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Phantom and Big-Fish-Little-Pond-Effects on academic self-concept and academic

achievement: Evidence from English early primary schools
Abstract
The Big-Fish-Little-Pond Effect (BFLPE) suggests that school-average
achievement has a negative effect on academic self-concept (ASC); some
research has also verified a negative effect on students’ academic achievement.
Our study evaluates the compositional effects of school-average achievement
on both outcomes, using a longitudinal sample of English early primary school
students in Year 1 and Year 4. We provide evidence for BFLPEs in children as
young as six to nine years of age. Further, we show that the BFLPE is a
potential mechanism in the negative compositional effect of school average
achievement in Year 1 on students’ achievement in Year 4. Once adjustments
for measurement error are made, the negative effect of school-average
achievement on students’ self-concept, and on their subsequent achievement,
increases. Our findings question previous research suggesting that attending a
school with higher average achievement necessarily advances students’

cognitive and affective outcomes.



Early BFLPEs on self-concept and academic achievement

1. Introduction

Defining self-concept broadly, Shavelson, Hubner and Stanton (1976) designate it a person’s
perception of self. Academic self-concept (ASC) then, refers to that specific component of
self-concept that denotes the way in which individuals perceive their academic abilities and
competencies in a specific subject (Byrne & Shavelson, 1986). ASC has been recognized for
over fifty years as a fundamental responsibility of schools (Zirkel, 1971, p. 211). And, as
much as ASC has been valued as an educational outcome in its own right, its relationship with
other achievement results has also been widely addressed, since it has been shown to act as a
mediator in the development of other desirable outcomes (Guay, Larose & Boivin, 2004;
Marsh & Yeung, 1997). Importantly, there is solid evidence that academic self-concept and
academic achievement are reciprocally related (REM: the reciprocal effects model; Marsh &
Craven, 2005, 2006), so that higher ASC facilitates higher academic achievement, and vice
versa.

An individual’s ASC is particularly affected by environmental influences and by
significant others — what the literature refers to as the reference group (Marsh et al., 2020;
2018; Pekrun et al., 2019). Specifically, in educational settings, since educational processes
take place within classes or schools, students form their ASC by comparing their own
accomplishments with those of their classmates or of the school at large. Hence, while a
student with higher academic achievement will evidently have a higher ASC, the question
arises as to what the impact of the school- /class-average achievement level is on students’

ASCs.

1.1 Big-Fish-Little-Pond-Effects of Negative Compositional Effects
The Big-Little-Pond-Effect (BFLPE) hypothesis, the focus of the present study, predicts a

negative effect of school (or class) average achievement on ASC, even though individual

achievement is positively related to a student’s ASC (Marsh, 1987; Marsh & Parker, 1984).



10

Thus, a student with a given achievement level is expected to have a lower ASC if they attend
a school with higher average achievement, as opposed to how they would feel if they attended
a school with a lower average achievement.

[Insert Figure I here]
The theoretical premise of the BFLPE lies in social comparison theory (Festinger, 1954; Aral
& Nicolaides, 2017), and emphasises the need to consider the relative frames of reference in
order to understand how people perceive their competencies in certain domains (Marsh,
Kuyper, Morin, Parker & Seaton, 2014). The BFLPE is the net effect between positive
assimilation (Marsh, Chessor, Craven & Roche, 1995; Marsh, Kong & Hau, 2000) due its
affiliation to a prestigious institution or a highly selective educational program, and negative
contrast. The latter, predicts that when students find themselves in high-achieving educational
environments, due to comparison that they use to evaluate themselves, including comparisons
with the achievements of their peers in their immediate environment — i.e., the school or
classroom — they are predicted to have lower ASCs than if they were attending a low- or
medium-achieving school.

Even though the theoretical foundations of BFLPE have mainly focused on ASC as
the outcome variable, the policy implications of BFLPE may be relevant not only to research
on ASC but also to other cognitive and affective outcomes. The BFLPE, together with the
REM - the latter suggesting that mutually beneficial effects exist between academic
achievement and academic self-concept (Marsh et al., 2005; see above) - predicts a negative
effect of school average achievement on students’ academic achievement (Dicke, Marsh,
Parker, Pekrun, Guo, Televantou, 2018; Marsh 1987, 1991; Marsh & O’ Mara, 2010). This
contradicts a common assumption made by many parents in choosing a school for their
children: namely, that the higher the achievement of the school, the better it is for the child’s
academic development. It is also at odds with the positive effect of school average

achievement on students’ academic progress that is commonly reported in educational
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effectiveness studies (the peer spillover effect; Fruehwirth, 2013; Willms, 1985).

1.2 Educational Effectiveness Findings of Positive Compositional Effects: Peer Spillover
Effects

In the field of educational effectiveness (Creemers, Kyriakides & Sammons, 2010), class-
and/or school-level aggregates of student achievement are used to evaluate the effects of the
school’s composition on student outcomes. When a student’s performance in a school is
affected by the characteristics of his or her fellow students, as quantified by the average
achievement of their school peers (Marsh et al., 2000; Liidtke, Marsh, Robitzsch, Trautwein,
Asparouhov & Muthén, 2008), this gives rise to the predominance of school compositional
effects (Perry, 2018; Televantou, Marsh, Kyriakides, Nagengast, Fletcher & Malmberg, 2015).
Educational effectiveness research, in contrast to BFLPE research and the reciprocal effects
model, generally implies a positive school compositional effect of average achievement — the
peer spillover effect, suggesting that students achieve higher subsequent academic results than
otherwise comparable pupils when they are instructed in schools (or classrooms) with lower
achieving peers. Empirical evidence that supports this view can be found in the work of
Hutchinson (1993), Willms (1985), Teddlie, Stringfield and Reynolds (1999), as well as in
more recent studies (Stébler, Dumont, Becker & Baumert, 2017).

While the prevalence of positive compositional effects seems intuitively reasonable,
the reported positive compositional effects of achievement are often weak (Smith &
Tomlinson, 1989; Gray, Jesson & Sime, 1990). Moreover, conflicting evidence has been
shown in studies finding negative school compositional effects (Woodhouse, Yang, Goldstein
& Rasbash, 1996; Tymms, 2001). Some educational effectiveness studies have queried
whether school composition effects exist at all, as they have found little or no evidence of
school compositional effects on achievement (Gibbons & Telhaj, 2012; Boonen, Speybroeck,
de Bilde, Lamote, Van Damme & Onghena, 2014; Lavy, Silva & Weinhardt, 2012; Marks,

2015).



The lack of consensus in inferences on the magnitude and direction of the school
composition effect in educational effectiveness studies has been attributed in part to the
prevalence of student-level measurement error in the underlying data (Hutchison, 2007;
Perry, 2018; Pokropek, 2015).

Specifically, a positive bias has been shown (Harker & Tymss, 2004; Televantou et al., 2015)
so that educational effectiveness findings of positive school compositional effects of

achievement (peer spillover effects) are, in fact, spurious.

1.3 Measurement Error as a Source of Bias

Measurement error may result in serious biases in estimating the effect of school-average
achievement on a student’s outcome, academic achievement or self-concept: this is something
that has been demonstrated both mathematically (Marsh et al., 2009, 2012) and empirically
(Gray et al., 1990; Hutchinson, 2004, 2007; Marsh et al., 2010; Woodhouse et al., 1996).
Harker and Tymms (2004) coined the phrase ‘phantom effects’ on the basis of their finding
that positive effects only appeared when measurement error was added to the data — now
you see it, now you do not. When measurement error bias is corrected for, they become less-
positive, non-significant, or even negative. Against this background, Dicke et al. (2018)
claim, and, empirically show, that correcting for measurement error may be the key to
achieving convergence between BFLPE research findings of negative compositional effects
on self-concept and the educational effectiveness research findings of positive compositional
effects on achievement. The methodology employed by Dicke et al.’s study — and ours — is
described immediately below.

1.4 Statistical Modelling of Compositional Effects: Corrections for

Measurement Error Bias

When the interest lies in measuring the school-level aggregate effects of achievement on
individual outcomes, multilevel modelling (Snijders & Bosker, 2012) is incorporated, since

this approach accommodates the nesting of the data (e.g. students nested in schools). Student-
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level is the lower unit of the analysis; students can also be referred to as individual-level or
level 1 (L1-) units of analysis. Similarly, school-level often refers to the higher-level or level
2 (L2-) unit. When the research focus is on the evaluation of the BFLPE, the student-level
outcome (ASC) is regressed on average achievement at the school-level, and on individual
achievement at the student-level. The estimated effect of the aggregated variable over and
above that of the corresponding individual-level characteristic on the outcome of interest is
the compositional effect (Nash, 2003).

Increasingly sophisticated multilevel /atent models have been developed that allow for
adjustments of measurement error in the estimation of compositional effects (Liidtke et al.,
2008; Marsh et al., 2009). Surprisingly, only a few studies (Dicke et al., 2018; Nagenagast &
Marsh, 2012; Televantou et al., 2015) have made use of this methodology. For instance,
Marsh et al. (2009) distinguish between the doubly manifest approach, which is the
conventional multilevel modelling approach to compositional analysis, and multilevel latent
variable models (Table 1), which are capable of handling measurement error in individual-
and school-level measures, either with (the doubly latent approach) or without (the latent
manifest approach) corrections for sampling error in higher-level aggregates (school-average
achievement).

1.5 The Present Study

In the present investigation, we sought to verify the BFLPE for students in the early stages of
primary schooling. Our focus was on juxtaposing the BFLPE estimates obtained using
models that control for measurement error bias, with models that do not. To this end, we used
a large sample of English primary students. Year 1 and Year 4 mathematics achievement and
self-concept (SC) measures were employed; the data sources were obtained from the
Performance Indicators at Primary School (PIPS) project (Tymms, Jones, Albone &

Henderson, 2009).

1.5.1 Research hypotheses



We initially evaluated cross-sectional BFLPEs (see Figure 2a): the compositional effect of
Year 1 school-average achievement on students’ self-concept in Year 1 (i.e. the BFLPE in
Year 1) and the compositional effect of school-average achievement at Year 4 on students’
self-concept at the end of Year 4 (i.e. the BFLPE in Year 4). Our hypothesis (Research
Hypothesis 1) was that the BFLPE would be verified with both Year 1 and Year 4 data

(Research Hypothesis 1a) and that

adjustments for measurement error would lead to stronger (i.e. more negative) BFLPE

estimates (Research Hypothesis 1b).

Further, we specified a longitudinal model of compositional effects that looked at the effects
of Year 1 school average achievement on students’ Year 4 achievement and academic self-
concept simultaneously (Becker & Neumann, 2016). The focus was on how corrections for
measurement error altered inferences regarding the magnitude and direction of the two
effects when these were modelled simultaneously. Our hypothesis (Research Hypothesis 2;
RH?2) was that correcting for the positive bias in BFLPEs and school composition effect
estimates would make both effects more negative, if originally negative, or less positive, if
originally positive.

1.5.2Contribution to knowledge

A well-established result in self-concept research is that school-average achievement has
negative effects on academic self-concept (the BFLPE; see section 1.1) and that academic
self-concept and achievement are positively correlated (reciprocal effects model; REM). Still,
school-average achievement is often found to have a positive effect on students’ achievements
(the peer spillover effect; see section 1.2). Previous studies that acknowledge this contradiction
highlight the importance of analysing the consequences of students attending high-achieving

schools, considering both academic achievement and ASC as outcomes (Marsh & O’Mara,



2010; Stébler, et al., 2017; Rindermann & Heller, 2005). Dicke et al. (2018) evaluated the two
effects simultaneously, using a large longitudinal sample of US children, and demonstrated that
after controlling for measurement error in the underlying data, the BFLPE was negatively
affected and the peer spillover effect shifted from positive to slightly below zero. Such findings
question previous research that did not control for measurement error bias in evaluating the
effect of school average achievement on academic achievement and self-concept, and
challenge previous policy and school selection decisions based on relevant studies. It is,
therefore, critical to establishing whether the results of Dicke et al. (2018) and other, similar
studies, are generalisable in different contexts.

The methodological contribution of our study is that it addresses the need to consider
measurement error when assessing the effect of school average achievement on students’
ASCs and students’ achievements. With our longitudinal analysis, we build on studies that
have addressed the two effects simultaneously but that failed to control for measurement

error bias (Stédbler et al., 2017).

From a substantive point of view, we seek to verify the BFLPE for students as young as six
to nine years old. Relatively few studies have looked at the BFLPE with students in the early
stages of primary schooling (e.g., Becker & Neumann, 2016; Dicke, et al., 2018; Guo,
Marsh, Parker, Dicke & Van Zanden, 2019; Roy, Guay & Valois, 2015; Lohbeck & Mueller,
2017; Marsh et al., 2015; Marsh, Chessor, Craven & Roche, 1995; Tymms, 2001), and

especially so for students as young as the first year of primary school.

The theoretical contribution of the study to the analysis of academic self-concept and academic
achievement, is that it resolves the apparent contradiction between ASC research findings of

the negative effects of school average achievement (BFLPEs) and the educational effectiveness
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research finding of positive peer spillover effects.

2. Method

2.1 Data Sample

Our data consisted of mathematics achievement and mathematics self-concept measures of
19,059 students from 593 schools. The data, collected from the same students in both Year 1
and Year 4, were longitudinal in nature. They were kindly provided to us by the Performance

Indicators at

10
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Primary School (PIPS) project, run by the Curriculum, Evaluation and Monitoring (CEM)
centre at Durham University (Tymms et al., 2009). Of the total number of schools involved in
the dataset, we based our analysis only on information from schools that participated in both
Year 1 and Year 4 educational assessments. We used data on students entering primary school
in the academic year 2004 - 2005; this comprised those students who took either their Year 1

assessment in 2005 or their Year 4 assessment in 2008.

2.2 Measures

2.2.1 Mathematics achievement measures. In order to form single scale scores for
students’ mathematics achievements in Year 1 and Year 4, the average scores were obtained.
To formulate multiple indicators for the student-level mathematics achievement measures,
item parcelling was used (Little, Cunningham, Shahar & Widaman, 2002). Hence, for Year
1, we created three parcels by averaging every 3" item; the test originally consisted of 27
items altogether. In the same way, for Year 4, we created four parcels: this test consisted of
36 items in total. In addition to the number of indicators for latent mathematics achievement
being significantly reduced, the use of item parcels gave indicators with a distribution better
approaching normality, therefore, facilitating normal theory-based estimation (Little,
Rhemtulla, Gibson, and Schoemann, 2013; Matsunaga, 2008). Omega estimates of
reliabilities of the Year 1(rel = .875) and Year 4 (rel = .921) mathematics achievement

measures were relatively high.

2.2.2 Mathematics self-concept measures. The self-concept measures provided by the PIPS
tests consisted of five items in Likert-scale form. The items were originally designed to assess
the attitudes of the pupils towards mathematics; each had four options from which to choose.
The statements could be characterized as hybrids of attitude and self-concept measures but,

for the purposes of the present study, all the items were treated as self-concept measures.

11



12

Cronbach’s alpha estimate of reliability was .614 at Year 1 and .716 at Year 4. In the doubly
manifest approach, the scale score for mathematics self-concept is estimated as the average of
the self-concept items; in the doubly latent approach, the items themselves are used as
multiple indicators. Student-level self-concept measures, as well as mathematics achievement
measures, were all standardised in relation to the total sample by subtracting the overall mean
and dividing by the overall standard deviation, so that they had a mean of zero and a standard

deviation of one.

2.2.3Intra-Class Correlation Coefficient (ICC). The proportion of variance accounted for by
the differences between the schools (Intraclass Correlation Coefficient, or ICC) was
substantial (Snijders & Bosker, 2012) with both Year 1 (ICC =.179) and Year 4 (ICC = .167)
mathematics achievement measures — justifying the use of multilevel modelling (doubly
manifest) and multilevel latent variable models (latent manifest, doubly latent; see section
2.5) in our analysis. For Year 1 (ICC =.074) and Year 4 (ICC = .069) mathematics self-

concept measures, the /CC was somewhat lower.

2.3 Missing Data
In our analyses, we distinguished between two types of missing data: unit non-response, that
refers to cases who did not sit the assessment at a particular time point, and, item non-

response, that refers to cases that took the test but did not respond to some items (Schafer &

Graham, 2002).

2.3.1Missing data with mathematics achievement measures. Students who completed an
inadequate number of items in the mathematics achievement section, thereby preventing
reliable inferences from being made, were investigated further. We considered the

minimum number of items in the mathematics achievement section that a student should

12



have completed before being
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included in the analysis as a non-missing case. Any case with five or fewer items attempted
in the test was treated as a unit non-response. This resulted in datasets with an even larger
number of missing cases than the original files — 2289 (12%) for year one and 1772 (9%) for

year four.

2.3.2 Missing data with mathematics self-concept measures. . All students with data on
their mathematics achievements had also completed the mathematics self-concept measures.
Since most students who participated in either year one or year four assessment completed
all the relevant items, there were no serious problems related to item non-response for
mathematics self-concept measures. Hence, no cases were treated as unit non-response

because of the high rate of item non- response in self-concept data.

2.3.3  The use of multiple imputation to treat missing data. For the treatment of missing data,
we used a two-stage Multiple Imputation (MI) procedures to allow for the multilevel structure
in our data. Year 1 and Year 4 self-concept measures were included in the same imputation
model as mathematics achievement measures. MI involves replacing missing values with a
list of two or more simulated values. In this way, plausible alternative versions of the
complete data are produced. Each of these is analysed by a complete-data method. Then the
results from each imputed dataset are combined to obtain overall estimates and standard
errors. The imputation method followed was the fully conditional specification. This is an
iterative Markov chain Monte Carlo (MCMC) method that involves a specification of a group
of variables to be used in the imputation model —these comprise the variable list — and a
specification of several iterations that should be performed before obtaining the imputed
values. In each iteration and for each variable in the order specified in the variable list, it fits a
univariate model using the variable to be imputed as a dependent variable and all the other

variables in the model as predictors. It subsequently imputes missing variables for the
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variable being fitted. The method repeats the procedure until the specified number of
iterations is reached and the imputed values of the final iteration are saved to the imputed

dataset.

2.4 Statistical Analysis

We used, in the first instance, a cross-sectional compositional analysis model (Figure 2a): we
evaluated the BFLPESs separately in the Year 1 and Year 4 data with (latent manifest, doubly
latent; Table 1) and without (doubly manifest) corrections for measurement error (RH!a;
RHI1b). At a subsequent stage, we specified a longitudinal model (Figure 2b), in which we
simultaneously modelled the compositional effect of school-average achievement in Year 1 on
students’ self-concept in Year 4, and on students’ mathematics achievement in Year 4,
adjusting for both individual achievement and self-concept in Year 1 (RH?2). All analyses
were performed in Mplus 7.4 (Muthén & Muthén, 1998-2015). In comparing estimates of
compositional effects across the different approaches, our focus was on the effect size
estimate, rather than on the unstandardized estimate; to estimate effect sizes, we used the
measure recommended by Parker, Marsh, Liidtke, & Trautwein (2013; Marsh et al., 2009;

Nagengast & Marsh, 2012), which is based on the total student-level variance.

[Insert Figure 2a and Figure 2b here]
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3. Results

3.1 Cross-Sectional BFLPESs

With respect to assessing the magnitude of the Big-Fish-Little-Pond Effect (BFLPE) for Year
1 (five to six year olds) and Year 4 students (eight to nine year olds), the expectation was that
the BFLPE would be verified in both year groups (see RH1a); this hypothesis is supported
(Table 2). We initially applied the conventional approach to compositional analysis, which
does not adjust for measurement error (doubly manifest). A small and marginally significant

negative effect of school-average prior achievement was observed with Year 1 data (Bcom= -
.045, se =.022, ES =-.031). A stronger effect was detected using Year 4 data (Scom = -.204,
se =.025, ES = -.120). Adjustments for measurement error in the individual-level
mathematics achievement and the school-level aggregate (the latent manifest approach)

resulted in more negative BFLPEs with both year one (fcom=-.024, se =.013, ES
=-.031) and year four (Scom=-.168, se =.022, ES = -.138) data; additional adjustments for

sampling error (the double latent model; full-correction approach) led to even more negative
estimates of the compositional effect of school-average achievement on students’ self-concept

in Year 1 and Year 4, with the BFLPEs estimated equal to Scom=-.037, (se =.021, ES=-
.035) and to fcom=-.203, (se =

.024, ES =-.154), respectively. Our findings support our research hypothesis (RH1b): namely,

that

adjustments for measurement error would lead to stronger BFLPEs.

3.2 The Effect of School-Average Achievement on Students’ Mathematics
Achievement and Mathematics Self-concept

The second research hypothesis of our study concerns the impact of measurement error

16



17

adjustments on inferences regarding the effect of school-average achievement in Year 1 on
students’ self-concept and achievement in Year 4. To this end, a longitudinal model was
specified that allows the estimation of these two effects simultaneously (see Figure 2b). In
Table 3, we present the estimates for the structural paths of our model, including only total
effect estimates for the compositional effect of the school-average achievement in Year 1 on

Year 4 individual achievement and individual self-concept.

3.2.1The compositional effect of school-average achievement in Year 1 on students’ self-
concept in Year 4

With the longitudinal multilevel compositional analysis model (doubly manifest approach),
the BFLPE was found to be equal to Scom=-.182 (se =.026, ES = - 230). After making
adjustments for measurement error (latent manifest approach; doubly latent approach), a more
negative effect was detected, equal to fcom=-.155 (se = .025, ES = -.271) when sampling
error is not adjusted for, and equal to Scom=-.184 (se =.027, ES =-.292) when it is. Hence,
the average achievement of the school’s intake in Year 1 —i.e., the achievement composition
of the school’s intake, continued to influence the students’ self-concept several years later,

until Year 4.

3.2.2The compositional effect of school-average achievement in Year 1 on students’
achievement

in Year 4

A negative and significant — albeit small (fcom=-.071, se =.031, ES = -.078) — compositional

effect of school-average achievement in Year 1 on students’ achievement in Year 4 was

detected. As expected, when adjustments for measurement error were made the effect

increased in magnitude — that is, negatively— with the latent manifest approach giving an

estimate of Peom=-.132 (se =.036, ES = -.134), and the doubly latent approach giving

an estimate of Bcom=-.151 (se =.017, ES = -.138). Although the size of these effects is small,

17
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the critical issue in relation to the current investigation is that the effects of school-average
achievement on subsequent achievement were significantly negative, not positive.
3.3 Additional Analyses: Modelling ASC in Year 4 as a Mediator of the Negative Effect

of School Average Achievement on Year 4 Achievement

In a separate analysis, we investigated whether ASC in Year 4 mediated the negative effect of
school- average achievement in Year 1 on mathematics achievement in Year 4. From a
substantive point of view, this would suggest that a longitudinal BFLPE, manifesting itself in
the first four years of primary schooling could, at least in part, explain the occurrence of a
negative school compositional effect of Year 1 achievement on students’ progress in
mathematics from Year 1 to Year 4. Our analyses (Table 4) reveal a negative and significant
indirect effect of school-average achievement in Year 1 on

students’ achievement in Year 4, via students’ self-concept measures in the same academic
year, both when the doubly manifest (8jnd = —.083,se = .032), and when the latent
manifest (find =

—.029 se = .004) or doubly latent (Bind = —.034,se = .005) approaches were used. The
direct

effect of school-average achievement in Year 1 on students’ subsequent achievement remained
negative and statistically significant; for the doubly manifest approach it was equal to fdir =
—.058 (se = .032), while for the latent manifest approach it was fdijr = —.117 (se = .036)
and,

for the doubly latent, Sdir = —.137 (se = .041). Therefore, even though the longitudinal

BFLPE could explain some of the negative effects of school-average achievement in Year 1
on students’ progress in mathematics from Year 1 to Year 4, other factors could also be

contributing to the manifestation of this effect (see section 4.3.4).
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4. Discussion

4.1 Evaluating BFLPEs in Years 1 to 4: Methodological and Substantive

Implications

A focus of our study was to verify BFLPEs for primary years one to four: that is, for students
as young as six to nine years of age, and to quantify the impact of measurement error bias in
these estimates. We evaluated models that control for measurement error bias (Marsh et al.,
2009), and models that do not (Table 1). There is clear evidence for the prevalence of a BFLPE
with Year 4 mathematics achievement and self-concept measures (Year 4 cross- sectional
BFLPE; Table 2). However, the negative compositional effect of school-average achievement
in Year 1 on students’ self-concept in Year 1 was relatively small and only marginally
significant (Year 1 cross-sectional BFLPE; Table 2). Based on the longitudinal BFLPE model,
by Year 4 the BFLPE based on school-average achievement in Year 1 grows much larger — it
becomes almost seven times as large — and becomes highly significant (Table 3). Hence,
additional BFLPEs occured in the years following primary Year 1 (Marsh, Kong & Hau, 2000).
One reason for this could be the fact that social comparison processes and the relation between
ASC and achievement are weak in Year 1. Another explanation for the BFLPEs being stronger
for students in higher grades could be the fact that students’ self- concept becomes more
aligned with their achievements as students grow older: this developmental hypothesis could be
the focus of future research on relevant topics underlying the BFLPE hypothesis.

We found no evidence of a peer spillover effect (Table 3): the effect of school-average
achievement in Year 1 on students’ self-concept in Year 4 was small, negative and

significant. Our findings replicate those of Televantou et al. (2015) who, using mathematics
achievement data on the same sample of students as our study, also revealed a negative
compositional effect that became more negative after adjustments for measurement error.
However, Televantou et al. failed to evaluate the school compositional effects of average

achievement on students’ self-concept and based their findings on simpler models.
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Given the widespread misconceptions about both the direction and the appropriate
methodology for testing peer spillover effects, the basing of our results on a large nationally
representative sample of young UK students makes an important contribution to existing
research on primary and secondary students in the US (Dicke et al., 2018; Marsh, 1991).
Dicke et al., showed that with an appropriate methodology, the biased estimates of the peer
spillover effect were transformed from a positive effect (that is consistent with popular
belief), to a slightly negative effect. Thus, the main conclusion of the Dicke et al. study was
that “the direction of peer spillover effect is not positive, which is most

important from a policy perspective” (2018, p. 31). Dicke et al., additionally controlled for
pre- existing differences in their models — an issue we did not address in the present study,
due to restrictions in our data (see section 4.3.1). We note that, in this respect, the results of
our study are much convincing in that, even without controlling for these methodological
issues (measurement error and pre-existing differences), the peer spillover effect was negative
and the methodological controls only increased this negative effect.

Our — and similar — work can inform the ongoing debates in England that address the impact
of segregation (e.g. through parental choice, selective schooling or neighbourhood clustering)
on students’ educational outcomes (Jenkins, Micklewright & Schnepf, 2008). This is
especially so because the prevalence of measurement error in baseline achievement has
already been shown to seriously bias English schools’ ‘progress’ value-added measures, used
for accountability purposes.

Consequently, the putative superiority of grammar schools’ performance must be considered
highly ambiguous (Perry, 2018). From a developmental psychology perspective, the
prevalence of BFLPEs in primary Year 1 is a remarkable finding, since it implies that the
social comparison processes underpinning the BFLPE are evident at such a young age.
Obtaining insight into how school composition affects developments in achievement and self-
concept in early school years, as proposed in our study, can help shape policies to improve

20



21

academic outcomes long term, since

persistent evidence suggests that early schooling can have a big impact on a child’s later
academic development (Sylva, Melhiush, Sammons, Siraj-Blatchford & Taggart, 2010). For
instance, our findings can inform research on the impact of the social context of the school on
children’s affective and motivational outcomes, e.g. school adjustment (Perry & Weinstein,

1998; Wentzel, Baker & Russell, 2009).

4.2 Positive Assimilation versus Negative Contrast Effects

It is evident that, in our data, the negative frame-of-reference effect is stronger than the
positive reflected-glory effect (see section 1.1.1), although the size of each effect is unknown.
Our findings are in line with previous research, which has failed to provide evidence for a
systematic positive assimilation effect at the school-level (Trautwein, Liidtke, Marsh, &
Nagy, 2008; Trautwein, Liidtke, Marsh, Koller & Baumert, 2006). For instance, Chmielewski,
Dumont & Trautwein, (2013) claim that, while assimilation effects are expected to be stronger
in course-by-course tracking and within-school streaming, they are weaker, if existent at all,
in between-school streaming. Consistently with our study, Chmielewski et al. (p. 943) report a
negative coefficient for school mean mathematics achievement; thus, evidence for contrast
effects. It should, however, be clarified that differences in average achievement across
schools in our sample are not due to explicit tracking in the Chmielewski study, but rather
implicit tracking due to other factors such as social segregation in relation to post code.
However, we also note that we know of no BFLPE studies showing that track on its own has a
positive effect on academic self-concept. Rather, a few studies have shown that that once the
substantial negative effect of school-average ability (the BFLPE) is controlled that there is a
small positive effect of track. However, this can be interpreted as merely a positive effect of
prior achievement at the individual student level rather than a compositional effect (see
discussion by Marsh et al., 2018). Obviously, this is a relevant area for further research (e.g.
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Marsh, Parker & Pekrun, 2019) but is not relevant to our study as there was no explicit tracking

in primary schools considered here.

4.3 Methodological Limitations

4.3.1 Issues of validity of interpretations in relation to omitted variables

A major focus of the present investigation is the bias that arises in the estimates of
compositional effects in assessing the school compositional effects of average achievement
and the BFLPE, due to measurement error at level 1. However, at the same time, the
insufficiency of level 1 covariates controlled for in compositional models has also been
claimed to lead to bias in the estimated compositional effects: the issue of omitted variable
bias (Harker & Tymss, 2004). While we deal with measurement error bias, we do not deal
with omitted variable bias in our estimation of each of the two compositional effects. The
issue of the insufficiency of the control of level 1 covariates is quite distinct from
measurement error in the student-level variable on which the aggregate is based and requires
a separate approach. Recent work by Dicke et al. (2018) represents one attempt to control for
both types of error in the assessment of BFLPEs and peer spillover effects. An alternative
approach to omitted variable bias is demonstrated by Caro, Kyriakides and Televantou
(2018). In their study, Caro et al. outline an analytical framework to address how omitted
prior achievement bias can be corrected for in the context of large-scale assessment when the
focus is on the effect of certain teaching strategies on students’ achievements. Both studies
can be the basis for future research evaluating the magnitude of compositional effects at the

level of the school or the classroom, net of measurement error and of omitted variable bias.

When investigating factors associated with between-school differences in their students’
outcomes, it is also important to distinguish between compositional effects from institutional

effects (Maaz, Trautwein, Liidtke, & Baumert 2008). The latter refers to the impact of better
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quality of educational provision typically offered by schools with higher school average
achievement (e.g. better trained teachers, resourcing, curricula). Institutional effects typically
result in better outcomes for schools with a high school average ability. Our findings,
however, suggest this could also be the case if schools with a low school average

achievement were given these advantages. Future studies could address relevant issues.

4.3.2Choosing the correct estimate: The partial- versus the full-correction approach

In a simulation study, Liidtke et al. (2011) identified conditions under which the convergence
and the estimate accuracy of the partial- and full-correction compositional analysis models
implied by the Marsh et al. framework may be problematic. However, given the number of
students per school in our analysis (on average 32) he number of schools (~500) and the ICC
of Year 1 mathematics achievement (ICC~.179), we faced no serious issues with the
application of the latent manifest and the doubly latent models, in terms of accuracy or
convergence. Lidtke et al. (2011) advise that, from a statistical perspective, both the latent
manifest and the doubly latent approach should be used to obtain a bias-free estimate of the
compositional effect; the two estimates should serve as bounds for the true parameter value
(Marsh et al., 2009). In a subsequent study, Marsh et al. (2012), distinguish between
“contextual” and “climate” level 2 constructs, suggesting that the true value of the
compositional effect of school average achievement, a contextual construct, should be closer
to the estimate obtained using the latent manifest approach (no adjustments for sampling
error); the doubly latent model may over-correct for bias in the respective estimate.
Importantly, with respect to our study, the two statistical estimates are not substantially

different from each other.

4.3.3The use of item parcels
For the purposes our study, we made a methodological compromise in that we formed the
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multiple indicators associated with the set of mathematics achievement tests using item
parcels. While item parcelling is a highly debatable practice, its use can be reasonably
justified when the focus of a study is on the assessment of the structural paths of latent
variable models (Marsh, Liidtke, Nagengast, Morin & Von Davier, 2013). This is especially
the case with our study, given that Year 1 and Year 4 mathematics achievement tests were
reasonably unidimensional. By using multiple indicators in the context of the common factor
model and of classical test theory, we follow other studies that have used the Marsh et al.
(2009) framework (e.g. Nagengast & Marsh, 2012; Televantou et al., 2015). An alternative
possibility would be, following Dicke et al. (2018), to go with item response theory, which
results in a single score (William & Hazer, 1986); measurement error associated with the
derived scores, however, cannot be as easily incorporated into the multilevel latent variable

modelling framework.

4.3.4Limitations of mediation analysis

The final study (see section 3.3) investigated whether the BFLPE (Table 3) — based on
school-average achievement in Year 1 — is a mechanism that can explain the occurrence of
the negative school compositional effect of school-average achievement on students’
mathematics development from Year 1 to Year 4. We tested mediation via self-concept in
Year 4 (Table 4): a negative and a statistically significant mediation effect was found, while
the direct effect became smaller in size.

Nevertheless, the results of cross-sectional mediation models do not necessarily reflect
longitudinal processes (Maxwell, Cole, & Mitchell, 2011): any causal interpretation of the
findings is only tentative (Nagengast & Marsh, 2012). In order to fully test the implications of
this issue, three or more waves of data would be required (Dicke et al., 2018; Stédbler et al.,
2017). Stronger designs, e.g. propensity score matching (Aral, Muchnik & Sundararajan,
2009) or instrumental variables (Aral & Nicolaides, 2017) would be required before claiming
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causality in the mechanisms identified as potentially underpinning the occurrence of a

negative school composition effect.

4.4 Conclusion

Our study verifies the prevalence of a Big-Fish-Little-Pond Effect (BFLPE) in a large sample
of English primary Year 1 and Year 4 students, as young as six to nine years of age. We used
models that corrected for measurement error bias (doubly latent models); BFLPEs became
more negative after adjusting for measurement error. In a longitudinal model that looks
simultaneously at the effects of school-average achievement on students’ subsequent
achievement and ASC, we demonstrated a negative compositional effect for both outcomes.
The relative difference in the magnitude of the estimated effects becomes smaller, once
measurement error is adjusted. We showed that BFLPEs are one potential mechanism
responsible for the occurrence of a negative school compositional effect on school-average
achievement, in respect of students’ development in mathematics from Year 1 to Year 4. Our

findings call into question the supposed advantages of attending higher achievement schools.
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1. Tables

Table 1. The use of Marsh et al.’s (2009) multilevel latent modelling framework to correct for
measurement error bias’

Doubly Manifest Approach:

No '] Single manifest indicators (one per factor)
e Manifest aggregation of L1constructs to form L2 constructs

Sampling Error Adjustments

Measurement Error Adjustments

No Yes
Latent Manifest Approach: Doubly Latent Approach:
Yes e Multiple Indicators e Multiple Indicators (constructs
(constructs are latent in are latent in relation to items)

relation to items)
e Latent aggregation of multiple

e Manifest aggregation of L1 indicators to form multiple
L1 indicators to form L2 L2 indicators
indicators

notes. !Adapted from “Doubly-latent models of school contextual effects: Integrating
multilevel and structural equation approaches to control measurement and sampling error”, by
Marsh et al., 2009. %In this table, L1 is used to denote student-level (Ievel 1) variables and 1.2
is used to denote school- level (level 2) variables.



Table 2. The effect of school average achievement on students’ mathematics self-concept: Cross-sectional models for the Big-Fish-Little-Pond-

Effect in Year 1 and Year 4

26

Year 1 Year 4
[ Deom Residual variance [ Deom Residual variance
withi withi
n n
Level Level Level Level
1 2 1 2
Estimate SE Estimate SE Estimate = SE Estimate SE
ESéBnt
Doubly 084*** 006 -.045% .022 335 .028 .163 .007 - 025 415 .031
Manifest ES/) o 031 204
ES/ . =-.120
cont
Latent 057*** 005 -.024- .013 126 .012 A34%*%% 006 .022 .199 .019
Manifest ES[ 031- 168***
ont
ES Ceonf - 138
Doubl JJ6F** .006 -.037- .126 .012 135 .006 .024 .199 .018
y ES/, ;7035 203***
Latent ES Deoni - 154

p <1, *p<.05 **p<.01, *** p<.001
Note. [1yithin denotes the effect of the individual-level predictor (mathematics achievement) on self-concept; //conr denotes the effect of school

average achievement on mathematics self-concept (i.e. the big-fish-little-pond-effect estimate); SE is the standard error of the parameter estimate;

the effect size estimate for the corresponding effect is denoted by ES /... -

26



Table 3. The Big-Fish-Little-Pond-Effect and the school composition effect: longitudinal analysis

27

The Big Fish Little Pond Effect

The School Composition Effect

Year 4 Academic Self-Concept on Year 1

Year 4 Academic achievement on Year 1 Academic

Academic Achievement
Achievement
Doubly Latent Doubly Doubly Latent Doubl
Mani Manifest Latent Manifes! Manifest y
Latent
Estimate SE  Estimate SE  Estimate SE Estimate SE  Estimate SE  Estimate SE
Level 1: Individual-level
predictors
ACHY1 08 7*** .007 7 %% .006 7 %% .00 684%*F* 007  846*** (01 B46*%*F* 011
6 1
ASCY1 180%** .009 259%** .018 259%** .01 .022% 008 .024 .01 023*%*%* (018
8 8
Level 2: School-level
predictors
ACHY1! - 182*** 026 - 155k 025 - 184%*k* (02 -071%* 031  -.132*%** 03 - 151*k* 017
7 6
ES/;. =-230 ES/ =-271 ES/; =-292 ES/ =-.078* ES/, =-134 ES/; =-138
#r #r r for fr r
Residual Variance
Level 1 414 195 .195 318 213 212
Level 2 .03 .017 .017 072 .07 .072

27
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Note. In this table we report the total effect of school average achievement in Year 1 on the respective outcome. ES,  is the effect size estimate

of the compositional effect; SE is the standard error
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Table 4. The compositional effect of school average achievement in Year I on students’
mathematics achievement in Year 4. The indirect effect via mathematics self-concept in Year

Doubly Manifest Doubly Latent
Estimat SE Estimate SE
e

Direct effect -.058- 032 - 137%** .041
Indirect effect - ,004 -.034%** .005

025%**
Total Effect -.083** 032 -.169%** .041
ES/ittor =-.09 ,034 ESittor =- .038

157
4

p<.1, *p<.05, **p<.05, ***p<.001

Note. ES |0t 1s the effect size; SE is the standard error of the estimate.
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Early BFLPESs on self-concept and academic achievement

Figure 1. The Big-Fish-Little-Pond-Effect (from Marsh, 2007).

Positive Effects of
Achievement on Academic

Iif-
Individual Self-Concept

Student n

Individual Student

Achievement Self-Concept

%

School-Average
Student
Achievement

Negative Effects of
School-Average
Achievement on
Academic Self-
Concept (BFLPE)

Note. The Big-Fish-Little-Pond-Effect: Individual student achievement has a positive effect

(++) on academic self-concept, while the effect of school or class average achievement is
negative (-).

Figure 2a. Theoretical structural model of the compositional effect of school average
achievement on individual self-concept: The cross-sectional Big-Fish-Little-Pond-Effect

Level 2
L2-

Level 1

Note. The abbreviation L2-ACH is used to denote the aggregated achievement (school-level
average achievement) while L1-ACH is used to denote student-level achievement and L1-
ASCs to denote student-level self-concept. All variables are measured at the same time point.
Plus signs indicate a positive effect; minus signs denote a negative effect.
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Figure 2b. A longitudinal model describing the Big-Fish-Little-Pond-Effect (BFLPE)
in Year 1, the BFLPE in Year 4 and the compositional effects of Year 1 achievement
on individual achievement in Year 4.

Year 1 Year 4

Level

Level 1

(by1), (c6)
@), (D2), (C2)
L1-ACHY1 \
>~ Z

Note. Model (a) is the BFLPE in Year 1, and involves estimation of the effect of
school average achievement in Year 1 (L2-ACHI) on self-concept in Year 1 (L1-
ASCY1) after adjustments for achievement in Year 1 (L1-ACHI1); only a direct effect
(a) is involved in this model. Model (b), the longitudinal BFLPE in Year 4, involves
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estimation of both the direct effect (b1) of L2-ACH1 on self-concept in Year 4 (L1-
ASCY4), and the indirect effect, through L1-ASCY1 (b2*b3). Model (c), the
longitudinal model for the school composition effect, involves estimation of the
following effects: the direct effect of L1-ACHY1 on student achievement in Year 4
(L1-ACHY4; c1), the indirect effect of LI-ACHY1 on L1-ACHY4 via L1-ASCY1
(c2*c3) and the indirect effect of L1-ACHY1 on L1-ACHY4 via L1-ASCY4 (c5*c6*
c7

+ c5*c6). In order to estimate the latter, we assume a one-directional arrow from L1-
ASCY4 to L1-ACHY4
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