3 showed good fit (Table 1). Both the Lag 1 BFLPE and the Lag 1 spillover effect 
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were negative and significant. Both direct Lag 2 compositional effects were negative but 

insignificant. All total effects were, however, significant and again more negative than in any 

prior model (see Table 2). Hence, both Lag 1 compositional effects were now significantly 

negative. Again the BFLPE Lag 2 showed an additional, even stronger total negative effect 

over and beyond the Lag 1 effects. The Lag 2 peer spillover effects remained negative, but not 

significant indicating maintenance of the Lag 1 effect.

Overall our results showed consistently negative and significant BFLPEs for Lag 1

and mostly negative and significant Lag 2 BFLPEs total effects. Correcting for phantom 

effects led to more negative BFLPE effects. The Lag 1 peer spillover effect decreased and 

even became negative depending on the various controls for the phantom effect. The Lag 2

total compositional effect on achievement remained negative for all models except one. Put 

simply, consistent with a priori predictions, control for the phantom effect (correcting for 

measurement error and controlling for pre-existing differences) led to increasingly negative 

total BFLPEs and less positive total spillover effects that became negative when all controls 

were included. These results not only resolve the theoretical paradox, but have important 

implications for the organization of schooling.

Discussion

The major aim of the present study was to investigate an apparent theoretical paradox 

in the juxtaposition of the REM, the BFLPE and the peer spillover effect—particularly the 

seemingly inconsistent effects of school-average achievement on ASC and achievement at the 

individual student level. Based on our literature review the key to explaining this paradox lies 

in unmasking phantom effects masquerading as positive peer spillover effects and leading to 

understating the size of the negative BFLPE. 

We began by replicating support for the REM, the first link in our theoretical paradox. 

Consistent with Hypothesis 1a (H1a) and previous REM research (Marsh & Craven, 2006; 

Seaton, Marsh, et al., 2015; Valentine et al., 2004), we found that at the individual student 
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level ASC and achievement are reciprocally related and mutually reinforcing such that 

positive changes in one leads to positive changes in the other. This would seem to suggest that 

conditions leading to changes in either achievement or ASC would have similar effects on the 

other. Herein lies the seeds of our theoretical paradox. Indeed, based on traditional approaches 

to compositional effects, we found apparent support for the theoretical paradox—the 

inconsistent effects of school-average achievement on ASC and achievement. In support of 

our a priori predictions (H1b) when the phantom effect was not controlled, we found school-

average achievement had short-term positive effects on individual student achievement but 

negative effects on ASC even though achievement and ASC were reciprocally and positively 

related. Total long-term effects of both however, were negative throughout all models except 

one.

In the next link in resolving the paradox and again consistent with a priori hypotheses, 

correcting for measurement error led to slightly more negative BFLPE effects, and slightly 

less positive peer spillover effects (H2a; also see Harker & Tymms, 2004; Pokropek, 2014; 

Televantou et al., 2015). Nevertheless, these effects of controlling for measurement error were 

small because the achievement test scores already had high reliability (Tourangeau et al., 

2009).

The final links to understanding the paradox consisted of the addition of prior 

achievement (H2b) and covariates (H2c).When we controlled for these sources of the 

phantom effect the BFLPE became even more negative while the short-term (direct) peer 

spillover effect went from positive to nearly zero, in line with Televantou et al.’s (2015) 

findings (H2c; see also: Harker & Tymms, 2004; Hauser, 1970; Marks, 2015; Nash, 2003).

Not surprisingly, the combination of controlling for all sources of the phantom effect 

in the same model led to an even stronger decrease of the peer spillover effect, and also to an 

even more negative BFLPE (H2d). This shows the importance of both aspects - unreliability 

and the omission of covariates – responsible for phantom effects (Harker & Tymms, 2004). 
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Although control for pre-existing differences was more important than control for 

measurement error in our study, this is largely due to the highly reliable measures (and 

additionally correcting for sampling error in all models) of achievement in our study. Indeed, 

control for measurement error is likely to have substantially larger effects in studies where the 

achievement test scores are not already highly reliable (Televantou et al., 2015; also see 

Stäbler et al., 2016). Likewise the effect of controlling pre-existing differences will depend in 

part of the magnitude of these differences and the collection of variables to represent them. 

Ultimately, without random assignment, the positive bias of pre-existing differences in favor 

of students attending schools with high school-average achievements can never be completely 

eliminated. For this reason, we suspect that even the close to zero effects of school-average 

achievement on individual student achievement in the present study are positively biased, and 

would become more negative if we had a better set of covariates to control more of the pre-

existing differences that favor students from schools with high school-average achievement. 

This highlights the importance of well-designed and thoroughly conducted research that 

simultaneously controls for measurement error as well as controlling the inevitable pre-

existing differences in favor of students in high-achieving schools (Goldring, 1990). 

Resolving the theoretical paradox

Taken together, the peer spillover effect seems to be explained through measurement 

error, and relevant individual student-level predictors, rather than by a true compositional 

effect of achievement (Hauser, 1970). The BFLPE, however, becomes even more negative 

after controlling for measurement error, prior achievement, and the covariates. Thus, the 

BFLPE remains a robust compositional effect, while we found strong evidence against the 

validity of a positive peer spillover effect. 

Moreover, our findings resolve the theoretical paradox juxtaposing the REM (positive 

reciprocal effects of individual achievement and ASC over time), the negative BFLPE (the 

negative effects of group level achievement on individual ASC), and apparently positive peer 
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spillover effects (the positive effects of group level achievement on subsequent individual 

level achievement). Introducing stronger statistical models than considered in previous 

research shows the actual effects of school-average achievement on individual self-concept 

and achievement are in harmony with what would be expected on the basis of the BFLPE and 

REM models. The present investigation shows that with appropriate statistical controls, the 

effect is even slightly below zero.

Strengths, Limitations, and Future Directions

The present investigation has a number of important strengths, including the 

application of theory driven longitudinal models, the utilization of strong (doubly latent) 

multi-level analysis (compositional effects), and use of a large, nationally representative 

sample. Nevertheless, some limitations need to be addressed. 

Although including numerous achievement related covariates, there are inevitably 

other omitted covariates that could control for additional pre-existing differences not 

considered in our study (Hanushek et al , 2003; Harker & Tymms, 2004; Hauser, 1970) and 

should be included in future analysis. Consistent with our rationale, these would be expected 

to make both the BFLPE and peer spillover effect even more negative.

Further, while most regression coefficients in our models were statistically significant, 

some showed rather small effect sizes. Our main point, however, is not the effect sizes, but 

that the direction of peer spillover effect is not positive, which is most important from a policy 

perspective. The generic nature of the achievement test that was central to the present 

investigation is both a strength and a weakness. On the one hand, it was specifically designed 

to be appropriate across a wide range of ability levels rather than a particular curriculum. On 

the other hand, these standardized achievement tests were "low-stakes" tests in that they have 

no consequences for individual students in terms of school marks, feedback to parents, or 

progression in a student’s educational career; students have no way to prepare for them and do 

not receive feedback on their results. Thus, it is important to test the generalizability of our 
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results in studies based on a variety of different measures of achievement (high and low stakes 

tests); standardized test scores; tests designed to be curriculum-specific and curriculum-

generic (see related discussion; e.g., Marsh & Seaton, 2015).

Practical and Policy implications

The results of the present study call into question previous studies and associated 

reviews showing positive effects of school-average achievement, tracking, and/or 

academically selective schools on individual achievement (Harker & Tymms, 2004; Nash, 

2013). Similarly, meta-analyses based on such research experience this issue (see earlier 

discussion of Goldring, 1990) in that they are largely based on studies that fail to control for a

phantom effect. Thus, subsequent systematic reviews and meta-analyses need to re-evaluate 

all previous research in relation to appropriate controls for any phantom effects.

Furthermore, our results question how meaningful or maybe even harmful educational 

policies may be, as these are largely based on biased studies that have wrongfully found a

positive peer spillover effect (Nash, 2013). Although promoting the achievement of all 

students should be the primary aim of formal schooling, placing students in high-achievement 

schools can have negative and detrimental side effects (when excluding other important 

schools related factors – see below for more details), as demonstrated here.

Moreover for individual parents, this means sending your children to high 

achievement schools likely does not lead to high returns on investment, at least with regard to 

achievement and ASC. On the contrary, being placed in a high achieving group of students 

will have a negative impact on an individual student’s ASC and no positive or even slightly 

negative effect on their achievement as well. As individual achievement and individual self-

concept are reciprocally related, a negative loss spiral of a student’s motivation and 

achievement could occur. However, such recommendations need to be viewed taking into 

account that we estimate average effects. As a result, policy implications refer to a macro 

level, while transferability of recommendations to individual children is limited. Furthermore, 
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our findings are consistent with Hattie‘s work (2002, 2009) mentioned above. In his meta-

analyses he showed that there is little or no evidence for the benefits of ability stratification

even for achievement measures. Instead, Hattie (2002, 2009) proposes that the positive effects 

reported for gifted programs are not due to ability tracking itself, but to improved curriculum 

and quality of education (Marsh, Kuyper, Morin, Parker, & Seaton, 2014). Expanding upon 

this theme, here we show that many of the studies included in these meta-analysis were 

systematically biased in the direction of positive peer spill-over effects and that if controls for 

a phantom effect had been introduced the overall effect sizes would likely to have been 

negative rather than positive. However, we agree with Hattie (2009; see also Marsh, Kuyper

et al., 2014), who suggested that most of the features of educational programs for talented 

students reflect those educational practices that would provide a similar benefit to average-

ability students and students in homogeneous classes. Research providing alternative 

perspectives based on strong theory and state of the art methodology, i.e. unmasking a

phantom effect, seems especially important in this regard, as so many teachers, parents, and 

policy makers uncritically assume that a stratified school environment will automatically 

benefit the attending students. Thus, our results add to the literature that promotes educational 

equality over ability stratification for fostering students’ achievement and ASC (see Parker et 

al, 2016 for an overview).

It is important to emphasize that the focus of the present investigation is on school 

composition effects rather than the many other differences between schools with high-

achieving students and those with mixed-ability and lower-achieving students. Indeed, many 

of these extra-compositional differences are likely to favor high-achieving schools, such as 

elite private schools (e.g., teaching resources, school/classroom facilities, per-pupil 

expenditure, extracurricular enrichment activities, teacher salaries, networks, experience,

levels of training etc.), and even local social and economic factors (Jerrim, Parker, 

Chmielewski, & Anders, 2016). However, based on our results we assume that additionally 
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controlling for these (pre-existing) differences will most likely also result in more negative 

effects.

Distinguishing pure compositional effects associated with the ability level of students 

within a school from the extra-compositional effects that are likely to be confounded with 

school-average achievement, is beyond the scope of the present investigation. However, it is 

an important direction for future research, particularly in relation to the organization of 

schools. More specifically, if effects associated with high-achieving schools are the net effects 

of even more negative compositional effects than we have found here and possible positive 

effects of extra-compositional variables, this would argue against inequitable stratification in 

school systems which results in high numbers of high-achieving schools (and, by necessity, 

also many low-achieving schools). Although support for this supposition is beyond the scope 

of the present investigation, it is consistent with the growing support for the finding that more 

equitable, less stratified school systems result in better overall achievement (OECD, 2013;

Parker et al., 2016; also see Salchegger, 2016). An exciting direction of future research is to 

bring together these two different strands of research arguing for more equitable school 

systems and against the stratification of schools based on student achievement (or variables 

highly related to achievement), including academically selective schools for high-achieving 

students. Put simply, less stratified school systems may raise all boats.
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Footnotes

This effect is also referred to as contextual effect (e.g., Willms, 1985). However, Harker & 

Tymms (2004) argue that strictly contextual effects include other variables (such as

governance structures, grade levels, and size) than those that make up a schools composition.

2 We chose including TK achievement as a manifest indicator rather than as a covariate to 

be able to model achievement as a latent variable, thus taking advantage of latent modelling, 

such as directly correcting for measurement error.

3 We included the covariates on the individual level (L1) only in order to control for 

selection effects and individual differences, rather than for additional compositional effects of 

these covariates. Adding all variables on the group level, however, did not change the 

structure of the results.
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Table 1

Model Fit for all Models

No. Model
df ² CFI TLI RMSEA

1. Baseline model
41 244 >.99 .99 .02

Correcting for unreliability and pre-existing differences

2a Measurement error  41 243 >.99 .99 .02

2b Latent ACH factor 55 285 >.99 .99 .02

2c Covariates 77 465 .99 .98 .02

Combined model

3 Model 2a+b+c 100 712 .99 .98 .02

Note. Measurement error = Baseline model additionally correcting for measurement error in the achievement variables; Latent ACH factor = 
Baseline model including mathematics achievement in Kindergarten as an indicator for the latent T1 achievement factor; Covariates = 
Baseline model including covariates;
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Figure 1.; a) Big-fish-little-pond effect; b) peer spillover effect; c) reciprocal effects model; d) the theoretical 

paradox after integrating a), b), and c). aveACH1 =aggregated students’ academic achievement at T1; ACH1 

=students’ academic achievement at T2; ACH2 = students’ academic achievement at T2; ASC2 academic self-

concept at T2; L1 = Individual student level; L2 = School level. T1 = first time wave; T2 = second time wave.
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Figure 2. In this baseline model (Model 1) we included two longitudinal BFLPEs (Lag 1[T1-T2] and Lag 2 [T1-

T3]) and simultaneously two peer spillover effects (Lag 1[T1-T2] and Lag 2 [T1-T3]). Thus, L2 achievement at 

T1 predicted L1 self-concept (BFLPE) and L1 achievement (Peer spillover effect). In addition this model 

included reciprocal effects at L1 in order to adequately model the longitudinal relationship of self-concept and 

achievement. Only theoretically relevant paths are shown here. aveACH1 =aggregated students’ mathematics 

achievement Spring first grade; ACH1 =students’ mathematics achievement Spring first grade; ACH2 = 

students’ mathematics achievement Spring third grade; ACH3 = students’ mathematics achievement Spring fifth 

grade; MSC2 mathematics self-concept Spring third grade; MSC3 mathematics self-concept Spring fifth 

grade; L1 = Individual student level; L2 = School level. T1 = Spring first grade; T2 = Spring third grade; T3 = 

Spring fifth grade; grey shaded lines = Reciprocal effects model; dotted line = Big-fish-little-pond effect; dashed 

lines = Peer spillover effect.
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