
Instructional Leadership Moderating the Impact of (In)Congruency 
Between Peer and Individual Student SES on Achievement
Mehmet Şükrü Bellibaşa,b, Burak Aydınb,c, Alex Bowers d, Laura Perrye, and Marcus Pietschb

aInstitute of Leadership in Higher Education and College of Public Policy, University of Sharjah, Sharjah, UAE; bInstitute of 
Educational Sciences, School of Education, Leuphana University, Lüneburg, Germany; cDepartment of Educational Sciences, Ege 
University, Izmir, Turkey; dTeachers College, Columbia University, New York, NY, USA; eSchool of Education, College of Health and 
Education, Murdoch University, Murdoch, Australia

ABSTRACT
The present study aims to investigate how school segregation, as well as the (in) 
congruence between the school and individual SES, can explain the variation in student 
achievement. Additionally, it examines the role of instructional leadership in mitigating 
this association. Using international large-scale assessments (PISA-TALIS link data) from 
seven countries – Australia, Colombia, the Czech Republic, Denmark, Georgia, Malta, and 
Turkey – we applied several multilevel polynomial regressions with response surface 
analyses. The results showed that both individual SES and school segregation have 
a profound impact on student achievement, with varying results across countries. 
Second, we found differential school composition effects, with the school composition 
effect strongest for low SES students in high SES schools. Third, our results do not 
support congruence theory, but they do somewhat favor (in)congruence theory. 
Finally, strong leadership magnifies benefits for low-SES students in high-SES schools 
and for all students at low-SES schools. Implications for policy, practice, and further 
research are discussed.

Introduction

School socioeconomic segregation – the clustering of students by socioeconomic background into separate 
schools – has been increasing in many countries (Bonal & Bellei, 2019). The causes, effects, and implications 
of this trend, and of school composition effects more generally, have been receiving increased attention 
from researchers and policymakers in efforts to mitigate negation consequences for educational equity and 
effectiveness (Crosnoe, 2009; Darling-Hammond, 2014; George & Darling-Hammond, 2019; Paloyo, 2020; 
Perry et al., 2022; Schindler Rangvid, 2003). However, policy solutions for mitigating negative effects are not 
straightforward because several questions remain unanswered or lack definitive answers. These include the 
extent to which school segregation and composition negatively impact students, whether students from 
different socioeconomic groups are impacted differentially, and whether and how school-level processes 
and system-level structures mediate effects (Caldas & Bankston, 1997; Gümüş et al., 2022; Perry et al., 2022; 
Sirin, 2005).

Research indicated that school composition effects are generally positive, with increases in average school 
SES associated with increases in student achievement for all students, regardless of their individual SES. In 
addition, research provided evidence that school leadership, particularly instructional leadership, is impor
tant for student learning (Bellibaş et al., 2025; R. Goddard et al., 2015; Mitchell et al., 2015; Sebastian et al.,  
2019), and it could also play a role in mitigating the negative consequences of SES on student learning 
(Gümüş et al., 2022). However, some questions remain (Gümüş et al., 2022; Gustafsson et al., 2018; 
Langenkamp & Carbonaro, 2018; van Ewijk & Sleegers, 2010). First, are these positive effects the same 
for all students, or do students from particular socioeconomic backgrounds benefit more? Second, can 
school leadership moderates the effects of school composition? Third, is it possible that student achievement 
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is greatest when student and school SES are similar, as suggested by convergence theory, or conversely, 
greatest when they diverge, as suggested by (in)convergence theory? While (in)congruence theory has not 
been extensively examined in the school composition literature, research from social and educational 
psychology suggests that it may play a role (Boucher et al., 2022; Crosnoe, 2009; Gutiérrez, 2022; Paloyo,  
2020). Understanding whether it does is important because it would suggest very different policy solutions, 
and perhaps even different policy agendas.

This study aims to examine these questions. We integrate secondary data from two high-quality, large- 
scale international assessments for seven countries: Australia, Colombia, the Czech Republic, Denmark, 
Georgia, Malta, and Turkey. We applied a polynomial regression with response surface analysis (Shanock 
et al., 2010) to examine the joint combination of two individual and school-level SES in relation to students’ 
reading, math, and science achievements. Additionally, building on Zyphur et al. (2016) and Nestler et al. 
(2019), we utilized a multilevel polynomial regression model to compute response surface parameters 
separately for each country to visualize the effect of (in)congruence between individual and school SES on 
student achievement. Finally, we estimated the same model with(out) moderating the role of IL to 
investigate the contribution of school leadership in mitigating disparities in and across schools derived 
from differences in SES.

Literature Review

Individual SES

Educational researchers have long been interested in SES and its measures because it has dramatic 
consequences for key educational outcomes (Gümüş et al., 2022). “SES corresponds to a complex bundle 
of social and economic factors that are generally but imperfectly correlated” (Farah, 2017, p. 56). This 
definition links SES to material wealth, which is accompanied by noneconomic factors such as occupational 
prestige, social network, and education. Besides, drawing upon the cultural capital framework, researchers 
suggested home educational resources, such as books, computers, and the internet are relevant elements for 
gaining an idea about students’ SES status (Yang & Gustafsson, 2004). In sum, key variables used to estimate 
SES included parental education and occupation status, family income, and the number of certain types of 
possessions available in the student’s home.

OECD has long been using the “Index of Economic, Social, and Cultural Status (ESCS)” as an estimate of 
students’ SES. Considering this measurement, a socioeconomically advantaged student would have parents 
with higher levels of education and occupation – most likely with a degree of post-secondary education and 
semi-skilled occupation. Moreover, on average, high-SES students report having more books and other 
educational possessions at home, such as educational software, computers, and a quiet place to study 
(OECD, 2016). Marks and O’Connell (2021) summarized several factors compromising the quality of ESCS, 
such as constructs not being equal across countries, poor model-to-data consistency on various subscales, 
poor cultural comparability, and poor fit indices of home possessions items.

The impact of SES on student achievement, learning, and development has been well-established in the 
educational literature. This literature is often traced back to the prominent Coleman Report (Coleman et al.,  
1966), which found a strong influence of family background and home environment on student outcomes. 
A cross-cultural comparison conducted by the OECD (2004) revealed that educational inequalities are 
a pervasive global concern, yet with large variations in the extent of inequality observed among different 
countries. To illustrate, the gap between high and low SES students is 56 score points in Iceland, while it is 
110 points in Belgium and Hungary. Additionally, while the link between SES and student achievement is 
strongest among students with lower SES levels for some countries (e.g., Italy and Hungary), it is larger with 
students at the higher SES level for other countries (e.g., Australia, USA, and Turkey) (OECD, 2004).

Peer Effect

While the effect of individual SES on student learning and development has been extensively 
examined, research inquiring into the impact of school-level SES (SSES) – often referred to as peer 
effect – on pupils has remained scarce (Gümüş et al., 2022). More research on this is indispensable 
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because it encompasses meanings, interpretations as well as consequences distinct from those 
associated with individual SES, which are not fully understood (Caldas & Bankston, 1997; Gümüş 
et al., 2022; Sirin, 2005). Yang and Gustafsson (2004) indicated that SSES, which refers to “the 
community’s sociocultural and economic environment” highlights the school differences regarding 
community resources and is used as an indication of school quality (p.48). This definition highlights 
institutional or contextual factors, associating low-SES schools with, for example, lower-quality 
teachers, less involved parents, lower expectations, and less rigorous curricula (Gutiérrez, 2022; 
Yang & Gustafsson, 2004).

Another perspective emphasizes the “contagion” mechanisms, which are often translated as peer effect/ 
or compositional effect (Thrupp et al., 2002) and exhibit their influence as a result of peer interactions. 
Disadvantaged schools are often associated with larger numbers of students who have lower aspirations, 
achievement, and attainment, as well as poorer study habits and more disruptive classroom behavior, which 
collectively has a negative impact on students at these schools (Armor et al., 2018). The implication for peer 
effect extends beyond the mere interaction among peers but also involves various instructional and school 
organizational and managerial processes as well as teachers’ decisions regarding instructional processes 
(Gutiérrez, 2022). This suggests that students would be affected by their peers because the dominant student 
group will be the reference and others will be treated and served in reference to those students (Wilkinson,  
2002). However, as Harris (2010) argues, school-level SES impacts achievement via several mechanisms, 
making it powerful and complex.

Often traced back to the famous report of Coleman et al. (1966), researchers have reported that besides 
students’ individual SES, the SES composition of a school has some consequences for students. A meta- 
analysis reported that a one standard deviation increase in average peer SES was associated with a .32 
standard deviation increase in student achievement after students’ individual backgrounds were taken into 
account, with not much variation across countries (van Ewijk & Sleegers, 2010). In a recent study, utilizing 
the PISA 2018 dataset, Gümüş et al. (2022) found a significant effect of SSES on student achievement in all 
domains (reading, math, and science), favoring students attending a school with affluent peers. Similarly, 
a study based on the 2018 Australian PISA sample concluded that the effect of SSES is stronger than that of 
individual SES for all student performance quintiles (Perry et al., 2022). In another meta-analysis, using 
International Large Scale Achievement Data, Holzberger et al. (2020) showed that SSES is the strongest 
predictor of student outcomes (r = 0.30), even when controlled for other school-level variables, and that 
these effects do not differ between subjects, i.e., student achievement in both math and science.

More recently, Tan et al. (2023), in another meta-analysis based on 480 effect sizes from 97 studies, found 
that SSES, on the one hand, is highly related to student achievement (r = 0.50) but that both the strength and 
magnitude of this association are dependent on specific school process; “The associations of school SES with 
school leadership and teacher quality suggest that higher-SES students may have better learning outcomes 
because competent school leaders and teachers cultivate a positive school climate“ (Tan et al., 2025, p. 291). 
An OECD report, however, indicated that SSES is not significantly related to student achievement in 
reading literacy in some countries (e.g., Denmark, Korea, Finland, and Iceland), calling for a meticulous 
investigation of the issues at the cross-cultural level (Perry, 2007).

Finally, evidence is mixed when comparing the impact of individual and school-level SES. While some 
studies suggest that the effect of SSES on student learning is only slightly less than that of individual SES 
(Caldas & Bankston, 1997). In contrast, other studies have found that the SES of peer groups has a greater 
impact on academic achievement than individual SES (Gustafsson et al., 2018).

Assumptions About Mechanisms of Action

Besides the discussion of which SES has the greater effect on students, educational researchers have 
investigated how the mix of students with different SES in more homogeneous or heterogeneous schools 
influences their achievement. In the present study, we introduce the concept of congruence (or incon
gruence) to explain the mechanisms underlying the relative role of SSES to SES in predicting student 
achievement, based on recent work (e.g., Barranti et al., 2017; Lai et al., 2022; Nestler et al., 2019). 
Congruence suggests that students tend to perform better when their background aligns with that of their 
peers or school environment. For example, when low-SES students are in low-SES schools or high-SES 
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students are in high-SES schools. In contrast, incongruence (where a student’s SES differs significantly from 
the school’s average SES) can create social and psychological mismatches that hinder achievement (see 
Boucher et al., 2022; Crosnoe, 2009; Gutiérrez, 2022; Paloyo, 2020).

Despite a well-established argument that student peers have a considerable impact on student outcomes, 
opposing perspectives and research findings regarding the peer effect render it challenging to ascertain 
policy recommendations (Paloyo, 2020). While the “boutique” perspective, for instance, suggests that 
students perform better when attending a school filled with peers of the same ability level, the “rainbow” 
perspective argues that heterogeneity in the school population may benefit all students (Gutiérrez, 2022). 
The two perspectives are closely related to the (in)congruency effect (Barranti et al., 2017). Accordingly, the 
congruence between individual and peer SES (boutique perspective) would yield better student outcomes; 
whereas, the rainbow perspective suggests that students perform better when attending a school where there 
is high incongruence (mismatch) between their individual SES and that of their peers (Gutiérrez, 2022). 
A “little frog big pond” perspective, however, emphasizes the adverse effects that may arise from evaluating 
students based on their relative position within the school, pointing to the disadvantage that a low SES 
student who attends a school with predominantly high SES students might face because of being compared 
with other students in a more competitive context (Crosnoe, 2009), particularly in the case of large 
segregation among high and low achieving students with a lower population of moderate achieving ones 
(Bolletta, 2021). This idea is closely related to the concept of group-based “contagion” (Harris, 2010), which 
posits that a student follows the lead of other students, especially those perceived as members of their own 
group. According to this approach, there may be multiple groups in schools that directly influence each 
other, while also influencing school resources and processes (e.g., teachers and instruction), and thus have 
indirect effects on other peers within the school. Similarly, a more nuanced finding regarding the group- 
based peer effect contradicts the mainstream idea of the linear effect assumption that students are 
influenced by the average outcome of their peers; rather, for the positive behaviors (e.g., GPA and study 
effort) the more active agents among their peers mattered the most while for the negative behaviors 
(troublemaking), the less active individuals had a larger influence (Boucher et al., 2022).

Policy recommendations are often based on research that focuses on the peer effect on the educational 
experience and outcome of low-SES students. One problem in the present literature is that insufficient 
attention is given to high-SES students in low-SES schools. Using a longitudinal data set that tracks students‘ 
transition from elementary to middle school, Langenkamp and Carbonaro (2018) found that non- 
disadvantaged students might suffer more than advantaged students from high-poverty elementary schools. 
Using Free and Reduced Lunch (FRL) as an indication of SES, they reported “Non-FRL students are more 
sensitive to percentage FRL in [elementary schools]: the 20% versus 80% FRL gap for non-FRL students is 
a difference in gains of 13.9 points, whereas it is only 4.2 points for FRL students. Indeed, non-FRL students 
in high-poverty elementary schools have the lowest growth rate among the six groups”. Moreover, a recent 
review (Paloyo, 2020) found that both measures and results are highly context-specific, raising doubts about 
the generalizability and transferability of empirical findings and policy solutions, pointing out the need for 
more data and empirical investigation of the issue.

Cross-Cultural Differences

The research evidence regarding segregation and its impact is mixed and likely to vary across countries, 
research publications, time, status, and research methodologies (Boman, 2023; Thrupp et al., 2002). It is 
found that the majority of developing countries are suffering from school segregation, leading to severe 
SES differences among schools, and as a result, compared to developed countries, students in these 
countries are more likely to carry the burden associated with their SES (Gustafsson et al., 2018). In the 
USA, the busing policy supporting the incongruence of peer and individual SES for desegregation 
purposes has led to a reduction in educational disparities. Students who are transported to “better” 
schools through busing show enhanced academic performance, without suffering a decline, compared to 
those who are already assigned to high-quality schools, providing supporting evidence for the half- 
century effort of U.S. educational policy to desegregate schools (George & Darling-Hammond, 2019). 
This is consistent with the results from Danish schools, where the positive effect of being among high- 
achieving students is larger for low-performing disadvantaged students than high-performing ones 
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(Schindler Rangvid, 2003). On the other hand, there is also opposing evidence that elicits the need for 
further investigation of the issue. For example, the work of Crosnoe (2009) supported the “frog pond” 
effect, showing evidence that disadvantaged students in higher SSES schools in the USA experience 
reduced coursework levels and increased psychosocial complications relative to similar students in 
lower SES schools, which is likely to hinder the potential achievement benefits associated with positive 
peer effect.

Instructional Leadership (IL) and Student Achievement

The notion of IL has often been traced back to the 70s, indicating that principals in these schools were 
instructional leaders who spent time to improve teaching and learning in their schools (Edmonds, 1979). 
They hire high-quality teachers, protect their instructional time, create a positive school environment, 
observe teaching, provide feedback (Guthrie & Willower, 1973), and use teaching data to increase teacher 
performance (Zechman, 1977). Their focus is on improving teaching and promoting student learning 
(Edmonds, 1979). Synthesizing the early research, Hallinger and Murphy (1985) developed a more struc
tural and extensive definition of IL, which has received considerable recognition from educational research
ers worldwide. This suggests that instructional leaders develop academic goals and communicate these goals 
to the staff; they coordinate curriculum, monitor student academic achievement, and observe teaching. Such 
leaders protect instructional time, promote professional learning, reward high-quality teaching and student 
learning, and maintain visibility in schools (Hallinger, 2005).

Since the introduction of IL to educational literature, researchers have been extremely concerned with 
the association between this leadership type and student achievement (R. Goddard et al., 2015; Larsen, 1987; 
Mitchell et al., 2015; O’Donnell & White, 2005; Sebastian et al., 2019). With a wide variety of analytic 
strategies and approaches to the investigation of the association between leadership and student achieve
ment, they have consistently reported that principals’ enactment of IL is essential for school improvement 
and enhanced student learning (O’Donnell & White, 2005; Robinson et al., 2008; Sebastian et al., 2019). For 
example, consistent with school effectiveness research, early researchers often conducted a comparative 
analysis between the frequency of IL in schools that exhibited high academic achievement and those that 
demonstrated low academic performance and reported that in schools where student achievement was 
higher, the principals were also ranked significantly higher in terms of their involvement in IL (Larsen,  
1987). Another group of researchers has examined the direct associations. For instance, after controlling for 
students’ socio-economic status in a regression model, O’Donnell and White (2005) found a direct relation
ship between the frequency of principals’ involvement in practices to promote a learning climate in the 
school and student reading and math achievement. Similarly, Sebastian et al. (2019) found a direct link 
between principals’ IL profiles and student learning. Another line of research examined the indirect 
association between IL and student achievement using mediated-effects models and found a myriad of 
factors mediating this relationship including but not limited to academic press (Mitchell et al., 2015), 
teacher collaboration and collective efficacy (R. Goddard et al., 2015) and conditions for high-quality 
teaching and learning (Day & Sammons, 2020). Finally, Robinson et al. (2008) compared the effect of IL on 
pupil learning with that of other leadership types in an extensive meta-analysis and concluded that “the 
average effect of IL on student outcomes was three to four times that of transformational leadership” 
(p. 635). However, recent studies, drawing on International Large-Scale Assessment (ILSA) data, show that 
both the understanding and measurement (Eryilmaz & Sandoval Hernandez, 2021) and the effects of IL on 
student achievement significantly vary between contexts (Pietsch et al., 2023).

The Role of IL in Educational Disparities

The issue of educational disparities underlies the social engineering of schooling (Wilkinson, 2002). 
State-level educational policies across the globe can be effective to the extent that they reduce the 
negative consequences of SES differences between students and schools (OECD, 2004). The policies 
aimed at reducing the student performance gap due to individual or institutional socio-economical and 
cultural differences have been diverse and varied, and so are the underlying causes contributing to this 
gap (Jeynes, 2015). The research found variations in countries‘ ability to address this issue. Some 
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countries, mostly developed ones, were more effective than others in mitigating the impact of individual 
and peer SES on student learning through compensatory measures, such as fostering a safe and orderly 
school climate and prioritizing high-quality teaching and student academic success (Gustafsson et al.,  
2018).

These systems focused on school leadership, with a particular emphasis on teaching and learning, which 
was positively related to improved schools and student learning, especially in disadvantaged contexts 
(Demie, 2023; R. D. Goddard et al., 2017). Teddlie et al. (2002) found that in effective low-SES schools, 
principals had stronger control of instruction and a task orientation, whereas in effective high-SES schools, 
the control of instruction was low to moderate, and moderate concerning task orientation (Teddlie & 
Stringfield, 1985). Consistently, Darling-Hammond (2014) has emphasized key aspects of interventions that 
can help reduce the achievement gap among students in low SES schools: supporting students with high- 
quality teaching and teachers, developing a high-quality curriculum, and establishing a positive learning 
environment conducive to teaching and learning. R. D. Goddard et al. (2017) found empirical evidence that 
IL reduces inequalities in student outcomes. In a more nuanced empirical study, Gümüş et al. (2022) 
derived evidence from the 2018 PISA dataset that supports the IL role of school principals, reporting that IL 
intervenes in the mechanism of SSES and student learning and weakens the strength of the connection.

Present Study

Specifically, it examines whether these positive effects are uniform across all students or disproportionately 
benefit those from particular socioeconomic backgrounds. It also investigates whether instructional leader
ship (IL) can moderate the influence of school SES composition on student outcomes. Finally, it explores 
whether student achievement is maximized when individual and school SES levels align, in line with 
congruence theory, or when they diverge, as suggested by incongruence perspectives.

Our review of the literature showed that despite a general tendency of empirical findings to favor 
attending an affluent school (Gümüş et al., 2022; Holzberger et al., 2020; Tan et al., 2023), the match or 
mismatch between student individual SES and school composition could lead to various results in terms of 
their impact on student achievement (e.g., Burke & Sass, 2013; Gibbons & Telhaj, 2016). While certain 
studies have indicated favorable outcomes resulting from the placement of low-ability students alongside 
high-performing peers (Burke & Sass, 2013), contrasting research has demonstrated either no effects or even 
proposed a detrimental influence (Gibbons & Telhaj, 2016). The research evidence within this corpus is 
likely to vary across nations and studies (Paloyo, 2020). Particularly based on previous assumptions about 
SES and student achievement that were highlighted in the literature above (Crosnoe, 2009; Gutiérrez, 2022; 
Harris, 2010), it is essential to comprehend how the match and mismatch (Barranti et al., 2017) between 
peer and student SES could influence their learning outcomes in different nations. Aiming to address this 
issue, we pose the following research question:

(1) How does the effect of (in) congruence between students’ individual SES and peer SES on student achievement in 
reading, science, and math across different countries?

Additionally, school factors that might intervene in this mechanism are not fully understood across 
countries (Perry, 2007). Particularly IL, which is strongly related to student learning (Robinson et al.,  
2008), might serve as a key mechanism in addressing issues of disparities in schools (Demie, 2023). 
Improving teaching and learning through strong leadership might lessen inequalities in student achieve
ment (R. D. Goddard et al., 2017). The work of Gümüş et al. (2022) reported that principals IL could reduce 
the deleterious effect of negative peer effect on student learning, but did not address whether it might make 
a different impact on different students (e.g., high versus low SES students in low SES schools). Additionally, 
the fact that the impact could vary across countries, as indicated in the literature, is often ignored. Therefore, 
this research will examine the role of principals’ IL in shaping the effect of match or mismatch between 
students’ individual and peer SES on achievement. The second key research question that will be addressed 
in this research is:

(2) How do principals’ IL moderate the effect of (in)congruence between students’ individual SES and peer SES on 
student achievement in reading, science, and math across different countries?
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Method

Data Source

In this study, we used the linked datasets of the Teaching and Learning International Survey (TALIS) and 
Programme on International Student Assessment (PISA) conducted in 2018. Ideally, the OECD aims first to 
select 150 schools from each country and ensure the inclusion of at least 20 students from each school. 
TALIS, the second dataset used in this study, was also designed, and administered by OECD and involves 
a wide variety of information about schools, teachers, and principals. The main sampling strategy of TALIS 
is to select 200 schools from each participating country and then select 20 teachers from each school. OECD 
created school weights (SCHWGT) to adjust for a more representative sample in the data analysis (OECD,  
2019a, 2019b).

In this study, we utilized PISA-TALIS-linked data. The link data, however, is available for only 
nine jurisdictions: Australia, Buenos Aires, Colombia, the Czech Republic, Denmark, Georgia, 
Malta, Turkey, and Vietnam. We used school-level variables of TALIS as the host data and 
combined that with the PISA dataset using the PISA-TALIS link identifier and pairing the school 
data with each student in that school. After combining both datasets, the initial student sample was 
32,032. We excluded Buenos Aires from the analysis as it did not provide a representative sample 
for the entire country. Similarly, we did not include Vietnam due to the lack of plausible values for 
student achievement, which were crucial for our analysis.

Variables and Measures

A combined TALIS and PISA data include variables at two levels: the student and the school. At the student 
level, we used student achievement scores in three subject areas: math, science, and reading as the key 
dependent variables. Instead of using a single achievement score, OECD developed 10 plausible values for 
each subject area. In this study, we employed each of the plausible values for the analysis as recommended 
by many researchers (Lorah, 2018). At the student level, we used the Index of Social, Economic, and 
Cultural Status (ESCS) for the socioeconomic status (SES) of individual students as one of our main 
independent variables (OECD, 2019a).

At the school level, we have two main independent variables, school-level socio-economic status (SSES) 
and IL. We used PISA’s ESCS index and aggregated it to the school level to create a school composition of 
SES. As for IL, OECD created an index of school leadership (T3PLEADS) based on Exploratory Factor 
Analysis (EFA) and Confirmatory Factor Analysis (CFA). In the construction of this scale, principals were 
requested to indicate the frequency with which they engaged in the following activities within their school 
over the past 12 months. An example is “I took actions to support co-operation among teachers to develop 
new teaching practices” (TC3G22D).

Analytic Strategy

For our analyses, we applied a polynomial regression with response surface analysis (Shanock et al., 2010), 
as this non-linear approach allows us to investigate whether the joint combination of two predictors relates 
to a specific outcome. Hence, building on Zyphur et al. (2016) and Nestler et al. (2019), we utilized 
a multilevel polynomial regression model to compute response surface parameters separately for each 
country. Equation 1 provides the combined model in which all variables are continuous, and a student-level 
outcome (YijÞ is predicted by observed variables. All predictors were created based on a single student-level 
(XijÞ and a single school-level (WjÞ predictor; 
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where Yij is a standardized plausible value for one of the three achievement domains, Xij is the 
standardized student ESCS, Xj is the school average of Xij and Wj is the standardized T3PLEADS 
scores. As Snijders and Bosker (2012, p. 88) noted including random slopes for group-mean 
centered level-1 variables (i.e., Xij � Xj) should have strong theoretical justifications, otherwise 
researchers are advised to be reluctant to include such slopes; hence, Equation 1 is a random 
intercept model. Nestler et al. (2019) defined Equation 1 as the conditional multilevel response 
surface analysis (MRSA) model and demonstrated a pick-a-point approach to compute surface 
parameters with a level-2 moderator (i.e., Wj).

To account for interactions and investigate curvilinear associations between SES and SSES, we 
created squared terms of these variables as well as interaction terms between both variables and IL. 
Further, we estimated MRSA parameters a1-a5 for the impact of IL on the SSES and SES association 
with student achievement. Both a1 and a2 indicate the line of congruence i.e., the extent to which the 
two individual and peer SES match matters. a3 – a4 indicates the lines of incongruence and deals with 
to what extent mismatches matter (Barranti et al., 2017). Here, a1 examines the extent to which SSES 
and SES match; a2 investigates if this matching is of similar importance at all levels of SSES and SES 
and, thus, curvilinearity; a3 assesses the extent to which the direction of discrepancy or incongruence 
between SSES and SES predicts student achievement; a4 tests if the curvilinear association between 
SSES and SES matter with regard to student achievement; and, a5 evaluates whether a congruence 
effect is observable, that is, it tests if corresponding values on SSES and SES are better than 
discrepancies (Lai et al., 2022). However, interpretation of MRSA parameters must be done holisti
cally with regard to congruence effects: Strict congruence is supported if (i) a1, a2, and a3 do not 
significantly differ from zero, (ii) a4 is significantly negative, and (ii) a5 is not significantly different 
from zero (Nestler et al., 2019). Humberg et al. (2022) provide a comprehensive demonstration of 
holistic interpretation examples, offering valuable insights for readers. For our study, if a4 ≠ 0, a1 0, 
and a5 = 0, a broad congruence effect is observable, which indicates that SSES-SES congruence 
influences student achievement, while, at the same time, predictor variables are allowed to have 
common main effects in addition to a congruence effect. As we intended to investigate how the effect 
of IL on student achievement is mediated by these relations, we modeled this multi-level association 
and, hence, reported various values for the MRSA parameters, following Holzberger et al. (2020): a1 
-a5 values for average IL (suffix: lead = 0), and one SD above (suffix: lead = 1) and below (suffix: lead  
= −1) the average. Consequently, these values thus show whether differences in the MRSA parameters 
can be found in schools with very high or very low IL and to what extent student performance differs 
as a result.

In our analyses, we first utilized an R code to automatically split the PISA-TALIS data set into subsets 
across countries, achievement domains, and further across each plausible value, resulting in a subset that has 
an achievement score, ESCS, T3PLEADS, and relevant sampling weights. We then rescaled variables (i.e., 
separately for each country) to have a mean of zero and a standard deviation of 1. Following the 
z-standardization, we computed predictors in Equation 1 to run the multilevel model using Mplus 
(Muthén & Muthén, 2021) with the model constraint command to compute the surface parameters along 
with the difference test of these parameters when Wj ¼ �1 and Wj ¼ 1. The multilevel model with Mplus 
utilized an imputation approach pioneered by Rubin (1987) and Schafer (1997) to combine results obtained 
from the analysis of each plausible value (Arıkan et al., 2020; OECD, 2009). Further, in the multilevel model, 
both student and school weights are considered, assuming missing values occurred completely at random 
the full information maximum likelihood to address missing data was used. In the final analytical step, we 
simulated datasets based on the multilevel model outputs to employ the R package RSA (Schönbrodt & 
Humberg, 2023) and multilevelRSA function (Nestler et al., 2019) to create response surface graphs.

Results

Descriptive Results

The plausible values and predictors were standardized at the country level and hence had a mean of 0 and 
a standard deviation of 1, an approach to compute partially standardized regression coefficients as an effect 
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size measure (Lorah, 2018). Table 1, separately for each country, reports the number of schools, average 
cluster size, intraclass correlation coefficient (ICC) for the outcome, and minimum and maximum values 
for the predictors. The number of schools varied between 49 and 182 and the average cluster size varied 
between 18.35 and 68.37. The smallest ICC values were observed for Denmark (i.e., .15) and the largest ICCs 
were observed for Turkey (i.e., .56) and justified the use of multilevel modeling, indicating a comparatively 
high between-school segregation in Colombia, the Czech Republic, Georgia and Turkey, and a rather low 
social segregation in the other countries under study. The largest minimum predictor values were −7.01, 
−2.40, and −3.70, respectively, for SES, SSES, and IL. The largest maximum predictor values were 5.09, 2.03, 
and 2.46, respectively, for SES, SSES, and IL.

Model Testing

The results of multilevel polynomial regression model are reported separately for each achievement domain 
(i.e., Mathematics, Reading and Science) in Tables 2–4 for the seven countries. Consequently, 21 different 
model outputs were reported following the approach suggested by several researchers (Barranti et al., 2017; 
Humberg et al., 2022; Nestler et al., 2019) and the results are mainly threefold: (a) covariate effects, (b) 
surface parameters (i.e., a1, a2, a3, a4, a5) for Lead ¼ �1 and Lead ¼ 1, and (c) difference test for the surface 
parameters within a model.

It is worth noting that student-level SES had a significant and positive effect across all models. The effect 
of individual SES varied across jurisdictions and achievement domains (see Tables 2–4). The largest SES 
coefficient was detected for Denmark’s reading outcome (BSES = 0.30, p < .01); whereas the smallest SES 
coefficient was detected for Turkey’s mathematics outcome (BSES = 0.06, p = .02). This means that indivi
dual SES has a more prominent influence on reading achievement in Denmark compared to mathematics 
achievement in Turkey. Similarly, SSES also had a significant and positive effect across all models, showing 
evidence of peer effect in all jurisdictions and achievement domains. The largest SSES coefficient was 
detected for the Czech Republic’s mathematics outcome (BS-SES = 0.88, p < .01); whereas the smallest S-SES 
coefficient was detected for Georgia’s science outcome (BSES = 0.36, p < .01). The effect size of SSES is overall 
larger than that of individual SES, meaning that school composition effect exerts more impact than students’ 
individual backgrounds. Overall, SSES is consistently greater than that of individual SES. This implies that 
the backgrounds and outcomes of peers have a more significant influence compared to the individual 
socioeconomic backgrounds of students. However, the effect of SES and SSES was not linear except for 
Austria and Turkey. For example, the quadratic term for SES (i.e., SES2) was negative and significant when 
predicting Malta’s achievement scores (e.g., BSES

2= −0.04, p = .01 for mathematics). This indicates that at 
lower levels of SES, an increase in SES is associated with a greater positive impact on student achievement; 
however, as SES continues to rise, the additional impact on achievement becomes smaller. The quadratic 
term for S-SES (i.e., S-SES2) was positive and significant for Columbia and Georgia (e.g., BS-SES

2 = 0.19, p = 
.01 for Columbia reading scores), meaning that in both countries the impact of peer effect on student 
achievement will increase in advantageous schools (high SSES); the cross-level interaction between SES and 
S-SES was positive and significant when predicting Denmark’s achievement scores (e.g., BSES x S-SES = 0.18, 
p = .02 for mathematics). At last, the leadership scores formed interactions with S-SES when predicting 
Denmark’s reading scores (i.e., BS-SES × Lead = 0.22, p = .02). This shows that the impact of individual SES 

Table 1. Sample, ICC and descriptive statistics.
Sample Size ICC Min. Value Max. Value

Country J n Math Read Scie SES S-SES Lead. SES S-SES Lead.

AUS 131 18.35 .22 .18 .18 −3.31 −1.49 −2.89 2.67 1.27 1.77
COL 152 30.93 .40 .39 .33 −2.41 −2.40 −2.54 3.15 1.72 1.49
CZE 182 23.07 .37 .41 .38 −7.01 −1.69 −3.05 4.23 1.16 2.38
DNK 102 22.46 .17 .15 .15 −3.64 −1.32 −2.33 2.57 0.98 2.46
GEO 134 23.58 .30 .31 .31 −6.24 −1.74 −3.70 5.09 1.26 2.37
MLT 49 68.37 .21 .24 .20 −3.99 −1.03 −3.09 3.98 1.00 2.40
TUR 143 38.95 .54 .56 .56 −2.57 −1.26 −3.04 3.49 2.03 2.08

Note: J (number of schools) and n (average cluster size) were taken from the Mplus output for the conditional model, SES is the group mean 
centered standardized-ESCS, S-SES is the group mean of standardized-ESCS, Lead is the standardized-T3PLEADS; ICC; Intra-class correlation, AUS: 
Australia, COL: Colombia, CZE: Czeck Republic, DNK: Denmark, GEO: Georgia, MLT: Malta, TUR: Turkey.
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on math achievement is larger in high SES schools and leadership increases the strength of association 
between peer effect and student reading achievement only in Denmark.

The surface parameters were computed based on the regression coefficients following the pick-a-point 
approach introduced by Nestler et al. (2019), separately for low and high leadership scores (i.e., Lead ¼ �1 
and Lead ¼1). A consistent pattern was observed for the first surface parameter (i.e., a1) across all countries, 
all achievement domains, and both low and high Lead scores. Interpretation of these values (a1-a5) should 
be carried out alongside the graphs (see Figure). A positive a1 value indicates that the outcome is higher with 
a congruence at the higher level (Barranti et al., 2017). Our analysis revealed that all a1 values were positive 
and statistically significant, regardless of school leadership, suggesting that student achievement is expected 
to be higher for high SES students in high SES schools. The largest a1 value was detected for Denmark’s 
reading scores for high lead scores (a1|lead =1 = 1.25, p < .01), and the smallest a1 value was detected for 
Georgia’s reading scores for low lead scores (a1lead = −1 = 0.45, p < .01). This means that regardless of 
leadership, high SES student attending high SSES will score better. However, a significant difference 
between weak and strong leadership was observed only in the Czech Republic (a1-difference = −0.28, p  
= .04) and Denmark (a1-difference = 0.54, p = .01) for reading scores, meaning that while IL is making 
a positive difference in Denmark, the impact is negative in the Czech Republic. A positive a2 value shows 
that the outcome is higher when two variables match at more extreme levels than at midrange levels 
(Barranti et al., 2017). Our results showed significant and positive a2 values for a few models; for example, in 
Columbia the reading scores for both low and high leadership scores (e.g., a2lead = −1 = 0.37, p = .01); 
however, the a2 values were insignificant in 15 out of 21 models, indicating that the relationship between 
achievement along the line of SES and SSES agreement is linear. Additionally, the difference between low 
and high leadership was only significant for the reading parameter in Denmark (a4-difference = 0.49, p  =  .04). 
A positive a3 value shows that the outcome is higher when one predictor is higher than the other predictor 
(Barranti et al., 2017). In our model, a3 value was significantly lower than 0 in 13 out of 21 models (e.g., 
a3lead = −1 = −0.47, p<.01 for Austria’s mathematics scores). All high leadership values were negative and 
significant for all domains. The non-significant values were detected for low leadership values for Denmark 
and Georgia across all achievement domains. a4 deals with whether matches are better or worse than 
mismatches. A positive value means that the outcome is higher when the two predictors deviate from one 
another rather than match (Barranti et al., 2017). In our model, a4 value was non-significant in 19 out of 21 
models and significant only for Turkey’s mathematics scores when leadership was low (a4lead = −1 = 0.35, p = 
.02) and Denmark’s reading scores when leadership was low (a4lead = −1 = −0.54, p = .04). Additionally, the 
difference between low and high leadership was only significant for reading parameter in Denmark 
(a4-difference = 0.78, p = .01). Finally, the fifth surface parameter a5 value was also non-significant in 16 out 
of 21 models but negative and significant for Turkey’s mathematics scores with low lead (a5lead = −1 = −0.30, 
p = .03), Georgia’s mathematics (a5|lead =1 = −0.38, p = .03) and reading scores (a5|lead =1 = −0.39, p = .01) 
with high lead, and Columbia’s reading (a5|lead =1 = −0.18, p = .03) and science scores (a5|lead =1 = −0.22, p = 
.02) with high lead.

The interpretation of MRSA parameters must, however, be made holistically about congruence effects 
(Humberg et al., 2022). Based on the criteria highlighted in the data analysis section (Nestler et al., 2019), we 
conclude that our results do not support either a broad or a strict congruence effect because all a1 
parameters are significantly different from zero. In addition, a4 is not significant in almost all cases, 
which means that the surface does not predict that students will achieve better in the case of congruence 
between SES and SES. When a3 is significantly different from 0, the surface also contradicts a congruence 
effect. This overall indicates that SSES-SES congruence does not matter for student achievement. In many 
cases, a3 was negative and significant, while a4 was always insignificant, indicating a negative linear LOIC. 
This means student achievement is higher when SSES and SES diverge. This seems to be the case in almost 
all domains and countries when there is stronger IL (lead = 1), but not everywhere when leadership is weak 
(lead = −1). We therefore suggest that the mixing of students from various backgrounds, in general, has 
positive effects, especially in schools with strong IL.

As seen in Figures 1, 2 and 3, low SES students’ math, reading and science achievement in high SES 
schools declines when there is weak leadership. However, in the case of strong leadership, all students in 
low-SES schools and low-SES students in high-SES schools benefit to a large extent. The gain seems to be 
larger for reading, particularly for students attending a disadvantaged school. In the Czech Republic, IL 
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Figure 1. RSA of SES and SSES for math achievement at low, average and high leadership.
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Figure 2. RSA of SES and SSES for reading achievement at low, average and high leadership.
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Figure 3. RSA of SES and SSES for science achievement at low, average and high leadership.
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supports student science achievement, particularly for those attending disadvantaged schools. In Turkey, 
interestingly, stronger IL means less math and science achievement for students who attend a school that 
does not match their individual SES. In Georgia, IL contributes to the overall math and reading achievement 
of students attending a school surrounded by disadvantaged peers. In Malta, leadership seems to make some 
difference in the math achievement of students enrolled in low-SES schools and low-SES students enrolled 
in high-SES schools.

Discussion

Our findings have several theoretical contributions. First, we find that student achievement is 
associated with both school and student SES, and much more strongly with the former than the 
latter, confirming the work of Sirin (2005). Second, our results show differential school composition 
effects, with the school composition effect strongest for low SES students in high SES schools. 
Conversely, we found that high-SES students can suffer from attending schools dominated by low- 
SES communities. These results appear to support both boutique and rainbow perspectives, but for 
different student groups (Gutiérrez, 2022). It supports the boutique perspective by indicating that the 
match between individual and peer SES would yield better student outcomes. However, our results 
indicate that this is true only if the match occurs at a high SES level. Additionally, the rainbow 
perspective suggests that students perform better when attending a school where there is a mismatch 
between their individual SES and that of their peers (Gutiérrez, 2022). We found that this is also true, 
but for students from low-SES backgrounds. However, our results did not support the “little frog big 
pond” perspective, pointing to the disadvantage that a low SES student attending a school with 
predominantly high SES students might face due to being compared with other students in a more 
competitive context (Crosnoe, 2009).

Third, the findings in our second point explain why our results do not support congruence theory but do 
support somewhat (in)congruence theory. Incongruence theory is supported by the fact that low SES 
students benefit more from attending high SES schools than from attending low SES schools; high SES 
students also benefit from attending a high SES school, but not to the same extent as their low SES peers. 
Fourth, IL moderates the relationships between student SES and school SES, as well as student achievement. 
Strong IL magnifies benefits for low-SES students in high-SES schools, as well as for all students at low-SES 
schools. It also ensures optimal achievement in socially mixed schools. Finally, our results analyzing the 
interactive effect of SSES and SES as well as the role of leadership in predicting student achievement across 
three subject matters produce varying results based on country context. For example, we found that while IL 
is making a positive difference in Denmark, the impact is negative in the Czech Republic.

With regard to education policy, however, the results highlight that policy borrowing (Burdett & 
O’Donnell, 2016) may be problematic. This is because while we found positive effects of leadership in 
one country, we found negative effects in another. This means that what may be a good solution in one 
country to achieve social justice in education and more effective schools may have no effect, or even 
a negative one, elsewhere. This begs the question of why this is the case. As Burdett and O’Donnell (2016) 
note, education systems are complex and sociopolitical systems in their own right, as is the practice of policy 
borrowing itself. Accordingly, a variety of actors with different agendas and goals are involved in the 
development of education. This, again, occurs in various contexts, which in turn shape individual and 
institutional actions. In this regard, Silver (1994) has long shown that concepts of inequality vary across 
societies and encompass different mechanisms of exclusion. For example, in liberal societies, individuals 
and their families are responsible for their full inclusion and integration into society, and education serves as 
a means to achieve this (Alexiadou, 2002). In republican systems based on solidarity, on the other hand, 
education serves to forge stronger bonds between the individual and society (Zay, 2005). In this respect, the 
role of the social composition of a school and a school’s leadership might also be linked to these 
orientations.

In terms of research, it should be noted that the RSA approach used also allows for the testing of 
additional hypotheses (Humberg et al., 2022; Schneider et al., 2022), i.e., 1. An optimal margin 
hypothesis, which examines whether student achievement can be maximized (or minimized) when 
school-level SES and individual SES differ by a certain amount, 2. An interaction hypothesis, which 
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examines whether the effect of individual SES on achievement is linear, with school-level SES 
moderating this association, or 3. A reverse congruency effect hypothesis, which evaluates whether 
individual student achievement is associated with a high discrepancy between individual and school- 
level SES in either direction. Although computationally challenging, it would also be relevant and 
important to use longitudinal and dynamic RSA models (Deventer et al., 2019) to examine how the 
interplay of individual and school-level SES and their joint influence on student achievement 
trajectories over time.

Limitations and Suggestions for Future Research

Our study has several limitations. First, our findings cannot be used to establish causality as our data are 
cross-sectional and our model is correlational. Furthermore, our regression model is moderately complex, 
which requires careful interpretation. We treated each country as a separate case; therefore, we did not 
adjust for multiple comparisons. We standardized student achievement, SES, and IL variables separately for 
each country. Specifically, for the IL variable, we were interested in one standard deviation below and above 
the country’s average; hence, we did not focus on measurement invariance. Future research could utilize 
longitudinal data and a quasi-experimental design to validate our findings.

Second, our seven countries have very different social, demographic, and economic contexts. Our results 
show broad patterns regarding the associations between school SES, student SES, student achievement, and 
IL, which suggests that these associations largely hold true even in very different national contexts. 
However, we also found contradicting results across countries; it is beyond the capacity of a single study 
to explain all the contradictions in seven countries. We believe that more in-depth analyses of individual 
contexts or comparisons of “like“ countries would yield more nuanced results. For example, future research 
could test these associations in countries such as Australia, the US, Canada, the UK, and New Zealand, as 
well as in countries like those in Scandinavia (Denmark, Finland, Norway, Sweden, and Iceland). Such 
comparisons are powerful for controlling for societal-level contextual factors when experimentation is not 
possible (Manzon, 2007).

Conclusion and Implications

Some commentators have suggested that efforts to reduce school social segregation may be a zero-sum 
game, with gains in achievement for low SES students offset by losses for high SES students. Our results do 
not support this concern; instead, they point to the possibility of reduced achievement gaps and overall 
greater achievement, especially when supported by strong instructional leadership. We therefore conclude 
that education policymakers who are interested in increasing educational effectiveness, efficiency, and 
equity should reduce school social segregation and promote strong IL.
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