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Abstract
We juxtapose (positive and negative) compositional effects of school-average achieve-
ment and school-average socioeconomic status (SES) on students’ academic self-con-
cept (ASC), final high-school grade-point-average (GPA), and long-term outcomes at 
age 26 (educational attainment and educational and occupational expectations). We 
used doubly-latent multilevel compositional models with a large, nationally represent-
ative longitudinal sample (16,197 Year-10 students from 751 US high schools), con-
trolling background variables (gender, age, ethnicity, academic track, and a composite 
risk factor). At the individual-student level, the effects of achievement, SES, ASC, and 
GPA on long-term outcomes were consistently positive. However, mostly consistent 
with a priori theoretical predictions, (1) the compositional effects of school-average 
achievement on ASC, GPA, and educational and occupational expectations were 
significantly negative (although non-significant for final attainment); (2) the compo-
sitional effects of school-average SES on ASC, educational attainment, and educa-
tional and occupational expectations were significantly positive (but nonsignificant for 
GPA); and (3) the compositional effects on long-term outcomes were partly mediated 
by ASC and particularly by GPA. These findings demonstrate that the positive effects 
of school-average SES are distinguishable from the adverse effects of school-average 
achievement. We discuss how these findings extend Göllner et  al.’s (Psychological 
Science 29:1785–1796, 2018) highly controversial conclusion regarding the benefits 
of schools with high school-average SES but low school-average achievement. We 
also relate our research to Luthar et al.’s (American Psychologist 75:983–995, 2020) 
findings of adverse mental health problems associated with attending high-achieving 
schools. Our results have important implications not only for theory and methodology 
but also for parents’ selection of schools for their children and policy regarding the 
structure of schools (a substantive-methodological synergy).
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Conventional wisdom suggests academic benefits in attending selective schools, high-
achieving schools (i.e., schools with high school-average achievement), and high-SES 
schools (i.e., schools with high school-average SES). The validity of this assumption 
has important policy implications for how schools are structured, for school funding, 
and for parents’ choices about the schools their children attend. However, a grow-
ing body of research calls this assumption into question. We will review and extend 
this research, further challenging the validity of conventional wisdom. Furthermore, 
there is a lack of clarity as to whether the critical school compositional variable is 
school-average achievement or school-average socioeconomic status (SES). We aim 
to clarify this question.

More specifically, our study is aimed at evaluating a priori predictions on the 
short- and long-term compositional effects of school-average achievement and 
SES. Our focus is not on the effects of individual-student achievement and SES. 
However, school compositional effects are defined as the effects of school-average 
variables on outcomes beyond the contributions of individual-student character-
istics to explaining these outcomes (e.g., Becker et al., 2022; Harker & Tymms, 
2004). Hence, evaluating the effects of individual-student achievement and SES 
is also important.

As an advanced organizer, we briefly summarize the variables to be considered 
and the conceptual model that guides our literature review and subsequent analy-
ses (Fig.  1; also see Supplemental Materials, Sect.  1, and Appendix). Outcome 
variables include academic self-concept (ASC), final high school grade point aver-
age (GPA), and long-term outcomes at age 26 (educational attainment; educa-
tional and occupational expectations; Fig.  1). In analyzing compositional effects 
on these outcomes, we control individual-level student achievement, family SES, 
demographic control variables (gender, age, academic track, and ethnicity), and a 
composite risk factor. We tested the compositional effects with a large nationally 
representative sample of US students (16,197) and schools (751).

Our review of the literature summarized below identifies serious methodological 
issues in how many studies evaluated compositional effects. School-compositional 
effects are inherently a multilevel issue (i.e., students nested within schools) and 
must be assessed with appropriate multilevel models. The methodologically strong-
est school-compositional research employs latent multilevel models (e.g., Becker 
et al., 2022; Lüdtke et al., 2008, 2011). The most consistent school compositional 
findings from multilevel analyses are the adverse effects of school-average achieve-
ment on ASC—the big-fish-little-pond-effect (BFLPE; Marsh & Seaton, 2015; 
Marsh et  al., 2021a, b). There is a robust theoretical basis for the BFLPE that is 
generally useful in evaluating school-compositional effects. Hence, we begin with 
a brief review of the relevance of the BFLPE, its theoretical model, and related 
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methodology. We then apply lessons from this research to the broader issue of the 
long-term effects of school-average achievement and SES on educational attainment, 
educational expectations, and occupational expectations (Fig. 1).

Fig. 1   Schematic diagrams of variables and their temporal ordering considered in the present investiga-
tion. Note. L1: individual-student level; L2: school-average level; SES: socioeconomic status (at L1 and 
L2 levels); Ach: achievement (at L1 and L2 levels); GPA: grade point average; Trk: academic track. A is 
the conceptual basis of Models M3-M5 (Table 1). B is the conceptual basis of Model M6 (Tables 3 and 
4) that evaluates the indirect effects of achievement and SES on long-term outcomes mediated through 
ASC and GPA
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Literature on Negative Effects of School‑Average Achievement 
on ASC: A Prototype Compositional Effect

The Relevance of Academic Self‑Concept to Academic Outcomes

ASCs are a student’s self-perceptions of academic competence and accomplishments. 
Positive ASCs and the need to feel a sense of competence are as follows: “a basic 
psychological need that has a pervasive impact on daily life, cognition and behavior, 
across age and culture…an ideal cornerstone on which to rest the achievement moti-
vation literature but also a foundational building block for any theory of personal-
ity, development, and well-being” (Elliot & Dweck, 2005, p. 8). Self-concept is a 
“cornerstone of both social and emotional development” in early childhood (Kagan 
et al., 1995, p. 18), “a major (perhaps the major) structure of personality” (Green-
wald, 1988, p. 30), and a driving force for the positive psychology movement (Marsh 
& Craven, 2006).

As such, ASCs are an important educational outcome. However, they also 
contribute to the prediction of long-term educational attainment, beyond the 
effects of SES, IQ, school grades, and standardized achievement tests (see 
Marsh, 2007; Marsh et al., 2020; Marsh & Seaton, 2015). For example, Wouters 
et  al. (2011) showed that ASC in high school affected success and adjustment 
in higher education beyond the effects of high-school achievement and control 
variables. In addition, longitudinal cross-lagged panel models show that ASC 
and achievement are reciprocally related over time; each is a cause and an effect 
of the other (see meta-analyses by Huang, 2011; Valentine et al., 2004).

Gutman and Schoon (2013) argued that noncognitive skills—including posi-
tive self-beliefs and ASC—are as important, or even more important, than cog-
nitive skills in explaining academic and employment outcomes (also see Heck-
man et al., 2006; Heckman & Rubinstein, 2001). Heckman et al. (2006) further 
argued that early intervention programs’ success is due to their impact on non-
cognitive variables rather than cognitive skills. Furthermore, across 26 coun-
tries and 14 noncognitive factors (self-regulated learning strategies, self-beliefs, 
motivation, and learning preferences), achievement correlated most highly with 
ASC (Marsh, 2007;  Marsh & Craven, 2006). Thus, among various noncogni-
tive skills, ASCs and positive self-beliefs are especially important for explaining 
achievement.

The Big‑Fish‑Little‑Pond Effect (BFLPE): A Prototypical School Compositional 
Effect

ASC relates positively to academic achievement and predicts short-term and long-
term academic outcomes. Nevertheless, contrary to the expectations of many par-
ents, students, teachers, policymakers, and even some educational researchers, the 
effects of attending academically selective schools and classes on ASC are adverse 



1 3

Educational Psychology Review (2023) 35:70	 Page 5 of 36  70

(BFLPE). Moreover, although the impact of individual-student achievement on ASC 
is positive, the effect of school-average achievement is negative.

Since the early BFLPE studies in the 1980s, there has been a wealth of support 
for BFLPE predictions based on studies that used different experimental and analyti-
cal approaches (Alicke et al., 2010; Fang et al., 2018; Marsh & Seaton, 2015; Marsh 
et al., 2008; Marsh et al., 2012b; Zell & Alicke, 2010). Marsh et al. (2020) reviewed 
findings based on four Programme for International Student Assessment (PISA) data 
collections with 1.25 million students. The results show that the effect of school-
average achievement on ASC was negative in all but one of the 191 samples repre-
senting different countries/regions and significantly so in 181 samples. The BFLPE 
tends to increase in size during high school (Marsh et  al., 2001). Furthermore, in 
two studies, Marsh (2007) showed that the BFLPE formed in high school is as larger 
or even larger two and four years after graduation from high school. Frank (1985, 
2012) provides an evolutionary argument for the universality of social compari-
son processes underpinning the BFLPE (Marsh et al., 2021a, b; also see Festinger, 
1954). This research literature demonstrates that the BFLPE is one of educational 
and psychological research’s most robust and consistent findings (e.g., Fang et al., 
2018; Marsh & Seaton, 2015; Marsh et  al., 2021a, b) and an ideal foundation for 
building school-compositional studies more broadly.

Methodological Basis: Doubly‑Latent Multilevel Models

Methodologically, researchers seized upon the BFLPE as a classic application of 
multilevel analysis—the same variable having opposite effects at the individual and 
school-or class-average levels. BFLPE research demonstrates why separating the 
effects of individual-student achievement and group-average achievement is vital. 
Furthermore, ongoing BFLPE research has contributed significantly to developing 
sophisticated and more appropriate statistical models.

School compositional effects are appropriately evaluated with doubly-latent mul-
tilevel structural equation models (SEMs) that are latent for individual-student and 
school-average outcomes and control preexisting differences. In this respect, these 
models control measurement error and preexisting differences that are potential 
biases in estimating the effects of school-average achievement (Lüdtke et al., 2008, 
2011; Marsh et al., 2009, 2012). Doubly-latent SEMs have important implications 
for evaluating compositional effects on many outcomes. The doubly-latent multi-
level SEMs based on BFLPE research have led to the current best practice in eval-
uating compositional effects (e.g., Becker et  al., 2022; Lüdtke et  al., 2008, 2011). 
Here, we build on this research to distinguish between compositional effects based 
on school-average achievement and school-average SES.

Theoretical Basis: Social Comparison Processes

Since James (1890/1983), psychologists have recognized that individuals evaluate 
objective accomplishments compared to frames of reference. Thus, James indicated, 
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“we have the paradox of a man shamed to death because he is only the second pugi-
list or the second oarsman in the world” (1890/1963, p. 310). Marsh proposed the 
BFLPE to encapsulate frame-of-reference effects (Marsh & Parker, 1984; Marsh 
et  al., 2008). He based this on an integration of theoretical models and empirical 
research from diverse disciplines: relative deprivation theory (Davis, 1966; Stouffer 
et al., 1949), sociology (Alwin & Otto, 1977; Hyman, 1942), psychophysical judg-
ment (e.g., Helson, 1964; Parducci, 1995), social judgment (e.g., Morse & Ger-
gen, 1970; Sherif & Sherif, 1969; Upshaw, 1969), and social comparison theory 
(Festinger, 1954).

The BFLPE model (Marsh & Seaton, 2015) hypothesizes that students compare 
their own achievements with the achievements of their classmates and use this social 
comparison impression as one basis for forming their own ASC (Fig. 1). Individual 
achievement positively predicts ASC (the better I perform, the higher my ASC). 
In contrast, school-average achievement negatively predicts ASC (the brighter my 
classmates, the lower my ASC). Hence, ASC depends on a student’s own academic 
accomplishments and those of their classmates. According to the BFLPE, students 
who attend schools and classes with a  high average achievement will have lower 
ASCs than equally able students attending mixed- or low-ability schools and classes. 
This implies an adverse effect of class/school-average achievement on ASC. Con-
sistent with social comparison theory, the size of the BFLPE is determined sub-
stantially by the extent of ability stratification in schools (Parker et al., 2021). If all 
schools had the same school-average achievement, the BFLPE would disappear.

Competing Effects of Contrast and Assimilation

Social psychologists hypothesize contrast and assimilation as two competing forces 
associated with compositional effects (e.g., Diener & Fujita, 1997; Kelley, 1952; 
Suls & Wheeler, 2000). Contrast processes operate when people’s perceptions, opin-
ions, or behavior depends on their perceived relative (rank) position within their 
group, particularly for self-evaluation variables (Kelley, 1952; Marsh et  al., 2020; 
Parker et al., 2018). Contrast effects are the basis of the negative BFLPE. Assimila-
tion processes operate when people form their perceptions, opinions, or behaviors 
according to group norms. Kelley (1952) suggested these processes are more likely 
to drive identity, values, and behavior variables, such that individuals become more 
like the group to which they belong.

Assimilation theories argue that attending selective schools will benefit students 
beyond what is explained by the—often substantial—preexisting advantages (e.g., 
high individual achievement and SES; see Göllner et al., 2018; Marsh, 1991, 2007). 
The potentially positive effects of selective schools might partly be due to the typi-
cally better resources in these schools. However, the so-called positive peer spillover 
(or peer contagion) effects attributed to selective schools (e.g., Harris, 2010; Mayer 
& Jencks, 1989) are particularly relevant to assimilation theories. According to this 
perspective, interacting with the more advantaged peers in selective schools and 
related social networks will rub off on all students, resulting in long-term benefits. 
Conversely, contrast theories argue that social comparison and frame-of-reference 
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effects associated with attending selective schools will adversely affect academic 
self-beliefs and long-term outcomes related to these self-beliefs (Göllner et  al., 
2018; Marsh, 1991, 2007).

Contrast and assimilation effects can operate simultaneously. For example, 
expanding the BFLPE model, Marsh (1987; Marsh et  al., 2000) noted that being 
an average-ability student in a high-ability group of classmates may affect ASC 
such that it is (a) below average because the frame-of-reference is established by the 
performance of above-average students (i.e., a contrast effect, the BFLPE effect); 
(b) above average as a consequence of membership in the high-ability group (i.e., 
an assimilation effect, a reflected glory or group identification effect); (c) average 
because it is unaffected by the immediate context of the other students; or (d) aver-
age because (a) and (b) both occur and cancel each other. In this respect, the nega-
tive BFLPE actually observed could be the net effect of a large negative (contrast) 
effect and a smaller positive (assimilation) effect.

Literature on Broadening the Perspective: Multiple Outcomes 
and Multiple Compositional Effects

Effects of School‑Average Achievement on Outcomes Beyond ASC

The BFLPE is highly robust (Fang et al., 2018; Marsh et al., 2020, 2021a, b; Marsh 
& Seaton, 2015), but specific to the adverse effects of school-average achievement on 
ASC and related academic self-beliefs. Hence, a critical question is how school-average 
achievement affects other outcomes, such as individual achievement and postsecond-
ary outcomes. Thus, Marsh (1991) evaluated school-average achievement effects on a 
wide array of outcomes in a large, nationally representative, longitudinal study of US 
high school students. Students were surveyed in Year 10, Year 12, and again two years 
after graduation from high school. After controlling background variables and ini-
tial achievement, the effects of school-average achievement were negative for almost 
all Year 10, Year 12, and postsecondary outcomes: 15 of the 17 effects were signifi-
cantly negative, and only two were nonsignificant. School-average achievement most 
negatively affected ASC (the BFLPE) and educational aspirations, but also negatively 
affected general self-concept, advanced coursework selection, school grades, academic 
effort, standardized test scores, occupational aspirations, and subsequent actual college 
attendance two years after high school graduation. In each case, these adverse effects 
were partially explicable by diminished ASCs. These results suggest that the adverse 
effects of attending academically selective schools extend well beyond those for ASC. 
In related research, Espenshade et al. (2005) found that entrance into elite US univer-
sities was positively associated with individual-student achievement but negatively 
related to school-average levels of achievement. The school’s reputation had a counter-
balancing assimilation-like effect, but this effect was small.

In related research, Luthar et  al. (2020) argued that students in high-achieving 
schools are an “at-risk group” based on converging evidence on social comparison 
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processes and two major national policy reports. Complementing the focus of 
BFLPE research on academic outcomes, Luthar et  al. emphasized the negative 
effects of high-achieving schools on nonacademic outcomes (e.g., mental health, 
psychological problems, and psychological well-being). Relatedly, Pekrun et  al. 
(2019) evaluated the effects of school-average achievement on students’ academic 
emotions. Three studies found that individual-student achievement related positively 
to positive emotions (enjoyment, pride) and negatively to negative emotions (anger, 
anxiety, shame, and hopelessness), thus showing beneficial effects. In contrast, 
class-level achievement adversely impacted both positive and negative emotions. 
Pekrun et al., (2019, p. 166) concluded that: “individual success drives emotional 
well-being, whereas placing individuals in high-achieving groups can under-
mine well-being. Thus, the findings challenge policy and practice decisions on the 
achievement-contingent allocation of individuals to groups.”

Effects of School‑Average Achievement on Subsequent Achievement

Based on his extensive meta-analytic research, Hattie (2002) reported that tracking 
(i.e., grouping according to ability) has almost no effect on subsequent achievement. 
He argued that any small positive compositional effects of attending high-track 
schools are likely to result from uncontrolled variables (e.g., preexisting differ-
ences between students and differences in resources and curriculum). In contrast, 
he emphasized that the adverse effects of school-average achievement on ASC (the 
BFLPE) were particularly robust.

The doubly-latent multilevel SEM routinely applied in BFLPE studies has impor-
tant implications for testing school-compositional effects on achievement. For 
example, in an early study of the impact of school-average achievement, Harker and 
Tymms (2004) found that apparently positive school-average achievement effects 
disappeared with appropriate control for measurement error and covariates. They 
referred to positive school-average achievement effects as “phantom effects”—now 
you see them, now you don’t. Here, we use the term phantom effects to represent 
the positive bias in apparently positive effects of school-average achievement that 
are actually due to the failure to control for measurement error and preexisting dif-
ferences. In estimating the effects of school-average achievement, these phantom 
effects inevitably will be positive. Furthermore, observational studies will always 
have at least some residual phantom effects. Critically, if phantom effects are suf-
ficiently large, controlling them can shift positively biased estimates for effects of 
school-average achievement on subsequent individual achievement from positive to 
nonsignificant or even negative.

The findings from several recent studies that used the doubly-latent model and con-
trolled for covariates (including prior achievement) are consistent with this interpreta-
tion (e.g., Dicke et al., 2018; Televantou et al., 2015, 2021). In each study, controlling 
measurement error and covariates led to the following: (a) school-average achievement 
effects on ASC becoming more negative, and (b) school-average achievement effects on 
subsequent achievement becoming less positive, nonsignificant, or even negative. Thus, 
Dicke et  al. (2018, p. 1112) found that: “More appropriate multilevel modeling that 
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controls for phantom effects (due to measurement error and pre-existing differences) 
makes the BFLPE even more negative, but turns the peer spillover effect from positive 
to slightly below zero. Thus, attending a high-achieving school negatively affects aca-
demic self-concept and has a nonpositive effect on achievement.” These studies ques-
tion previous studies and meta-analyses that showed a positive peer spillover effect but 
did not control phantom effects.

Becker et al. (2022) presented results based on five large, nationally representa-
tive German datasets. Following the Dicke et  al. (2018) recommendations, they 
used doubly-latent multilevel SEMs with covariates to control measurement error 
and bias associated with pre-existing differences (also referred to as selection bias). 
Across the five datasets, there were positive effects of school-average achievement 
on subsequent achievement. However, the estimates changed when controlling for 
academic track (primarily based on achievement in primary school before the start 
of secondary school in Germany). After controlling track, the effects of school-aver-
age achievement were minimal and only marginally significant (average effect size 
was 0.06; 95% CI = 0.01 to 0.11). For a total of 15 outcomes across the five data-
bases, only five were significantly positive, and one was significantly negative. Fur-
thermore, Becker et al. noted that differences between findings across studies sug-
gest that compositional effects of school-average achievement may vary. They called 
for more research to identify conditions that explain these differences.

School Selectivity: Juxtaposing the Effects of School‑Average Achievement 
and SES

The effects of achievement and SES are substantially correlated and difficult to dis-
entangle at both the individual-student and school-average levels. For example, in 
their review of sociological research on educational and occupational aspirations, 
Alwin and Otto (1977) reported adverse effects of school-average achievement 
but positive effects of school-average SES. Bachman and O’Malley (1986, p. 35) 
similarly emphasized the importance of disentangling the effects of school-average 
achievement and SES, noting that “two different types of school context effects on 
such outcome variables as college plans and occupational aspirations…The ability 
context of the school shows negative effects, but the school socioeconomic context 
shows positive effects (Alwin & Otto, 1977; Meyer, 1970).”

Marsh (1991) reviewed psychological research on school-average achievement 
effects and sociological research on school-average SES effects. He predicted and 
found that school-average achievement effects were consistently more negative than 
school-average SES effects across a broad range of educational outcomes. Indeed, 
consistent with Alwin and Otto’s (1977) and Bachman and O’Malley’s (1986) 
conclusions, Marsh (1991) showed that school-average SES positively affected 
ASC, coursework selection, test scores, educational and occupational aspirations, 
and subsequent university attendance. Moreover, he contrasted relatively larger 
adverse effects of school-average achievement and relatively smaller positive effects 
of school-average SES. These were consistent with Alwin and Otto’s review and 
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previous results from the Youth in Transition study (Marsh, 1987; also see Marsh & 
O’Mara, 2010).

Nevertheless, Marsh (1991) argued that school-average achievement and school-
average SES often are correlated so highly that the compositional effects of each are 
difficult to disentangle. Thus, for example, Sirin’s (2005) subsequent meta-analysis 
reported that achievement and SES were only moderately correlated (mean r = 0.28) 
at the individual-student level. However, school-average achievement and SES were 
substantially correlated (mean r = 0.67). Marsh noted a need for more research, 
using potentially more robust statistical models, to disentangle the two composi-
tional effects of these two school-average variables.

Marsh and O’Mara (2010) noted that few studies had included both achievement 
and SES at both levels (i.e., individual achievement and SES, and school-average 
achievement and SES) in the same model (also see Göllner et al., 2018). Critically, 
for disentangling individual-student level effects and school-average compositional 
effects, it is necessary to include all four variables. Previous research has not always 
done this. For example, Bachman and O’Malley (1986) included individual-student 
achievement and SES as well as school-average achievement, but not school-average 
SES. Marsh (1987) considered all four variables, but tested the effects of achieve-
ment and SES separately. Alwin and Otto (1977) considered school-average achieve-
ment and SES in the same model but not the corresponding student-level variables.

However, Marsh (1991) did include all compositional variables. He found that 
school-average SES and individual-student achievement and SES generally exhib-
ited positive effects. However, the effects of school-average achievement were typi-
cally negative, across a range of educational outcomes. Marsh and O’Mara (2010) 
reported similar results in their reanalysis of the Youth in Transition study. Their 
review and results suggested that students identify with higher levels of school-
average SES (assimilation or reflected glory effect) but contrast themselves with 
higher levels of school-average achievement (contrast effect). Marsh and O’Mara 
concluded that “this juxtaposition between school-average SES, school-average 
ability, assimilation, and contrast is an important topic for further research” (p. 65). 
However, none of these early studies used doubly-latent multilevel SEMs controlling 
measurement error and appropriate covariates.

Returning to this classic issue, Göllner et al. (2018) emphasized that conventional 
wisdom suggests that attending high-SES schools contributes to students’ long-term 
success (e.g., Coleman et al., 1966; Coleman & Hoffer, 1987). Göllner et al. discussed 
possible advantages of “good schools” regarding school facilities, including better 
teachers, but also contagion effects (assimilation; positive peer spillover effects). How-
ever, Göllner et al. also lamented that compositional studies of school-average achieve-
ment rarely considered school-average SES, and studies of school-average SES rarely 
considered school-average achievement. Their own analysis used archive data from 
Project TALENT. The data include test scores and educational expectations collected 
in 1960 when students were in grades 9–12 (mean year in school = 10.4, SD = 1.11). 
Postsecondary outcomes were from the 11-year follow-up (response rate 20%) and the 
50-year follow-up (1% response rate). Göllner et al. included individual achievement 
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and SES as well as school-average achievement and SES in the analysis, controlling 
for three demographic variables (year in school, gender, and ethnicity). They used full-
information maximum-likelihood estimation based on all variables in their model to 
control for the substantial amount of missing data.

Consistent with earlier studies, Göllner et  al. (2018) found school-average SES 
positively affected educational expectations, attainment, and occupational status. 
In contrast, school-average achievement had largely negative effects on these out-
comes. The unique contribution of this study is that the positive effects of school-
average SES were evident even in the 50-year follow-up. Göllner et  al. suggested 
that these effects reflected the positive impact of learning resources as well as posi-
tive peer spillover effects (assimilation effects). Conversely, the negative effects 
of school-average achievement reflected the adverse impact of social comparison 
processes (i.e., contrast effects like those that are the basis of the BFLPE). Göllner 
et al., (2018, p. 10) concluded: “it appears that the optimal combination would be a 
school with a high socioeconomic composition combined with a modest achieve-
ment composition” and “Students who attend more socioeconomically advantaged 
schools benefit from the positive social environment but can be harmed if a high 
socioeconomic composition is combined with a high achievement composition.” 
Given the highly controversial nature of their conclusion, they noted caution and the 
need for further research. As reasons for caution, they highlighted their use of his-
torical data (students in 1960), inherent difficulties of the Project TALENT data, and 
complications in disentangling school-average achievement from school-average 
SES due to their very high correlation (also see von Keyserlingk et al., 2020).

The Present Investigation: Research Hypotheses

Our overarching aim is to disentangle the short- and long-term effects of school-average 
academic achievement (L2Ach) and school-average SES (L2SES), controlling individual-
student achievement (L1Ach), individual-student SES (L1SES), and demographic vari-
ables. We use the longitudinal data from the US Educational Longitudinal Survey 2002 
(ELS:2002). The sample consisted of high school students first assessed in Year 10 and 
followed up through age 26 (see Fig. 1). Achievement and SES were measured in Year 
10. Outcome variables (Fig. 1) are ASC and GPA in Year 10 and long-term educational 
attainment, educational expectations, and occupational expectations assessed at age 26. 
Although the effects of L1Ach, L1SES, and the covariates on these outcomes are impor-
tant in testing our model, our primary focus is on the compositional effects of school-
average achievement and SES. For these effects, we offer the following hypotheses.

•	 H1: school-average achievement negatively predicts all outcomes (ASC, GPA, 
and age-26 outcomes; Fig. 1A).

•	 H2: school-average SES positively predicts all outcomes (ASC, GPA, and age-26 
outcomes; Fig. 1A).
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•	 H3: the effects of student-level and school-average achievement and SES 
on long-term outcomes at age 26 are mediated in part through ASC and GPA 
(Fig. 1B).

Method

Sample

We used the public US ELS:2002 database (N = 16,197 high school Year-10 
students from 751 schools followed up through age 26; see Ingels et  al., 2004, 
2005, 2007, 2014). Recruitment of students was based on a nationally repre-
sentative probability sample of public, Catholic, and other private schools in the 
spring term of the 2001–02 school year. ELS:2002 employed a two-stage com-
plex sample design. They first selected schools and then selected Year-10 students 
(mostly15-year-olds) within each school. For further discussion of the sample and 
variables, see Supplemental Materials, Sect. 2; also see the ELS:2002 website for 
study design, variables, and studies using these data (https://​nces.​ed.​gov/​surve​ys/​
els20​02/).

In late 2004 and 2005 (i.e., one year after most students had graduated from 
high school), ELS:2002 had a 91% response rate when requesting official school 
transcripts. In 2012, when most participants were 26, data collection focused on 
actual educational attainment at this point and on participants’ future educational 
and occupational expectations of their career status at age 30. Through concerted 
data collection activities and procedures (Ingels et al., 2014), ELS:2002 achieved 
a response rate of 78.2% in the 2012 data collection. Furthermore, ELS:2002 
supplemented information about cohort members from extant data sources such 
as the American Council on Education and the U.S. Department of Education 
Central Processing System.

Measures

Compositional Predictor Variables

We used Year 10 achievement and SES at the individual-student level (L1) and 
the school level (L2) as predictors to estimate compositional effects (see Fig.  1). 
ELS:2002’s measure of SES is a composite index based on five standardized scores: 
father’s/guardian’s education, mother’s/guardian’s education, father’s/guardian’s 
occupation, mother’s/guardian’s occupation, and family income. ELS:2002 used par-
ent data when available and student data if parent data were missing. In some cases, 
ELS:2002 imputed data from other materials. We aggregated the scores for individual 
SES (L1SES) to the school level to form L2SES. We used ELS:2002’s standardized 
test measures to represent math and reading achievement. We constrained reading and 

https://nces.ed.gov/surveys/els2002/
https://nces.ed.gov/surveys/els2002/
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math to be equally weighted in constructing L1Ach scores in our statistical models. 
The L1Ach scores were aggregated within schools to form L2Ach.

Outcome Variables

The outcome variables are ASC in Year 10, GPA at the end of high school, educa-
tional attainment at age 26, and long-term educational and occupational expecta-
tions at age 26 (see Fig.  1). We assessed ASC with the following five ELS:2002 
items: When I sit myself down to learn something really hard, I can learn it; If I 
decide not to get any bad grades, I can really do it; If I want to learn something well, 
I can; When I study, I make sure that I remember the most important things; When 
studying, I try to do my best to acquire the knowledge and skills taught. Participants 
responded to each item using a 4-point scale ranging from 1 (almost never) to 4 
(almost always). Higher scores reflect more favorable ASCs.

ELS:2002 requested that schools provide academic transcripts for all participat-
ing students. They used these transcripts to compute a final GPA that was compara-
ble across schools.

ELS:2002 assessed educational attainment and educational and occupational 
expectations at age 26 in the follow-up questionnaire. The assessment was either 
a self-administered web-based survey or a computer-assisted interview. Although 
the survey was the primary source of information, ELS:2002 used other sources 
of information when the survey data was unavailable to check the consistency of 
survey responses (Ingels et  al., 2014). Final educational attainment at age-26 was 
coded according to the following 9-category response scale: 1 = no high school 
credential or postsecondary attendance; 2 = high school credential, no postsecond-
ary attendance; 3 = some postsecondary attendance but no postsecondary creden-
tial; 4 = undergraduate certificate or diploma; 5 = associates degree; 6 = bachelor’s 
degree; 7 = postbaccalaureate certificate; 8 = master’s degree/postmaster’s cer-
tificate; and 9 = doctoral degree. Respondents reported the highest level of educa-
tion they expected to achieve by age 30 and their expected occupation at age 30. 
ELS:2002 coded educational expectations with a 7-category response scale: less 
than high school graduation, high school diploma or General Educational Develop-
ment equivalent, undergraduate certificate or diploma, associates degree, bachelor’s 
degree, master’s degree, and doctoral degree. ELS:2002 coded occupational expec-
tations according to occupational prestige.

Demographic Control Variables

In his methodologically oriented review of the best practice concerning the inclusion 
of covariates, VanderWeele (2019) noted that a broad range of demographic vari-
ables should be included. This inclusive strategy of using demographic control vari-
ables is consistent with recommendations that Lüdtke and Robitzsch (2021) derived 
from their methodological analysis of longitudinal panel study designs. There is 
substantive interest in how these demographic control variables (particularly gender) 
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relate to our study variables. However, our primary focus is to use these demo-
graphic variables to control for preexisting differences and to evaluate how their 
inclusion affects estimated compositional effects.

For present purposes, demographic control variables consisted of gender, age, 
track in Year 10 (1 = academic track; 0 = nonacademic track), two dichotomous vari-
ables representing ethnicity (Black, 1 = yes, 0 = no; Hispanic, 1 = yes, 0 = no), and a 
composite risk factor compiled by ELS:2002. The risk factor consists of six indica-
tors: (1) comes from a single-parent household, (2) has two parents without a high 
school diploma, (3) has a sibling who has dropped out of school, (4) has changed 
schools two or more times (excluding changes due to school promotions), (5) has 
repeated at least one grade, and (6) comes from a household with an income below 
the federal threshold for poverty. In some cases, the scores making up the risk factor 
were imputed by ELS:2002 using data not available in the public ELS:2002 data-
base. To avoid confusion, we use the term control variables when referring to this 
set of background variables and refer separately to individual SES and achievement 
that we also controlled in estimating compositional effects.

Statistical Analyses

We used multilevel (SEMs) to estimate compositional effects using Mplus (Version 
8.4; Muthén & Muthén, 2017). We estimated doubly-latent two-level random-inter-
cept models (L1: students; L2: schools) based on the framework proposed by Lüdtke 
and colleagues (Lüdtke et al., 2008, 2011; Marsh et al., 2009, 2012a, b). We used the 
robust maximum likelihood estimator (MLR). This estimator is robust against any 
violations of normality assumptions and uses weights to adjust for unequal prob-
abilities of student selection. To facilitate the interpretation of the parameter esti-
mates, we standardized all continuous variables across the student sample (M = 0, 
SD = 1). In addition, we scaled latent factors so that the variance of each factor was 
approximately 1.0. This resulted in parameter estimates that were scaled relative to a 
common metric and represented standardized effects that facilitated interpretations.

As is typical in large-scale longitudinal field studies, a substantial portion of the 
sample had some missing data. Across all variables considered here, coverage rates 
varied from 66 to 100% (see Supplemental Table 1). However, we did not exclude 
any cases because of missing data but used multiple imputation. Multiple imputation 
results in trustworthy, unbiased estimates for missing values, even in the case of large 
numbers of missing data (Enders, 2010). It is an appropriate method to manage miss-
ing data in large-scale longitudinal studies (Jelicić et  al., 2009). More specifically, 
under the missing-at-random (MAR) assumption, missingness is allowed to be condi-
tional on all variables included in the analysis (e.g., Newman, 2014). In other words, 
the critical situation of not-MAR is when missingness is dependent on the variable 
for which data are missing. For longitudinal data, this implies that missing values 
are allowed to be conditional on the same variable’s values collected in a different 
wave. This feature of longitudinal data makes it unlikely that MAR assumptions are 
seriously violated. An important advantage of the multiple imputation approach to 
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missing data is that the control for missingness is used consistently across models 
based on different variables. Here, we used the Mplus two-level imputation procedure 
supplemented by auxiliary variables to create 20 imputed datasets (Asparouhov & 
Muthen, 2010).

We estimated 6 models (see Table 1 and Fig. 1; also see supplemental models 
in Supplemental Materials, Sect. 6). In two measurement models (M1 and M2), we 
used confirmatory factor analysis to test the factor structure of the ASC scale. Model 
M1 included only this scale. In Model M2, we add all the other study variables 
(single-item variables). Model M3 estimated the compositional effects of L2ACH, 
including both L1SES and the covariates. Thus, Model 3 fully controlled the effects 
of the pre-existing differences between students assessed in the project. Following 
the same logic, Model M4 estimated the compositional effects of L2SES, control-
ling L1 ACH and the covariates.

Model M5 included L2ACH and L2SES, thus making it possible to compare their 
unique compositional effects to the effects estimated in Models M3 and M4, which 
only considered one of the two variables. Finally, Model M6 tested the mediation of 
long-term effects (Hypothesis 3). ASC and GPA mediated the effects of L2ACH and 
L2SES on age-26 variables (see Fig. 1B).

We evaluated model fit with fit indices that are relatively sample-size independ-
ent (Hu & Bentler, 1999; Marsh et al., 2004), including the root mean square error 
of approximation (RMSEA), the comparative fit index (CFI), and the Tucker-Lewis 
index (TLI). Values smaller than 0.08 and 0.06 for the RMSEA support acceptable 
and good model fits, respectively. Population values of TLI and CFI vary along a 
0–1 continuum, in which values greater than 0.90 and 0.95 typically reflect good 
and excellent fits to the data, respectively. Nevertheless, these recommended cut-
off values constitute only rough descriptive guidelines rather than “golden rules” 
(Marsh et al., 2004).

Preliminary Analyses: Fit of the Structural Equation Models

Measurement Models (M1 and M2)

We estimated the two measurement models (M1 and M2 in Table 1) at the individ-
ual student level. We tested single-level models for these preliminary analyses using 
the Mplus “complex design” option to control the nesting of students within schools 
and adjust standard errors for this clustering. When only the 5 ASC items were 
included (M1), the fit of the one-factor model fit was very good (e.g., CFI = 0.977, 
TLI = 0.955; Table  1). In addition, the ASC factor was highly reliable (α = 0.87, 
Omega = 0.87) and well-defined (standardized factor loadings 0.72-0.83). Model M2 
included all the study variables and provided correlations among the variables (see 
Results section). However, we note that the fit of this expanded model was also very 
good (e.g., CFI = 0.977, TLI = 0.949; Table 1).
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Compositional Effects Models (M3‑M6)

Our primary focus was on the compositional effects of L2Ach and L2SES on 
subsequent outcomes (Models M3-M6). In Models 3–5, ASC, GPA, and the 
three age-26 variables were considered as outcomes (see Fig.  1A). The inter-
relations among the five outcome variables were modeled as correlations, not in 
terms of effects of ASC and GPA on the three long-term outcomes. In this way, 
we estimated the effects of achievement and SES on the three long-term out-
comes without controlling ASC and GPA. Thus, these models evaluate effects of 
L1Ach and L2Ach (M3), effects of L1SES and L2SES (M4), and the combined 
effects of all four variables (L1Aach and L2Ach, L1SES, and L2 SES; M5). 
For each set of models, we evaluated the effects with and without student-level 
demographic control variables (see Supplemental Materials, Sect. 6 for further 
discussion).

In the final model (M6), we repeated the analyses of compositional effects on the 
long-term outcomes while considering ASC and GPA as mediators (see Fig. 1B). 
In this way, we controlled the effects of ASC and GPA on the long-term outcomes. 
More specifically, we evaluated the total, direct, and indirect (mediated) effects of 
these models’ L1 and L2 achievement and SES on the three long-term outcomes. 
Although the ten compositional effect models differ substantially in terms of degrees 
of freedom, the goodness-of-fit statistics are consistently excellent and highly simi-
lar across all the models (e.g., CFIs vary from 0.974 to 0.975 for Models M3-M6; 
Table 1).

Results

Correlations Among Individual‑Level Student Variables

We present the correlations among all seven student-level (L1) variables (L1Ach, 
L1SES, ASC, GPA, and the three long-term outcomes). We based these correlations 
on the confirmatory-factor-analysis measurement model (M2 in Table 2). The seven 
variables are all positively correlated (rs = 0.20 to 0.62). However, L1Ach, compared 
to L1SES, is more highly correlated with ASC (0.39 vs. 0.22) and particularly GPA 
(0.62 vs. 0.36). The three long-term outcomes correlated substantially with L1Ach 
(0.30 to 0.51) and GPA (0.29 to 0.56). These are higher than the corresponding cor-
relations with L1SES (0.21 to 0.38) and ASC (0.20 to 0.32).

It is also relevant to note that both school-average variables (L2Ach and L2 SES) 
correlate substantially with all student-level (L1) predictor and outcome variables. 
Not surprisingly, L2Ach correlates most highly with L1Ach, and L2SES correlates 
most highly with L1SES. Nevertheless, L2Ach and L2SES also correlate positively 
with GPA and the three long-term outcomes. Thus, students in selective schools 
(with high SES and high achievement) tend to have better outcomes when not con-
trolling for other variables. The critical question is how the size and direction of these 
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relations will change in the compositional models that control individual-student 
achievement and SES, as well as demographic variables.

The role of demographic variables in our study is primarily to control for pre-
existing differences. Nevertheless, the size and direction of these relations are sub-
stantively interesting. Correlations among the six demographic control variables 
were mainly small, although most were statistically significant due to the substan-
tial sample size. Gender differences also tended to be small. However, compared 
to boys, girls had higher ASCs, GPAs, and long-term outcomes (but did not differ 
on L1Ach). They were also more likely to be in an academic track and tended to be 
younger. Black and Hispanic students tended to have lower L1Ach, L1SES, GPAs, 
and educational attainment, but higher risk scores. Younger students had higher val-
ues on most outcomes (ASC, L1Ach, L1SES, GPA, and age-26 outcomes). How-
ever, ethnicity differences were small for ASC, occupational expectations, and edu-
cational expectations.

The largest correlations among the demographic variables involved the risk fac-
tor (age, r = 0.24; academic track, − 0.15; ethnicity-Black, 0.23; and ethnicity-His-
panic, 0.17). The correlation with age follows from the definition of the risk com-
posite because repeating a year in school was one of the risk factors included in the 
composite. However, the risk factor was even more highly correlated with L1Ach 
(− 0.39), L1SES (− 0.38), and GPA (− 0.36) and also correlated with the three long-
term outcomes. Thus, it is important to include the composite risk factor in control-
ling for preexisting differences.

Compositional Effects of School‑Average Achievement and SES

In this section, we specifically emphasize the results from the most comprehensive 
model M5, which includes student achievement (L1Ach and L2Ach), SES (L1SES 
and L2SES), and the six demographic control variables (Table 3; also see Fig. 1A). 
Our main focus is on school-compositional effects (Hypotheses 1 and 2). However, 
the models of these effects also consider the corresponding L1 effects (Lüdtke et al., 
2008, 2011; see Supplemental Materials, Sect. 3 for a more detailed presentation of 
L1 effects). It is also relevant to compare Model M5 with the models that estimated 
the effects of each school-average variable separately (L2Ach in M3, L2SES in M4; 
Table  3) and with the models not controlling for demographic variables (Supple-
mental Materials Sect. 6).

Hypothesis 1: Effects of School‑Average Achievement

We evaluated the compositional effects of L2Ach in two models; one that did not 
include L2SES (M3) and one that did (M5; see Table 3). In both models, L1Ach 
had consistently positive effects on all five outcomes. The effects of L1Ach were 
slightly larger in the models that did not include the demographic control variables 
(see Supplemental Materials, Sect. 6), indicating that it is important to control for 
these variables.
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The comprehensive Model M5 included both L2ACH and L2SES. In this model, 
L2Ach negatively predicted 4 of the 5 outcomes (Table 3, shaded in grey). The larg-
est effects were for ASC (− 0.23) and GPA (− 0.23), followed by age-26 educational 
expectations (− 0.16) and occupational expectations (− 0.16). However, the effect on 
age-26 educational attainment was not statistically significant. These results provide 
partial support for Hypothesis 1.

Table 3   Effects of individual-student level (L1) predictors and standardized compositional effects of 
school-average achievement (L2-Ach) and school-average SES (L2-SES)

M3: L2Ach 
(no L2SES)

M4: L2SES 
(no L2Ach)

M5: L2Ach & 
L2SES)

Outcome Predictors B SE B SE B SE
ASC L1Ach .38 .01 .36 .01 .38 .01

L1SES .02 .01 .02 .01 .02 .01
L2Ach -.19 .05 -.23 .07
L2SES .05 .04 .11 .05

GPA L1Ach .48 .01 .47 .01 .48 .01
L1SES .03 .01 .03 .01 .04 .01
ASC .12 .01 .12 .01 .12 .01
L2Ach -.32 .06 -.23 .08
L2SES -.13 .04 -.07 .06

Occ Exp L1Ach .22 .01 .21 .01 .22 .01
L1SES .07 .01 .05 .01 .06 .01
ASC .06 .01 .06 .01 .06 .01
L2Ach -.08 .06 -.16 .07
L2SES .14 .04 .13 .06

Educ Exp L1Ach .34 .01 .33 .01 .34 .01
L1SES .12 .01 .10 .01 .10 .01
ASC .12 .01 .12 .01 .12 .01
L2Ach -.04 .05 -.16 .06
L2SES .21 .03 .21 .05

Attain L1Ach .32 .01 .32 .01 .32 .01
L1SES .13 .01 .11 .01 .11 .01
ASC .1 .01 .10 .01 .10 .01
L2Ach .05 .05 -.04 .06
L2SES .2 .03 .14 .05

Values in bold are statistically significant (p < .05)
L1 individual-student level, L2 school level, ASC Academic self-concept, GPA grade-point average at the 
end of high school, SES socioeconomic status (L1SES & L2SES), Ach achievement (standardized test 
scores, L1Ach & L2Ach), Occ Exp & Educ Exp Occupational and educational expectations (completed 
at age 26), Attain educational attainment (at age 26)
Compositional effects (shaded in grey) are the standardized effects of compositional variables (L2SES 
and L2Ach) on subsequent outcomes (see Fig. 1) based on multilevel doubly-latent models. Models dif-
fer in terms of the inclusion of L2ACH (Model M3), L2SES (Model M4), and both L2Ach and L2SES 
(Model M5; see Table 2 and Fig. 1). All models also control the effect of demographic variables (see 
Table 2; see Supplemental Materials Tables 2 and 3 for models without demographic control variables)
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Hypothesis 2: Effects of School‑Average SES

We evaluated the compositional effects of L2SES in two models; one that did not 
include L2Ach (M4) and one that did (M5; see Table 3). The effects of L1SES 
were consistently small but significantly positive for all five outcomes. However, 
the effects of L1SES were substantially larger in the models without demographic 
control variables (see Supplemental Materials), reflecting the substantial overlap 
between L1SES and the outcome variables. This finding confirms the importance 
of controlling for L1SES.

In the comprehensive Model M5, L2SES positively predicted 4 of 5 outcomes 
(shaded in grey in Table 3): ASC (0.11) and the three age-26 outcomes (educational 
attainment, 0.14; occupational expectations, 0.13; and educational expectations, 
0.21). The effect on GPA was not significant. As such, the results provide partial 
support for Hypothesis 2.

Hypothesis 3: Mediation of Effects on Long‑Term Outcomes

In Hypothesis 3, we posited that the effects of achievement and SES (L1Ach, L2Ach, 
L1SES, L2SES) on the long-term outcomes are mediated in part by ASC and GPA. 
The final model (M6) tested this hypothesis. In this model, we considered ASC and 
GPA as mediators of the effects of achievement and SES on the three long-term 
outcomes. We estimated the effects of ASC on GPA and the effects of both ASC 
and GPA on the long-term outcomes, as depicted in Fig. 1B. Model M6’s rationale 
was to evaluate the extent to which the effects of L1 and L2 achievement and SES 
on long-term outcomes change when controlling for ASC and GPA. For each of the 
effects of L1 and L2 achievement and SES on long-term outcomes, we evaluated 
total effects, mediated effects (via ASC and GPA), and direct (unmediated) effects.

Student‑Level (L1) Effects  In Model M6, both L1Ach and L1SES have significantly 
positive total, direct, and indirect effects on all three long-term outcomes. The indi-
rect effects of L1Ach are mediated through GPA and through ASC via GPA (i.e., 
ASC effects on long-term outcomes mediated by GPA). These results support 
Hypothesis 3. We also considered the total effects, which are the sum of all direct 
and indirect effects. For all three long-term outcomes, the total and direct effects 
of L1ACH are systematically larger than those for L1SES. For effects of L1Ach on 
the three outcomes, all total effects (0.24, 0.39, and 0.36), direct effects (0.15, 0.24, 
and 0.13), and mediated effects (0.09, 0.15, and 0.22) are statistically significant 
and substantial. The indirect effects are primarily mediated by GPA (0.07, 0.11, and 
0.18). However, they are also mediated through ASC and through ASC via GPA. 
For L1SES, the total effects (0.06, 0.10, and 0.12), direct effects (0.05, 0.09, and 
0.10), and mediated effects (0.01, 0.01, and 02) are all statistically significant, but 
smaller than those for L1Ach. Furthermore, unlike L1Ach, most of the effects of 
L1SES are direct effects.
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Compositional Effects  The total school-average compositional effects of L2Ach are 
negative for all three long-term outcomes (but nonsignificant for educational attain-
ment; Table 4). In contrast, the compositional effects of L2SES are positive for all 
three outcomes (although nonsignificant for attainment).

For L2Ach, indirect effects were primarily mediated through GPA. These 
mediated effects were significantly negative for all three long-term outcomes 
(− 0.06, − 0.10, and − 0.15; Table 4). However, indirect effects of L2Ach were also 
mediated through ASC via GPA. Although statistically significant and negative, the 
effects mediated through ASC and GPA were smaller in size than those mediated 
through GPA alone. The results supported Hypothesis 3, but the pattern of media-
tion varied across the three age-26 outcomes. For occupational and education expec-
tations, total effects, direct effects, and total indirect effects were all negative. These 
indirect effects were mediated primarily through GPA. In contrast, for attainment, 
the total effects were nonsignificant. These were driven by a significant positive 
direct effect and a larger negative indirect effect mediated primarily by GPA (but 
also by ASC).

For L2 SES, indirect compositional effects on the three outcomes mediated 
through GPA were very small (− 0.00, − 0.01, and − 0.02) but significant for educa-
tional expectations and attainment. The indirect effects mediated by ASC via GPA 
were also very small and only significant for educational expectations (− 0.01). Most 
of the effects of L2SES were direct, unmediated effects.

Discussion

Our overarching purpose was to juxtapose the school-compositional effects of 
L2Ach and L2SES on ASC, GPA, and long-term outcomes at age 26. At the individ-
ual-student level, L1Ach, L1SES, and ASC were all significantly correlated to each 
other and subsequent outcomes (GPA and the three long-term outcomes). However, 
at the school-average level, the total effects of L2Ach were consistently adverse, 
whereas the total effects of L2SES were consistently positive. These results support 
our a priori predictions. They are also consistent with and extend Göllner et  al.’s 
(2018) highly controversial conclusion that the optimal combination to maximize 
benefits for a student is a school with high L2SES but modest L2Ach.

Our results have important implications for understanding school selectivity 
based on L2Ach and L2SES. Parents, policymakers, and some researchers assume 
that placing a child in a highly selective school will improve the child’s future suc-
cess—in addition to the many preexisting advantages of students typically attending 
selective schools. However, this conventional wisdom is difficult to test because the 
preexisting differences inevitably bias results in favor of selective schools. Moreo-
ver, these differences can generate phantom effects that are difficult (or impossible) 
to control fully in observation studies.
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Table 4   Multilevel mediated 
effects of achievement and SES 
on long-term outcomes: total, 
indirect (mediated), and direct 
effects (see Fig. 1B)

Effects Level of analysis

Student (L1) School-average 
(L2)

Est SE Est SE

Effects: ACH to Occ Exp
  Totala .24 .013  − .13 .064
  Total indirect .09 .008  − .05 .032
    via ASC .01 .005 .04 .031
    via GPA .07 .007  − .08 .014
    via ASC via GPA .01 .001  − .01 .003
  Direct .15 .016  − .09 .071

Effects: SES to Occ Exp
  Totala .06 .012 .18 .056
  Total indirect .01 .001 .04 .023
    via ASC .00 .001 .04 .023
    via GPA .01 .001 .00 .003
    via ASC via GPA .00 .000 .00 .002
  Direct .05 .012 .14 .059

Effects: ACH to Educ Exp
  Totala .39 .012  − .17 .056
  Total indirect .15 .008  − .11 .029
    via ASC .03 .005 .00 .026
    via GPA .11 .006  − .10 .013
    via ASC via GPA .01 .001  − .01 .002
  Direct .24 .015  − .06 .063

Effects: SES to Educ Exp
  Totala .10 .010 .24 .047
  Total indirect .01 .002 .02 .020
    via ASC .00 .001 .03 .020
    via GPA .01 .002  − .01 .003
    via ASC via GPA .00 .000 .00 .002
  Direct .09 .010 .22 .048

Effects: ACH to attainment
  Totala .36 .011  − .05 .056
  Total Indirect .22 .007  − .17 .026
    via ASC .02 .004 .00 .022
    via GPA .18 .006  − .15 .016
    via ASC via GPA .02 .001  − .01 .005
  Direct .13 .013 .11 .059

Effects: SES to attainment
  Totala .12 .010 .16 .046
  Total indirect .02 .003 .00 .021
    via ASC .00 .001 .02 .019
    via GPA .01 .003  − .02 .009
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Support for Alternative Interpretations of Recent Compositional Studies

Our study supports a growing consensus concerning appropriate methodology, the-
ory, and empirical conclusions. Methodologically, we used the doubly-latent mul-
tilevel compositional SEM with appropriate control for covariates. This is widely 
acknowledged as best practice (e.g., Becker et  al., 2022; Dicke et  al., 2018; Göll-
ner et  al., 2018; Lüdtke et  al., 2008, 2011; Televantou et  al., 2015, 2021). Theo-
retically, our study supports the classic distinction between assimilation and contrast 
effects (Kelley, 1952; Suls & Wheeler, 2000). This distinction leads to predictions 
that students identify with other students in high L2SES schools (assimilation or 
reflected glory effect) but contrast themselves with other students in high L2Ach 
schools (Marsh & O’Mara, 2010). Empirically, our study adds to the growing num-
ber of studies supporting the robustness of the negative effect of L2Ach on ASC, the 
BFLPE. However, other aspects of our research are more controversial, including 
issues like phantom effects that are particularly relevant to recent school composi-
tional studies (e.g., Becker et al., 2022; Göllner et al., 2018; von Keyserlingk et al., 
2020).

Phantom Effects: Failure to Control Preexisting Differences

The adverse effects of L2Ach on ASC have a robust theoretical and empirical basis. 
However, the corresponding effects of L2Ach on other achievement-related out-
comes are highly contested. Indeed, as noted earlier, Harker and Tymms (2004) 
referred to the so-called positive effects of L2Ach on subsequent L1Ach as “phan-
tom effects” that disappear with appropriate control for measurement error and 

Table 4   (continued) Effects Level of analysis

Student (L1) School-average 
(L2)

Est SE Est SE

    via ASC via GPA .00 .001 .00 .004
  Direct .10 .009 .16 .048

Values in bold are statitically significant (p < .05)
ASC Academic self-concept, SES socioeconomic status, ACH 
achievement (standardized test scores), GPA final grade point aver-
age at the end of high school, Occ Exp & Educ Exp occupational and 
educational expectations (completed at age 26), Attain educational 
attainment (at age 26).
a In supplemental analyses, we showed that differences between the 
negative compositional effect of school-average achievement and the 
positive compositional effect of school-average SES were significant 
for each of the three long-term outcomes (all p < .05).
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covariates. This interpretation is consistent with several recent compositional studies 
based on doubly-latent multilevel SEMs. These show that L2Ach effects on sub-
sequent achievement tend to be zero or even negative when appropriate controls 
are included (Dicke et  al., 2018; Televantou et  al., 2015, 2021). However, Becker 
et al. (2022) argued that their results countered the claim that the positive effects of 
L2Ach were merely phantom effects due to methodological issues.

The Becker et  al. (2022) study challenges our conclusion about L2Ach’s nega-
tive effects. However, the role of track is a critical issue in Becker et al.’s research 
based on German secondary schools. In these schools, explicit tracking at the school 
level is determined mainly by school performance in primary school before students 
begin high school (see Marsh et al., 2018). Thus, track reflects a cumulative measure 
of performance in primary school. Furthermore, it is influenced by cognitive and 
noncognitive variables distinct from standardized achievement tests (e.g., motivation 
and conscientious; see discussion by Borghans et al., 2016). Hence, track controls 
preexisting differences beyond those associated with test scores used in most studies. 
However, high-track schools in the German system also reflect better resourcing and 
an advanced curriculum. As such, track is a crude (dichotomous) measure of some 
combination of prior achievement, noncognitive variables, and current resourcing.

Becker et al. found that controlling track substantially reduced the positive effects 
of L2Ach. In one case, these effects even became significantly negative. Concern-
ing peer spillover effects that were a major focus of Becker et al.’s and our study, 
both preexisting differences in achievement and current resourcing differences can 
generate positive biases. Hence, the Becker et al. results are consistent with a phan-
tom-effect interpretation of peer spill-over effects. The apparently positive effects of 
L2Ach are substantially reduced and might disappear altogether—or even become 
negative—with better controls. However, this role of track is somewhat idiosyncratic 
to the German system, where track is a rigidly defined category of school type rather 
than a loosely defined measure of within-school tracking as in the ELS:2002 data-
base. Nevertheless, there is a need for further research that more effectively distin-
guishes the effects of pre-existing differences in achievement and noncognitive vari-
ables, resourcing, and curriculum on peer spill-over effects.

More broadly, it seems likely that all estimated school-composition effects are 
confounded substantially by preexisting differences. These are inevitably under-
controlled, thus at least in part generating phantom effects. Moreover, because the 
biases generated by preexisting differences are so strong, it is unlikely that phan-
tom effects can ever be eliminated entirely in observational studies, no matter what 
covariates are available. Hence, it is a matter of how large these biases are relative to 
observed effects and to the strength of controls for preexisting differences.

However, the implications of these inevitable biases differ fundamentally for nega-
tive contrast effects and positive assimilation effects. For contrast effects, L2Ach 
effects are predicted to be negative (like the negative effects of L2Ach reported here). 
The positive bias due to preexisting differences is conservative concerning this pre-
diction (i.e., the bias works opposite to the prediction). On the other hand, for posi-
tive assimilation effects, preexisting differences positively bias the results (i.e., the 
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bias is in the same direction as the prediction). Because predicted assimilation effects 
are confounded with preexisting differences, it is inevitable that some (or, perhaps, 
even all) observed assimilation effects are due to this bias (i.e., they are due at least 
in part to phantom effects). Consistent with this perspective, both Dicke et al. (2018) 
and Televantou et al. (2021) showed that BFLPEs for ASCs were conservative in rela-
tion to these biases; they became more negative with control for measurement error 
and covariates, including prior achievement. Conversely, apparently positive effects 
of L2Ach on subsequent individual achievement disappeared or became significantly 
negative with control for measurement error and covariates.

Implicit in the Becker et al. (2022) interpretation of positive L2Ach effects is the 
suggestion that there are benefits associated with ability stratification and explicit 
tracking—at least for students in high-achieving schools. However, it is crucial to 
consider this issue in the broader research context on the relation between academic 
excellence and inequality. Based on five cycles of PISA assessments (PISA2000 to 
PISA2012) for 27 OECD countries, Parker et al. (2018) showed that countries with 
greater ability stratification had lower average student achievement. Furthermore, 
Parker et al. also evaluated the effects of changes in ability stratification over time 
for each country. These results showed that countries with increasing ability strati-
fication had decreasing levels of achievement. The adverse effects of ability strati-
fication were particularly evident for low- and average-achieving students. Thus, 
county-level inequality associated with ability stratification is negatively related to 
excellence based on achievement.

Juxtaposing School‑Average Achievement and School‑Average SES

Göllner et  al. (2018) emphasized how L2SES contributes positively to students’ 
long-term success. Their rationale is similar to the arguments by Becker et  al. 
(2022) and many others regarding school selectivity based on achievement. Indeed, 
Göllner et  al. distinguished between “good schools” in terms of school facilities, 
including better teachers and resources (like Becker et  al.’s “instructional pro-
cesses”) and contagion (like Becker et  al.’s positive peer spillover effects). How-
ever, Göllner et  al. suggested that school composition studies rarely consider 
L2SES and L2Ach in the same model (but see earlier discussion of Marsh, 1991; 
Marsh & O’Mara, 2010). As described earlier, Göllner et al. used historical archive 
data from the 1960s to show that L2SES effects were positive but corresponding 
L2Ach effects were adverse. Göllner et  al.’s highly controversial conclusion was 
that the optimal combination is schools with high L2SES but lower L2Ach. Never-
theless, they noted caution given their use of historical data and inherent difficulties 
in disentangling the effects of L2SES and L2Ach and called for further research.

Our results are consistent with Göllner et  al.’s (2018) highly provocative inter-
pretation, juxtaposing the benefits of L2SES and the adverse effects of L2Ach. A 
unique aspect of Göllner et al.’s results is access to 50-year follow-up data. Never-
theless, our results are stronger in many ways (more recent, less attrition, better con-
trols for missing data, more robust demographic control variables, and the inclusion 
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of ASC and GPA as mediating variables). In this respect, the studies complement 
each other, demonstrating the need to consider both L2Ach and L2SES in school-
composition studies.

Strengths, Weaknesses, and Directions for Further Research

Particular strengths of our study are the large, nationally representative ESL:2002 
database, the inclusion of final high school GPA based on official school transcripts, 
and the age-26 outcomes collected following the postschool transition into early 
adulthood. Methodologically, we applied doubly-latent multilevel SEMs with 20 
multiple imputation data sets based on extensive auxiliary variables to control miss-
ing data and strong covariates to control preexisting differences. Although routinely 
used in BFLPE research and increasingly used in L2Ach composition studies, dou-
bly-latent modeling is rare in studies juxtaposing the effects of L2SES and L2Ach (as 
also emphasized by Göllner et al., 2018). Furthermore, many school compositional 
studies were cross-sectional, and few included long-term outcomes as well as multi-
ple waves of high school outcomes. Our study is a substantive-methodological syn-
ergy and has important policy, practice, and parental choice implications.

There are also potentially important limitations to our study. As with all corre-
lational studies, support for a priori hypotheses that imply causality must be inter-
preted cautiously. However, the most important threat to causal interpretations is 
the lack of control for potential covariates that are confounded with compositional 
effects. Here, we considered a robust set of demographic control variables (gen-
der, age, SES, achievement, track, and the composite risk variable). However, their 
inclusion had relatively little impact on the pattern of results in support of our a 
priori predictions (see Supplemental Materials, Sect. 6). Nevertheless, a direction 
for further research is testing the extent to which school-compositional effects gen-
eralize over subgroups based on demographic control variables.

ELS:2002’s initial wave of data is almost 20 years old, and even the final wave 
of long-term outcomes was collected ten years ago. Although somewhat dated, the 
findings contribute to a well-established historical pattern of results, based primar-
ily on US data, that show positive L2SES effects but adverse L2Ach effects. These 
results were evident in large, nationally representative samples in the early 1960s 
(Project “TALENT”, Göllner, et al., 2018; also see reviews by Alwin & Otto, 1977), 
late 1960s (Youth in Transition study, Marsh & O’Mara, 2010; also see Bachman 
& O’Malley, 1986; Marsh, 1987), 1980s (High School and Beyond study, Marsh, 
1991), and 2000s (the current study).

Generalizability of School Composition Effects

We agree with Becker et al. (2022) that the divergence of findings concerning school-
composition effects is due only partly to methodological issues. Becker et al. argued 
that systematic reviews and further research are needed to evaluate the settings and 
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conditions that lead to different effects and “ultimately, which settings may be con-
ducive to offering maximum student benefit” (p. 14). Progress requires substantive-
methodological synergy. Disentangling these competing interpretations requires 
more detailed data and theory about mediating mechanisms. Future research needs to 
include actual pretest data from before the start of high school to control the inherent 
bias in favor of selective schools. It will also be essential to include variables spe-
cifically designed to differentiate the posited effects of assimilation (reflected glory 
and positive peer spillover effects; e.g., Marsh et al., 2000; Trautwein et al., 2006), 
contrast (social comparison effects; e.g., Huguet, et  al., 2009; Marsh et  al., 2014), 
and resources (e.g., expenditure, school facilities, curriculum, class size, and teacher 
qualifications; Becker et al., 2022; Hattie, 2002).

We also note that the size and direction of school compositional effects will vary 
substantially across different outcomes. For example, the effects of L2Ach are more 
negative for ASC, but less negative, nonsignificant, or even positive for achieve-
ment. Even for studies more narrowly focused on test scores as outcomes, the match 
between the curriculum and the tests is likely to be critical. Thus, for example, if 
high-track students study more advanced material and this material is the basis of 
the tests, L2Ach effects are likely to be more positive than for tests based on materi-
als common to all the tracks.

Generalizability of School Composition Effects on Mental Health 
and Nonacademic Outcomes

The research program by Luthar and colleagues demonstrates the adverse effects 
of attending high-achieving schools on student mental health (anxiety, depres-
sion, distress, delinquency, substance abuse, high-risk behaviors, and adverse 
childhood experiences e.g., Ebbert et  al., 2019; Luthar & Kumar, 2018; Luthar 
et  al., 2020). Luthar (2003), Luthar and Ansary (2005), and Luthar and Laten-
dresse (2005) initially identified seemingly paradoxical increased risks of psy-
chological problems for students from affluent families (“affluenza”). However, 
subsequent large-scale multilevel studies by Coley et  al. (2018; also see Lund 
& Dearing, 2012; Lund et al., 2017) showed that these effects on mental health 
problems were due to school compositional effects rather than effects of L1 fam-
ily SES. This led Luthar and colleagues to shift from individual-student char-
acteristics to an emphasis on high-achieving schools (;e.g., Ebbert et  al., 2019; 
Luthar & Kuman, 2018; Luthar et  al., 2020). They also emphasized the impor-
tance of a robust self-concept to children’s mental health, which can be compro-
mised in high-achieving schools where self-worth is based on relative accom-
plishments and social comparison.

Luthar et al.’s (2020) research program complements the research presented here 
in many ways. Both highlight seemingly paradoxically negative effects of attend-
ing high-achieving schools, driven by social comparison processes. In addition, both 
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emphasize important public policy implications for parents, schools, and social pol-
icy, developmental perspectives, and multilevel ecological approaches. Interestingly, 
however, there is surprisingly little cross-citation of the academic outcome studies 
reviewed here and the mental health research by Luthar and colleagues. The major 
exception is Luthar et  al.’s (2020) discussion of the happy-fish-little-pond effect 
(Pekrun et  al., 2019), based on the application of the BFLPE to emotions (rather 
than ASC). In addition, Luthar et  al. (2020) cited Göllner et  al. (2018) as show-
ing that affluent high-achieving schools were associated with poorer long-term edu-
cational and occupational outcomes. This is critical as Göllner et  al.’s study is an 
essential basis of our research.

However, the Luthar et al. (2020) conceptual model goes beyond contrast effects 
driven by social comparison processes posited in the BFLPE model. They empha-
size the pressures to achieve in high-achieving schools (e.g., expectations of par-
ents and teachers, student envy, perfectionistic tendencies, and competition to gain 
acceptance to top universities) and potential interventions to counteract the nega-
tive effects of high-achieving schools. Their research, like ours, also demonstrates 
the importance of unconfounding school-level effects from the effects of individual-
student characteristics. Nevertheless, their research does not fully resolve whether 
the negative effects of high-achieving schools are driven by L2Ach (which remains 
implicit in their model) or by L2SES. Indeed, L2SES rather than L2Ach was the 
basis of the Coley et  al. (2018; Lund & Dearing, 2012; Lund et  al., 2017) stud-
ies which had prompted Luthar et  al. to shift from a focus on L1SES to focusing 
on high-achieving schools. As shown in the present investigation, the distinction 
between L2Ach and L2SES is critical and has important substantive and theoreti-
cal implications. More broadly, it will be important for future research to more fully 
integrate the strengths of these complementary research programs.

Cross‑National Generalizability

Keyserlingk et  al. (2020) recognized the need for cross-national comparisons to 
test the generalizability of school composition effects. We agree that there is a 
need for cross-national studies to evaluate better the generalizability of school 
composition effects and the conditions under which they vary. More broadly, 
cross-national generalizability is an important macrolevel issue. A major limita-
tion of much educational research is overreliance on studies from Western, Edu-
cated, Industrialized, Rich, and Democratic (WEIRD) societies (Hendriks et  al., 
2019)—particularly the US and a few other industrialized countries. This limita-
tion also undermines the generalizability of results based on systematic reviews 
and meta-analyses based mainly on studies from WEIRD countries (see discussion 
by Marsh et  al., 2020). Although evident in most areas of educational research, 
this issue is particularly relevant for the studies considered here, given that these 
studies are based primarily on US and German samples. We illustrated a cross-
national approach, demonstrating the cross-national generalizability of the BFLPE 
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based on data from the Programme for International Student Assessment (PISA) 
and the Trends in International Mathematics and Science Study. Nevertheless, 
these databases’ cross-national (single wave) nature is a major limitation in disen-
tangling school-composition effects from the effects of preexisting differences—
particularly prior achievement.

Conclusions and Implications

Our intent is to change conventional wisdom about the effects of L2Ach and how 
educational psychologists study these constructs. Our substantive-methodological 
synergy brings together strong data, methodological models, and theory to address 
substantive issues with important consequences for policy and practice—a substan-
tive-methodological synergy. The issues at the heart of our research have critical 
implications for parents and policy. For example, parents must choose the schools 
their children attend and even uproot their families to live in areas with “good” 
schools. In addition, policymakers seek to allocate students to schools to maximize 
benefits for all students. For example, good schools are often characterized by those 
with high levels of L2SES or L2Ach. However, there is limited research juxtaposing 
the effects of the  two compositional effects. In addressing this issue, we replicate 
and extend Göllner et al.’s (2018) highly controversial conclusion that the optimal 
balance for a good school is a high level of L2SES but a moderate or low level of 
L2Ach.

There is universal support for the finding that L2Ach has adverse effects on ASC 
(the BFLPE) and related psychosocial variables (e.g., aspirations, interests, and 
emotions). Here, we extend this research. We replicate Göllner et al.’s (2018) find-
ing that L2Ach also negatively affects long-term outcomes in later life. Also, we 
found that the negative effects of L2Ach became more negative after controlling for 
SES at the individual-student and school-average levels. This suggests that research-
ers need to consider both compositional effects simultaneously to understand each 
better. However, there is also a need for stronger theoretical models to explain why 
the effects of L2Ach become more negative after controlling for L2SES. In contrast, 
the positive effects of L2SES are less affected by controlling L2Ach.

In summary, our results and research review suggest negative effects associated 
with L2Ach but positive effects related to L2SES. However, current research—
including our study—has not adequately disentangled these compositional effects 
from competing effects. These include resourcing effects (spending, school facili-
ties, curriculum, class size, teacher qualifications, etc.), assimilation effects 
(reflected glory and positive peer spillover effects), and contrast effects (social com-
parison processes, BFLPEs, and negative peer spillover effects). From this perspec-
tive, we agree with Becker et al. (2022) that we need to stop looking for universal 
conclusions about school compositional effects. Instead, future research needs to 
focus on stronger theoretical models underpinning school-composition effects and 
the conditions and circumstances that maximize student benefits.
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Appendix

Table 5   Glossary of abbreviations used in the present investigation

Abbreviation Definition of the abbreviation

ASC Academic self-concept
Ach Achievement based on test scores

  L1Ach Individual student achievement
  L2Ach2 School-average achievement (aggregate of L1 

achievement)
BFLPE Big-fish-little-pond effect
CFI Comparative fit index of goodness of fit
ELS:2002 Educational Longitudinal Survey of 2002
GPA Grade point average
SEMs Structural equation models
SES Socioeconomic status

  L1SES Socioeconomic status at the level of the individual 
student

  L2SES School-average socioeconomic status
TLI Tucker-Lewis index of goodness-of-fit
Track Academic track (1 = academic, 0 = nonacademic)
WEIRD Western, Educated, Industrialized, Rich, and 

Democratic
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