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Research shows that students' non-academic attributes, such as forms of engagement, dispositions, and social and emotional skills, are associated with a range of outcomes—including academic performance. However, little research has investigated the effects of school peer non-academic attributes on academic performance. This study begins to address this gap in the research literature by examining the effects of 10 measures of school peer non-academic attributes. Importantly, most of the non-academic attributes examined in this study are malleable through school-based interventions. The results show that five measures of school peer attributes have medium to large effects on academic performance, including collaboration skills (a social-emotional characteristic), conscientiousness and belonging (dispositions), and cognitive and behavioral engagement. In contrast, the corresponding effects of students' own non-academic attributes were uniformly smaller. These findings indicate that the non-academic attributes of one's school peers play an important role in academic performance above and beyond one's own non-academic attributes. These results suggest that school-wide interventions and instructional practices designed to improve the non-academic skills of all students will provide additional benefits compared with interventions focusing on students with the most under-developed non-academic attributes.
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INTRODUCTION

Research shows that students' non-academic attributes, also referred to as non-cognitive skills and twenty-first century skills, are associated with academic performance (Durlak et al., 2011; Farrington et al., 2012; OECD, 2013, 2015). Other research shows that the student composition of the school one attends, especially socioeconomic composition, can influence a range of student outcomes (Palardy, 2008, 2013, 2015b, in press; Borman and Dowling, 2010; Perry and McConney, 2010; Van Ewijk and Sleegers, 2010; Konstantopoulos and Borman, 2011). However, little research has specifically examined the associations between school peers' non-academic attributes and academic performance. This is a noteworthy gap in the literature because research suggests that school peers influence a range of student attitudes, aspirations, and outcomes, including behavior, academic performance, educational aspirations, and drug use (Hallinan and Williams, 1990; Mounts and Steinberg, 1995; Jang, 2002; Cook et al., 2007; Palardy, 2013). In addition to peer influences on one another through direct interactions, non-academic attributes of the student body may also contribute to student outcomes indirectly through various mechanisms, such as teachers' expectations, choices of instructional practices, academic culture, and disciplinary climate and practices (Coleman et al., 1966; Thrupp, 1999; Jussim and Harber, 2005; Palardy et al., 2015; Berkowitz et al., 2017).

The student and school non-academic risk factors examined in the present study include forms of student engagement at school, student dispositions, and student interpersonal and intrapersonal skills. Research suggests that these student skills tend to be malleable (Farrington et al., 2012; Gutman and Schoon, 2013). A recent study by Loeb et al. (2019) found that the growth rate of these skills varies substantially across schools, suggesting that schools play a central role in their development. Furthermore, the growth in these skills among schools is correlated with growth in achievement, suggesting that certain non-academic skills facilitate achievement (West et al., 2018). They also tend to impact educational and life outcomes (Heckman and Kautz, 2014). Malleability and impact make them excellent targets for interventions to reduce student risks.

LITERATURE REVIEW

This section outlines two research literatures. The first is on peer composition effects at school. Because very little research has focused specifically on peer non-academic attribute composition, this literature is general. The second literature on the associations between non-academic attributes and academic performance at school. While individual student attributes are not the primary focus of the current study, this literature is well-established and provides a context for interest in their peer composition effects.

Peer Composition Effects

The effects of peer composition at school has been an enduring topic in educational effectiveness and sociology of education studies for over 50 years (Coleman et al., 1966; Erbring and Young, 1979; Firebaugh, 1979; Willms, 1986; Harker and Tymms, 2004; Rumberger and Palardy, 2005; Ludtke et al., 2008; Perry and McConney, 2010; Van Ewijk and Sleegers, 2010; Konstantopoulos and Borman, 2011; Palardy and Rumberger, 2019; Palardy, in press). Peer composition effects, which are also referred to as school composition effects in the research literature, are conceptualized as being above and beyond or “controlling for” the students' own backgrounds (Willms, 1986; Raudenbush and Willms, 1995). Hence, these effects occur when the group mean of an individual measure is associated with an outcome even after controlling for individual effect (Firebaugh, 1979).

The associations between peer composition and student outcomes may be due to direct peer interactions at school or to indirect mechanisms such as teacher and school practices that tend to be concomitant with certain peer composition measures (Palardy, 2015a). Within the theoretical literature on child and adolescent development, peer composition at school can be considered a social or environmental factor within Bronfenbrenner's (1979) ecological framework. Because youths spend considerable time in schools, peer composition may influence a range of developmental outcomes. This is particularly the case in middle and high school, when peer effects tend to peak (Jang, 2002; Reynolds et al., 2014; Patacchini et al., 2017).

The literature on compositional effects has two intertwined strands. One strand focuses on theoretical and empirical work describing mechanisms through which school peer composition influences individual outcomes. The other strand focuses on methodological issues related to the measurement and statistical modeling of peer composition effects. The following sections reviews both of these strands.

Mechanisms Through Which Peer Composition Impacts Outcomes

The research literature on student body compositional effects in schools began with the landmark Coleman Report in 1966, which concluded that the mean socioeconomic status (SES) of the school had the largest effect on student achievement of any school factor (Coleman, 1990).1 Since then, a number of recent studies have drawn similar conclusions as the Coleman Report, including two recent reanalyses of Coleman's data using more sophisticated statistical models (Rumberger and Palardy, 2005; Borman and Dowling, 2010; Perry and McConney, 2010; Van Ewijk and Sleegers, 2010; Konstantopoulos and Borman, 2011; Palardy, 2013, in press).

There are two leading theories for the mechanisms through which peer composition impacts student outcomes. The first is through social interaction or peer influences at school (Erbring and Young, 1979; Willms, 1986). That is, peers tend to influence each other's attitudes and values, motivations and behaviors, and academic achievement and performance (Dreeben and Barr, 1988; Jencks and Mayer, 1990). Peer composition effects may also work through differential access to school resources, such as effective teachers, school structures (e.g., small classes), and school practices (e.g., academic press and disciplinary practices) (Willms, 1986; Dreeben and Barr, 1988; Greenwald et al., 1996; Lee and Smith, 1999; Rumberger and Palardy, 2005). Bowles and Gintis (1976) contend that schools tend to organize around their student composition, which plays a role in non-academic skill development that perpetuates social reproduction. For example, schools serving low-SES students tend to put a greater emphasis on conforming to rules and procedures and obedience to authority, whereas schools serving middle- and high-SES students put a greater emphasis on student initiative and creativity. These differential emphases tend to impair educational and career prospects in low-SES schools and enhance them in medium- and high SES schools (Bowles and Gintis, 1976; Thrupp, 1999; Palardy, 2013). Bowles and Gintis (1976) argue that, due in large part to this school composition-based organization, schooling tends to impact students' future employment opportunity and success more through the development of non-academic skills than cognitive skills. However, it is unclear whether the peer composition effects of non-academic factors are associated with academic performance, which is a focus of the current study.

Methodological Literature on Peer Composition

There is debate on the best approach for estimating peer composition effects. There is a consensus that model specification plays a central role in the magnitude and direction of estimates. Indeed, some have argued that the magnitude of composition effects tends to be overestimated and, in some cases, is a “phantom effect” due to model misspecification (Harker and Tymms, 2004). One issue that can lead to these problems is unreliability measurement of the corresponding student variable (e.g., unreliable measure of student SES when modeling peer composition SES). When reliability is low, the effect of the student measure on the outcome tends to be underestimated, which typically results in an overestimation of the peer composition effect. That is because the compositional effect is supposed to be above and beyond the student effect and a reliable measure of the student variable is needed to adequately control for the student effect. When it does not serve that role adequately, the part of the student effect that is unaccounted for is largely subsumed by the compositional effect. Marsh and his associates developed doubly latent models to overcome this issue, but the models require multiple measures of each student and compositional variable being tested (Ludtke et al., 2008; Marsh et al., 2009), and the complexity of these models often results in estimation problems (e.g., failure to reach convergence criteria).

Another model methodological issue that can result in inflated peer composition effects is not including a lagged covariate of the outcome in the model. That is because compositional effects are supposed to capture aspects of the school environment that impact the outcome, but student levels on the outcome upon entering the school cannot be attributed to the school environment. Using a lagged measure of the outcome to control for the outcome when students entered the school addresses this issue (Harker and Tymms, 2004).

Gap in the Literature

Few studies have examined the effect of non-academic compositional effects on achievement, grades, or other measures of academic performance. One study examining elementary school classrooms found that peer externalizing behaviors impact achievement (Neidell and Waldfogel, 2010). In a study substantively close to the current study, West et al. (2016) found that some school aggregate measures of student non-academic skills are associated with mean school achievement in a sample of eighth graders attending Boston public schools. Furthermore, some of these compositional effects were much larger than the student-level effect, including growth mindset, suspension rate, and absence rate. These findings support the notion that peer composition measures of non-academic skills can impact student achievement and, in some cases, are larger than the corresponding student effect.

Non-academic Attributes and Academic Performance

Bowles and Gintis (1976) provided the early conceptualization and supporting research for how non-academic attributes influence educational and labor market success. They concluded that while an adequate level of cognitive skills is necessary, once reached, non-academic attributes are more essential. Over the past 40 years, a large body of research crosscutting education, economics, psychology, and other social sciences has documented a range of non-academic attributes that impact educational or life outcomes. This research largely supports Bowles and Gintis's conclusions (Farkas et al., 1990; Dweck, 1999; Bowles et al., 2001; Farkas, 2003; Cunha and Heckman, 2007; Duckworth et al., 2007; National Research Council, 2012). This review focuses on three types of non-academic attributes or skills that research suggests are most critical to academic performance at school: engagement, social, and emotional skills, and dispositions.

Engagement: Behavioral, Cognitive, and Emotional

Engagement at school is a multifaceted construction typically consisting of three major components: behavioral, cognitive, and emotional engagement (Fredricks et al., 2004). Each component has been defined and measured in various ways. This review focuses on the most common usages in the research literature.

Behavioral engagement most generally refers to student behavior and conduct at school related to conforming to norms, adhering to school rules, and exhibiting “problem behaviors,” such as getting in trouble, being late, and skipping school without permission (Finn, 1993; Finn et al., 1995; Finn and Rock, 1997; Palardy et al., 2015). Behavioral Engagement is predictive of achievement, grades, and high school completion (Finn, 1993; Finn et al., 1995; Fredricks et al., 2004; Gutman and Schoon, 2013). Fredricks et al. (2004, p. 70) concluded that “there is a consistent association between teacher and student reports of behavioral engagement and achievement across a variety of samples.” With regard to grades, however, the direct effect of behavioral engagement on academic performance may be overestimated because part of that effect is due to teachers punishing disruptive students by reducing their grade. That is, the total effect of behavioral engagement on grades consists of the direct effect of the behaviors (e.g., if a student is disruptive in class they may miss an opportunity to learn, which results in lower achievement and grades) and the indirect effect of punitive actions taken by the teacher (in addition to missing an opportunity to learn, the teacher punishes the student for disrupting class by lowering his or her grade).

Cognitive engagement pertains to efforts expended and strategies used to learn academic content and develop academic skills, particularly on complex content and skills that are difficult to master (Wang et al., 2011; Li and Lerner, 2013). Several studies have linked Cognitive Engagement with achievement. Specifically, students who use metacognitive strategies to regulate attention and effort, such as advanced organizers to relate new curricular content with prior knowledge, tend to exhibit higher achievement (Zimmerman, 1990; Boekaerts et al., 2000). Cognitive Engagement is also predictive of grades (Fredricks et al., 2004); however, as was the case for Behavioral Engagement, that effect may be overestimated because teachers often grade in part on effort and persistence, which are elements of Cognitive Engagement.

According to Fredricks et al. (2004, p. 60), “Emotional Engagement encompasses positive and negative reactions to teachers, classmates, academics, and school and is presumed to create ties to an institution and influence willingness to do the work.” Students may exhibit their level of Emotional Engagement through outward expressions (e.g., of interest, boredom, enthusiasm, etc.). Of the three forms of engagement, Emotional Engagement has by far the weakest link with academic outcomes. According to Fredricks et al. (2004), the studies that do find significant links tend to have measurement concerns, such as combining elements of emotional and behavioral engagement in the same measure. Emotional Engagement is predictive of dropout, however (Rumberger, 1987; Alexander et al., 1997).

Dispositions

Research has linked student dispositions (e.g., self-efficacy, sense of belonging, hope, and purpose) with academic performance. Self-efficacy is perhaps the most extensively studied of these. Bandura (1997) defined self-efficacy as the “beliefs in one's capabilities to organize and execute the courses of action required to manage prospective situations” (p. 2). It is associated with motivation, academic choices (e.g., whether to take courses or major in subjects perceived to be challenging), and achievement (Pajares, 1996). Sense of Belonging is the degree to which students feel accepted, respected, and supported in the school social environment (Goodenow and Grady, 1993). It has been linked with student grades, which may be due in part to its association with effort (Goodenow, 1993). Hope or optimism about the future is associated with a range of other dispositions and educational outcomes and is predictive of achievement even after controlling for other factors, such as intelligence, grades, and self-esteem (Snyder et al., 1997; Snyder, 2002). It is also predictive of well-being (Gilman et al., 2006). Damon et al. (2003) defined Sense of Purpose to be a stable intention to accomplish something that is both personally meaningful and has perceived impacts beyond oneself. It is associated with student achievement, an effect that seems to work through students' future orientation and coping strategies, although these mechanisms are not well-understood (Damon, 2008).

Social and Emotional Skills

Interpersonal or social skills are “learned behaviors that enable a person to interact effectively with others” (Gresham and Elliott, 1990, p. 1). This includes a variety of skills, many of which center around communication or facilitate gainful collaboration. Most of the research on the effects of interpersonal skills on student performance is in the broader area of social and emotional skills. However, few studies have examined the effects of individual facets of interpersonal skills, such as communication or collaboration skills (Gutman and Schoon, 2013). Intrapersonal skills are the self-directed mechanisms within a person's mind that facilitate self-regulation, planning, and awareness. One of the most studied of these is Conscientiousness—the tendency to be responsible, hardworking, organized, and punctual. A review of the research literature on non-academic skills concluded that, of the Big Five personality traits, Conscientiousness is the most strongly predictive of educational attainment, job performance, longevity, and delinquency (negative association) (Kautz et al., 2014). This literature also includes a substantial body of research specifically examining the association between Conscientiousness and academic performance. For example, recent meta-analyses found that the effect of conscientiousness on academic performance is both largely independent of intelligence and has a comparable effect on academic performance as intelligence (Poropat, 2009). Also, a review of the postsecondary research literature concluded that, of the Big Five personality traits, conscientiousness is the strongest predictor of academic performance in college (Trapmann et al., 2007).

As insinuated in this review, non-academic skills tend to be intercorrelated (Gutman and Schoon, 2013; Kautz et al., 2014). Hence, examining one skill at a time results in inflated estimates of the effects of individual factors on outcomes. Despite this methodological concern, very little correlational research has been conducted that estimates the effects of individual factors while controlling for the intercorrelations of others (Gutman and Schoon, 2013). Moreover, there are serious design challenges in conducting randomized experiments to estimate the causal effects of non-academic factors on outcomes. Therefore, more correlational work that examines individual factors while controlling for the intercorrelations of other factors is needed.

Research Questions

The present study uses a sample of students and schools from Sacramento, California, to estimate the effect size of 10 different student and corresponding peer composition non-academic risk factors on Academic Performance. The following research questions are addressed:

1. Do the effects of student's non-academic skills on Academic Performance vary across schools? This question addresses the degree to which the effects of non-academic skills on Academic Performance depends on the school one attends.

2. How does the magnitude of the effects of the student's own non-academic skills on Academic Performance compare with the magnitude of the effects of corresponding peer composition measures?

METHODS

Data

This study uses a sample of 2,541 students attending 25 high schools in Sacramento, California. All students were tenth graders in 2014. This sample is part of the International Study of City Youth (ISCY), which was designed to examine school effectiveness in several cities worldwide (Lamb et al., 2015).2 Tenth graders were drawn from a representative sample of schools in Sacramento to facilitate student- and school-level analyses. In 2014, students were administered online versions of the Programme for International Student Assessment (PISA) achievement tests for reading and math as well as a questionnaire that with items focusing on non-academic skills, grades, plans, views, and outlooks.

Sacramento is served by five school districts, some of which include parts of surrounding suburbs. All five districts were asked to participate, and four agreed. ISCY staff provided districts with letters of introduction to students, parents, teachers, and school administrators, as well as permission forms, and the districts then recruited participants for the study. Some schools and students that were recruited elected not to participate. The final sample included 25 schools (18 traditional, 3 alternative, 2 charter, 1 magnet, and 1 private) and 2,541 students. The within-school samples ranged from 2 to 309 students. The final sample is fairly representative of the entire tenth-grade population in the four districts regarding race/ethnicity, with white and African American students being underrepresented, Asians and multiracial students overrepresented, and 12.3% of the students not reporting their race/ethnicity (see Table 1).


Table 1. Racial/ethnic breakdown of 10th grade population vs. sample.
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This study is based solely on secondary data collected online by the ISCY staff and the staff of participating districts. Both written and informed consent was obtained from all participants and from the parents of non-adult participants, and data were groomed to maintain confidentiality. Ethics approval was not required for research using secondary data with these characteristics per the University of California—Riverside guidelines and national regulations.

Measures

The outcome variable measures student Academic Performance in terms of academic achievement and course grades. It was constructed using factor analysis from three measures: PISA reading and math achievement test scores and student's self-reported expectations for course grades. While self-reported grade expectations are subjective, meta-analyses shown they are the most potent predictor of future grades, even more so than actual grades (Hattie, 2008). However, other meta-analyses have found that the validity of self-reported grades depends in part on cognitive ability (Kuncel et al., 2005). Also, estimates of the effects of non-academic skills on Academic Performance based on grades alone can be biased because teachers often assign grades in part based on non-academic skills (e.g., classroom behavior, attitudes, and effort) rather than strictly on Academic Performance (Fredricks et al., 2004). Hence, including both types of measures in this latent variable alleviates some concerns about self-reported grades while creating a more holistic measure of Academic Performance. The factor loadings, shown in Table 2, indicate that achievement test scores are more strongly associated with Academic Performance than self-reported grade expectations (i.e., 0.83 vs. 0.62).


Table 2. Principal component item loadings for ISCY measure models.
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ISCY staff collected a large number of survey items related to non-academic skills, many of which were borrowed from PISA or other large-scale survey programs (Lamb et al., 2015). Principle component analysis (PCA) was used by ISCY staff to consolidate items into ten scales, each having three to five associated survey items. These scales are summarized in Table 2. The 10 non-academic scales measuring aspects of the student's disposition (Belonging, Self-efficacy, Hope, and Purpose), engagement (cognitive, behavioral, and emotional), intra-personal skills (Conscientiousness), interpersonal skills (Collaboration and Communication) and are similar to many of the scales discussed in the literature review section of this paper. SES was constructed by ISCY staff from student survey responses using the method outlined by Ganzeboom et al. (1992). It is based on parental reports of their educational attainment, income, and occupation and is highly similar to SES measures used in PISA and NCES databases. Cronbach's alpha for all but one scale was within the recommended range (0.7–0.9) (Streiner, 2003). The exception, Conscientiousness, was very close, with an alpha of 0.69. It would be substantially higher if the Homework Time variable were removed. However, it was retained because time spent on homework is considered an important aspect of consciousness related to schooling.

All 12 latent variables used in this study (10 non-academic measures, SES, and Academic Performance) were standardized to have a mean of zero and a standard deviation of one. Therefore, the effects of the non-academic measures on Academic Performance are in units of standard deviations. That is, the effects can be interpreted as the expected standard deviation change in Academic Performance per one standard deviation change in the non-academic measure, holding constant the other covariates in the model. This type of coefficient is referred to as a standardized effect size (ES) or beta coefficient. Some have suggested that the commonly used criteria for classifying strength of correlation coefficients is also applicable for classifying standardized effect sizes (i.e., small/weak < 0.2; 0.2 < medium/moderate < 0.5; 0.5 < large/strong) (see for example, Acock, 2014, p. 272). However, ESs vary considerably across academic disciplines and tend to be small for educational outcomes. Hence, it helps to interpret ESs relative to the effects of commonly used measures or well-documented interventions (e.g., in comparison to the effect of SES or class size reduction).

SES, ethnicity, and gender are used as control variables for student inputs. These demographic measures can vary considerably across schools, and research shows they are associated with student achievement and grades (Palardy, 2008; Borman and Dowling, 2010). Statistically controlling for student inputs serves the dual purposes of partialling out the effects of student background from the effects of the non-academic skills and also statistically equalizing schools on student inputs when modeling peer composition effects. Table 3 provides a lists of the variables used in this study, their labels, and descriptive statistics.


Table 3. Variable descriptions.
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Statistical Modeling

The statistical models are specified to address the research questions and the nested structure of the data. Multilevel models (MLMs) are used because they are ideally suited for analyzing educational data that are hierarchical in structure, that is, students are nested in schools (Raudenbush and Bryk, 2002; Snijders and Bosker, 2012). When analyzed using traditional methods, nested data violate the assumption of statistical independence, which can lead to aggregation biases and tend to produce biased standard errors. The models used in this study have two levels. Level 1 is the within-school or student level for modeling the student non-academic effects on Academic Performance. Level 2 is the between-school level for modeling peer composition effects on Academic Performance. The following section outlines the model specifications used to address each research question.

Multilevel Equations

Research question 1 (RQ 1) is addressed using random coefficient models. The model includes only one student non-academic measure at a time to test whether the effect of each measure on Academic Performance varies among the sample of schools. The model can be represented by the following set of equations.

Level 1: Student Effects
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Level 2: School Effects
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Yij represents the Academic Performance outcome that was described previously. The subscripts denote the nested structure of the data, where i students are nested in j schools. β0j represents the random intercepts for each of the j schools, which is the school mean for Academic Performance adjusted for Xij, the non-academic measure in the model (note that all continuous level 1 variables were grand mean centered). β1j represents the linear relationship between the non-academic measure and Academic Performance. rij represents the student residuals, which are expected to be normally distributed with a mean of zero and a variance of σij.

At level 2, β0j and β1j are now the outcomes. γ00 represents the grand mean of the Academic Performance outcome adjusted for Xij, and u0j represents the residuals for the school means, which are expected to have a mean of zero, be normally distributed, and have a variance of τ00. γ10 is the mean of the j school slopes, and u1j is the residuals of those slopes, which is also expected to have a mean of zero and be normally distributed with a variance of τ11. The objective of this model is to test whether τ11 is significantly greater than zero. That tests whether the effects of student non-academic measures on Academic Performance vary across schools, which is RQ 1. This addresses whether some aspect of the schools likely moderates this association. For example, it could be that the association between student Behavioral Engagement and Academic Performance depends in part of the disciplinary policy of the school.

Addressing RQ 2 is the main objective of this study and addressing it requires running a series of models. The equation for the base model is provided here, while the extensions to the base model needed for the subsequent models are described. The methodological literature suggests that models that use unreliable measures of student non-academic risk factors and insufficient controls for student inputs tend to overestimate the compositional measures (Harker and Tymms, 2004). As mentioned earlier, non-academic measures have Cronbach's alpha levels ranging from 0.69 to 0.82, which correspond to acceptable-to-good internal consistency or reliability. However, this model does not include any control variables other than the student measure of the non-academic skill being tested. Therefore, the base model estimates of the non-academic effects are likely inflated and should be considered the upper boundaries of the effect sizes. As was the case for RQ 1, each model was repeatedly run—once for each non-academic compositional measure being tested.

Level 1: Student Model
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Level 2: School Model
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At level 1 the equation is the same as for RQ 1, described previously. At level 2 the intercept model now includes the compositional variable, X.j, which is the school mean for the student non-academic measure being tested. γ01 represents the linear relationship between the compositional measure and mean Academic Performance adjusted for the student non-academic measure in the level 1 model. The slopes are now fixed to be equal and therefore have zero residual variance. This is apparent in the equations because the residual term (u1j) is omitted. The reason for this specification is that the results for RQ 1 showed that none of the student non-academic measures varied significantly among the sample of schools. To address RQ 2, the magnitudes of β1j and γ01 are compared. The magnitudes of their effects are directly comparable because of the standardization method used, albeit, the effects or also sensitive to model specification.

Three subsequent models were fit, each with additional student covariate controls, which tend to reduce the effect size of both the non-academic student and peer composition effects. The first model in this sequence controls for student demographics (race/ethnicity, SES, and gender) and whether the student took or is taking remedial math or English coursework to improve basic skills. The remedial coursework indicators are included as proxies for prior achievement because the data source does not include actual measures. The controls included in this model are generally considered adequate for estimating the compositional effects. The second model in the sequence adds all the non-academic measures at the student-level. This can be considered extensive student controls and may result in conservative estimates of the individual non-academic effects at level 1 and the compositional non-academic effects at level 2. The third model in the sequence adds school-level SES composition. That is, the model includes all the demographic controls, all the student non-academic measures, and school SES composition. This third and last model is used to address RQ 2.

Missing Values

The percentage of missingness on the variables used in this study ranged from 0 to 14%. Missing values were imputed using the expectation maximization (EM) method (Little and Rubin, 1987). This method assumes a distribution for missing observations and imputes values based on the likelihood under that distribution, given all intercorrelations between the variables in the data set.

RESULTS

Before addressing the research questions, it is instructive to examine the descriptive statistics. Table 3 shows that the sample of students is ethnically diverse, with 87% of the students being non-white, including 32% Latinx, 22% Asian, 10% African American, and 13% Native American or Pacific Islander. This level of ethnic diversity is typical of urban school populations in California, where white students have long been a minority group, Latinxs have the highest representation, and Asian Americans often make up a substantial proportion of the student population.

Another preliminary result is for the unconditional model, which is useful for ascertaining whether the school means for Academic Performance vary significantly among the sample of schools and for generating the intra-class correlation coefficient (ICC) for the outcome. The results of the unconditional model indicate the school means vary significantly (τ00 = 0.18, p < 0.00). The ICC is 0.18, which means that 18.0% of the variance in Academic Performance is between school and 82% is among students within the same schools. This figure is consistent with achievement outcomes described in previous research (Raudenbush and Bryk, 2002; Snijders and Bosker, 2012).

Research Question 1

RQ 1 is addressed using random coefficient models. The results are not presented in any table because none of the non-academic skill effects varied across the sample of schools. This indicates those effects are quite similar among the schools used in this study and suggests that they are not moderated by school factors. It is worth noting that schools used in this study are similar in terms of the student bodies they serve. Furthermore, all schools are under the jurisdiction of the State of California, which regulates the curriculum and various school practices. These sample characteristics probably reduce variation in the non-academic effects among the schools. However, the sample also has a major strength for modeling school effects in that there is an average of over 100 students per school. That is substantially higher than most large-scale school databases collected by the National Center for Educational Statistics (NCES). For example, the National Educational Longitudinal Study (NELS: 1988), Educational Longitudinal Study (ELS: 2001), High School Longitudinal Study (HSLS: 2009), and Early Childhood Longitudinal Study (ECLS: 1998; ECLS: 2010), which have been widely used to study school effects, average 15–25 students per school. Research suggests that within-school sample sizes should be at least 30 to reliably estimate random slopes and variance components, which are two objectives of the present study (Kreft and De Leeuw, 1998; Maas and Hox, 2005).

Research Question 2

RQ 2 is addressed through a series of models summarized in Tables 4–6. Table 4 compares the student and peer composition effects with no control covariates in the model. Therefore, these estimates are likely inflated and should be considered an upper boundary in terms of effect sizes and statistical significance. All ten of the student measures are significantly associated with Academic Performance. The effect sizes (ESs) are relatively small, ranging from 0.05 to 0.21. Individually, the student measures account for small proportions of the variation in Academic Performance within schools (0–5%). Hence, it can be said that the student's non-academic skills are associated with their Academic Performance, but even at the upper boundaries, the ESs are small.


Table 4. Student and peer composition effects on academic performance, no control covariates.

[image: image]



In general, the peer composition measures have much larger effects, but lower levels of statistical significance. This paradox is due to the fairly small sample of schools used in this study (N = 25), and hence, far lower statistical power compared with the student effects. Five of the ten peer composition measures are statistically significant. Of those, the ESs range from medium for Belonging (ES = 0.60) to large for Collaboration (ES = 1.36). The significant peer composition variables accounted for 22–61% of the between-school variance. While these estimates are likely inflated, they suggest the peer composition effects tend to be much larger than the student effects.

Table 5 shows the results for the models controlling for student demographics, including race/ethnicity, SES, and gender, and also remedial coursework in math and English. These controls account for 9% of the variance in Academic Performance among students attending the same school (i.e., the percentage of the within-school variance explained) and 37.3% of the variance between the school means. The first figure is similar to the percentage reported in a recent study using the Educational Longitudinal Study (ELS) of 2002 (11.6%), a nationally representative database of American high school students, but the second figure is substantially lower than for ELS (70.7%) (Palardy et al., 2015). That difference is likely due to the greater heterogeneity in student demographics among the schools in ELS.


Table 5. Student and peer composition effects on academic performance, controlling for student demographics.
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While all the same variables remain statistically significant after controlling for student demographics and remedial coursework, the ES of most student non-academic measures are reduced by about 10% (i.e., Table 5 results compared with Table 4). Controlling for student demographics reduces the effect sizes for the compositional measures by a greater percentage (~15–20%, on average). However, the ES for the significant compositional measures remains several times larger than for the corresponding student measures (0.04 to 0.18 vs. 0.60 to 1.16).

Table 6 shows the results after controlling for the student demographic variables and all ten student non-academic measures. The specification of this model represents an extension in the research literature on the effects of non-academic skills, as there was a call for work examining multiple non-academic skills at once to parse out their intercorrelations (Gutman and Schoon, 2013). This model does exactly that. The model also represents extensive controls for differences in student inputs, which account for 19% of the variance within schools and 54% between schools (the 54% figure is not shown in Table 6). The addition of the set of non-academic student controls further reduced the effect sizes for most student and peer composition measures on Academic Performance. Now only five of the ten student non-academic measures are significant at the student level, and the ESs were reduced by at least 15% for each measure and over 50% for most. Indeed, in three cases, the sign on the effect changed (e.g., from positive to negative) compared with the previously significant estimate shown in Table 5. These substantial changes in the effects due to controlling for all non-academic measures is not surprising, because their correlations range from 0.2 to 0.7. However, these intercorrelations raise concerns of collinearity when all measures are in the model together. To examine whether that was potentially biasing results, the variance inflation factor (VIF) was computed for each student covariate and all were <2.0, suggesting little concern for collinearity.


Table 6. Student and peer composition effects on academic performance, controlling for student demographics and all other non-academic variables.
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For this model, only three non-academic student measures have ESs >0.10; Behavioral Engagement (ES = 0.12; p < 0.01), Self-efficacy (ES = 0.20; p < 0.01), and Conscientiousness (ES = 0.12; p < 0.01). Note that, while small, these ESs are not dismissible in education, as most student characteristics have small effects on outcomes. For example, the ES for SES, which is commonly considered the most robust demographic predictor of educational outcomes, is 0.20.

Among the peer composition measures, the same five variables were statistically significant as shown in Tables 5, 6, but all had reductions in their ESs within the 10–20% range. Although 54% of the between-school variance in Academic Performance was accounted for by the student variables, none of the compositional effects changed substantially when the set of student non-academic measures was added to the model, and all ESs remained medium to large (0.51 to 1.05). The compositional measures now account for 31 to 63% of the between-school variance after controlling for the student variables.

In comparing the effect sizes of the student non-academic risk factors and peer composition effects, one issue is that there are no school-level control variables. One may argue that there should be controls for the intercorrelations between the compositional effects. To that end, the model with all five significant peer composition measures was run, but there was severe collinearity among the effects, with all variables having VIF values between 6 and 12. The intercorrelations between the five significant peer composition measures range from 0.4 to 0.9. With only 25 schools and most of the between-school variance accounted for by extensive student controls, including all the significant compositional effects is impractical for this database.

Addressing RQ 2, compared with the magnitude of their student effects, all the non-academic measures have a compositional effect several times larger. Even if the student ESs from Table 4, which tested only one student measure at a time, are compared with the peer composition ESs in Table 6, which controls for a large number of student measures, the peer composition ESs are still several times larger.

DISCUSSION

Of the 10 non-academic measures considered in the study, five were significantly associated with Academic Performance: Behavioral Engagement, Cognitive Engagement, Conscientiousness, Self-efficacy, and Hope (see Table 6). Those estimates control demographic background, low prior achievement, and the other non-academic skills. However, the sign on the effect for Hope switched to negative after controlling for the other non-academic risk factors, suggesting its effect is unstable and unreliable. Students with attendance and disciplinary problems (low Behavioral Engagement), students who do not try hard or who quit when facing challenges or frustration, or who turn in work late (low Cognitive Engagement and Conscientiousness), and students who lack confidence in their ability to resolve problems and do well in school (low Self-efficacy), are all at risk for poor Academic Performance. These findings are supported by previous research (see Farrington et al., 2012 and Gutman and Schoon, 2013, for recent summaries of the research literature).

A challenge in comparing the magnitude of the effects found in this study with previous research is that measures of non-academic skills and Academic Performance outcomes vary across studies, and studies report widely varying effect sizes for the same non-academic skill. For example, in their summary of the effect of academic perseverance (a construct similar to grit) on grades, Farrington et al. (2012) reported that correlations ranged from very weak (0.06) to moderate (0.38) across studies cited. Moreover, the association between non-academic skills and grades tends to be stronger than between non-academic skills and achievement test scores (Farrington et al., 2012). These issues confound ES comparisons with the present study. However, one recent study of non-academic effects had similarities to the present study in terms of sample, measures, and outcome (West et al., 2016). That study examined the effects of a range of self-reported ratings of non-academic skills on achievement for a large sample (N = 1,368) of urban eighth graders attending 32 public schools in Boston. While slightly different measures of non-academic skills were used compared with the current study, the results are remarkably similar, with effect sizes all in the range of 0.07-0.17 compared to 0.05–0.213. The similarity in the effect sizes from these two studies lends credibility to the student estimates of non-academic effects in the present study.

Of the ten compositional measures considered, five also had significant associations with Academic Performance: Behavioral and Cognitive Engagement, Belonging, Conscientiousness, and Collaboration (see Table 6). In each case, the effect size of the compositional measure is several times larger than the individual effect. West et al. (2016) also estimated aggregate school effects of their non-academic factors. Their results again show similarities with the findings of the present study. For example, the school aggregate of attendance rate, which is a component of the Behavioral Engagement measure used in the present study, and school aggregate of growth mindset both have effects several times larger than the effect of the corresponding student measure4. These results suggest it is plausible that non-academic compositional effects are much larger than their corresponding individual effect for at least some measures.

Interpreting the Peer Composition Effects

The results suggest that the non-academic skills of one's school peers have a stronger association with Academic Performance than one's own level of non-academic skills. This means that attending a school where the student body is highly rated in terms of Collaboration, Conscientiousness, Behavioral Engagement, Cognitive Engagement, and Belonging matters more to a student's Academic Performance than his or her own levels on those and other non-academic skills.

Collaboration had the largest effect on Academic Performance of the five significant non-academic compositional measures (ES = 1.05, see Table 6). The items of the measurement model for Collaboration (see Table 2) consist of working well with others, understanding others, being fair, and helping others. Note that these behaviors are not associated with individual students' Academic Performance (ES = −0.02, p > 0.10); however, as a collective student body behavior—a school culture, if you will—it has a large impact on Academic Performance. That suggests that being collaborative is only beneficial when peers and coworkers are also collaborative. The underlying mechanism for this effect may be relational trust, which tends to have positive effects on academic and social outcomes in schools (Bryk and Schneider, 2002). Within an organization, the essence of relational trust is the level of confidence individuals have that others will meet role expectations (Couch and Jones, 1997). Without sufficient confidence that others will fulfill role expectations, students may perceive collaboration at school as being burdened with additional group work without reciprocal benefits. An antecedent for relational trust is a common understanding of role expectations (Couch and Jones, 1997). This suggests that student and teacher role expectations related to collaborative work must be clear and widely accepted for a productive collaborative school environment to take hold.

Belonging pertains to feeling safe, happy, and liked at school. High values on the peer composition measure for Belonging reflect schools where higher percentages of the students want to be there for social reasons. Rotermund (2010) found that Belonging is an antecedent for other non-academic effects at the individual level, such as engagement. It may play a similar role as a peer composition effect, as it is highly correlated with the peer composition for Cognitive Engagement (r = 0.61). That is, schools with a low mean on Belonging may have difficulty facilitating Collaboration and Cognitive Engagement because students do not feel accepted. A post-hoc analysis also showed that the peer composition measure of Belonging is a statistically significant antecedent of Collaboration (r = 0.83) and Conscientiousness (r = 0.62). More research is needed to better understand the mediating and moderating relationships among these peer composition measures and Academic Performance.

Conscientiousness is a Big Five personality trait that implies a persistent desire to do tasks well and take obligations seriously. In the school context, it concerns the degree to which students make an effort to learn in class, persist when the material becomes difficult, and turn assignments in on time. Of the Big Five traits, research has found it to have the largest effect on academic performance in school (Trapmann et al., 2007; Poropat, 2009; Kautz et al., 2014). Yet, the peer composition effect appears to be substantially larger than the robust individual effect. The large compositional effect is likely due to both peer and school effects. There is likely a direct effect in that students tend to adopt the attitudes and behaviors of their peers. However, the student-level results for Conscientiousness show that raising one's level of Conscientiousness has only a moderate effect on Academic Performance, so there must be more to the peer composition effect than just raising individual Conscientiousness. There is also likely an indirect effect for Conscientiousness peer composition in that schools that are high on the compositional measure can provide more advanced curricula and use more rigorous instructional practices because conscientious students are equipped to respond well to and benefit from those academic challenges. Conversely, at schools low on Conscientiousness composition, imposing advanced curricula and rigorous instructional practices may be counterproductive, leading to student resistance and teacher frustration that tends to undermine academic performance (Thrupp, 1999; Kautz et al., 2014).

Behavioral Engagement pertains to the degree to which students avoid problem behaviors at school, such as being late for school, skipping school without permission, and getting into trouble at school. As is the case with the other measures of peer composition, the total effect likely has direct and indirect components. There is likely a direct peer influence, as students tend to adopt the behaviors and attitudes of their peers. Another direct peer influence is Behavioral Engagement peer composition because disengageed and disruptive peers tend to interfer with learning among their classmates. There is also likely an indirect school effect in that schools with low Behavioral Engagement composition tend to emphasize reducing the disorder, which will require disciplinary attention from school personnel, drawing time and energy away from academic activities. That is, schools that are rated low on Behavioral Engagement composition may respond with policies and practices that emphasize order and discipline over the development of academic and non-academic skills (Bowles and Gintis, 1976; Thrupp, 1999).

Implications for Educational Research, Policy, and Practice

Previous research has identified a substantial number of non-academic risk factors that are associated with student academic performance and other outcomes. The substantial number of risk factors that have been identified makes it impractical for schools to address but a small fraction of them. Moreover, many non-academic skills have conceptual and measurement overlap. For research on non-academic skills to be useful for informing policy and practice, a small number of malleable skills with the largest effects must be identified, along with effective interventions for improving them. Unfortunately, research on the effects of non-academic skills tends to model one skill at a time, which likely results in inflated estimates of the effects and provides little guidance for policy and practice regarding which skills matter most when all are considered at once (Gutman and Schoon, 2013). This study represents a departure from that norm, as student non-academic skills were modeled both individually and together, controlling for their intercorrelations. The results suggest that three individual measures have the strongest associations with Academic Performance: Behavioral Engagement (ES = 0.12), Self-efficacy (ES = 0.20), and Conscientiousness (ES = 0.12). Past research shows these three factors are malleable and may be improved through school interventions (Farrington et al., 2012; Gutman and Schoon, 2013). Therefore, the results of this study suggest that effective interventions targeting these factors will have the greatest impact on Academic Performance.

The magnitude of the peer composition effects relative to the individual effects suggests that raising the school averages should be the primary objective of any policy or intervention. That objective can be accomplished be focusing the greatest attention on efforts to improve students with the most underdeveloped non-academic skills. However, focusing only on underdeveloped students is unlikely to be optimal, as it neglects to improve the non-academic skills of the majority of the students. A more effective method for raising the school averages is a school-wide and multi-tiered approach that provides supports for improvement to all students, while matching the intensity with student needs. This approach is consistent with the model of school-wide positive behavioral support (Durlak et al., 2010, 2011; see Bradshaw et al., 2010). Additionally, the results of this study suggest that programs and interventions that focus on creating a school culture that values Collaboration, Conscientiousness, Behavioral Engagement, Cognitive Engagement, and Belonging are likely to be most effective for raising Academic Performance.

Limitations of the Study

The data sample used in this study has strengths and weaknesses for addressing the objectives of the study. One strength is the wide range of non-academic factors that were reliably measured. Another strength is the size of the within-school sample, averaging over 100 students per school. That is several times the average in large-scale high school databases collected by the U.S. government (e.g., ELS: 2002). The larger within-school sample size provides the higher statistical power needed to test whether effects vary across schools, which is the objective for research question 1 of this study. However, the small number of schools (N = 25) is a limitation. While the sample represents excellent coverage of high schools in Sacramento, it has limitations with regard to the statistical power of the peer composition effects, which may result in false negatives on statistical tests. This could be why two peer composition measures (Purpose and Self-efficacy) have non-significant effects even though their effect sizes are medium (0.37 and 0.30). It is important to note that despite this limitation, 5 of the 10 peer composition effects are statistically significant due to their substantial effect sizes.

The moderate school sample size prevented the modeling of all peer compositional effects simultaneously, which may have resulted in inflated effects due to the intercorrelations between the peer composition measures. One specific case, the overlap in peer composition measures of Conscientiousness and Cognitive Engagement, merits elaboration because their distinctness is questionable. Conscientiousness generally applies to a person's behaviors and attitudes, while Cognitive Engagement pertains specifically to academic behaviors at school. However, when Conscientiousness is measured in the school context, the distinction between the two constructs becomes subtle, as their measurement items are similar (see Table 2). Additionally, the strength of their correlation is high at the compositional level, higher than at the individual level (0.85 vs. 0.66), further supporting the notion of less distinction at the compositional level in school settings. This calls into question whether both compositional measures are necessary, which is particularly important when moving from research to policy and practice because the fewer compositional factors a school needs to be concerned with, the easier it is to focus on improving them.

Table 1 shows that the sample characteristics are quite similar to the student populations of the four Sacramento districts from which they were drawn. Furthermore, the sample is similar to many urban districts in Western and Southwest United States, especially urban districts in California. Therefore, the results are most applicable to students and schools in those settings. However, it is unclear whether the results generalize to the broader population of U.S. high schools, schools serving lower grade levels, or schools in other countries.

SUMMARY AND CONCLUSIONS

A generation ago, Bowles and Gintis (1976) concluded that non-academic risk factors tend to have a greater effect on employment, well-being, and other life outcomes than do academic skills. They also argued that schools play a greater role in impacting life outcomes through socialization processes that impact non-academic development than through academic development. Over the past generation, a body of research has accumulated largely supporting Bowles and Gintis's contentions (Farrington et al., 2012; Gutman and Schoon, 2013; Kautz et al., 2014). The present study contributes to this body of work by exploring a range of non-academic compositional risk factors and indexing their effect sizes relative to student non-academic factors.

The results show a distinct pattern of much larger effects for peer composition than for individual non-academic attributes. Five compositional risk factors (Collaboration, Cognitive Engagement, Conscientiousness, Behavioral Engagement, and Belonging) were found to have medium-to-large effects on Academic Performance, whereas all student risk factors were small (ES < 0.2) or not statistically significant.

These findings are consistent with developmental theory positing that context plays a central role in child development (Bronfenbrenner, 1979; Reschly and Coolong-Chaffin, 2016). Namely, interventions that focus solely on students with the lowest non-academic skills are unlikely to be optimally effective for raising student academic performance. That is because such interventions are not optimal for improving the school context as captured by school means on peer non-academic attributes. Multi-tiered interventions that focus on raising school-wide peer composition on non-academic attributes are likely to be most effective for improving academic performance. The findings also help establish which individual and peer composition attributes matter most to academic performance and therefore should be targeted for interventions. That is important because of the substantial number of non-academic risk factors that have been identified in the research literature.
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FOOTNOTES

1Socioeconomic or racial peer composition are often framed in terms of school segregation.

2The author acknowledges Professor Russell Rumberger for his generosity in providing the data used in this study. The data are not currently available for public use but may be in the future.

3The results from West et al. (2016) that are being compared are summarized in their Table 6, column 3, on page 157. Their estimates are based on separate regressions for each non-academic skill on student achievement with school fixed effects and no student control covariates. Given their model specification, their student non-academic ESs are most comparable to column 1 of Table 4 in the present study.

4West et al. (2016) did not control for the individual effect of the non-academic measures or other aspects of student background when estimating peer composition effects. Hence, compositional effects may be overestimated. However, the authors of that study did not claim to be estimating compositional effects. This model specification issue is noted as a caveat for comparisons between the studies.
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Effect size
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0.50"
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0.00
0.06
022
0.06
0.60"
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0.53"

" <0.05; "p < 0.01. This table provides the results for ten different models. Each model
included two prediitor variables: a student non-academic measure and its corresponding
school mean. The student variance explained is the proportion of the within-school
variance explained by the single student predictor in the model. The school variance
explained pertains only to the variance explained by the peer composition measure in
the model, not the student measures.
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0.07

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

PEER COMPOSITION (N = 25)

Acadermic performance
composition

SES composition
Behavioral engagement
composition

Cognitive engagement
composition

Emotional engagerment
‘composition

Hope composition
Purpose composition
Belonging composition

Self-efficacy composition

Conscientiousness
composition
Communication
composition

Collaboration composition

-0.05

-0.12
-0.07

001
-0.02
-0.02
-0.04
-0.00
-0.04
-0.05
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1.00
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1.00
1.00
1.00
1.00
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1.00
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0.46

0.49
0.43

0.33

0.32

0.28
0.29
0.33
0.30
0.38

0.47

0.24

Variable label

PCA

Afican American race
Asian American race
Latino ethnic group
American Indian or Pacific
Islander

Indicator of male gender
ISCY PCA

Remedial math to improve
basic skills

Remedial english to improve
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ISCY PCA

ISCY PCA

ISCY PCA

ISCY PCA
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ISCY PCA

ISCY PCA

ISCY PCA

ISCY PCA

School mean of academic
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School mean of SES
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School mean of hope
School mean of purpose
School mean of belonging
School mean of self-efficacy
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Principal component analysis (PCA) was used to construct the Academic Performance
outcome, SES, and 10 non-academic scales, which were standardized to a mean of
26r0 and standard deviation of 1.0 (see Tables 2, 3 for measurement details). The peer
composition measures are the school means (aggregate) of the stucent measures. They
e





OPS/images/math_1.gif
Boj+ Bj(X5 —X) +






OPS/images/feduc-04-00057-t006.jpg
Variables Effect size Variance explained

Student Composition ~ Student School

'STUDENT BACKGROUND MEASURES

SES 028+ - 0.19" =
African American —0.47+ - 0.19" -
Asian American 006 - 0.19" -
Latino 002 - 0.19" -
Other 004 - 0.19" -
Male 0.10" - 0.19" -
Sociceconomic status  0.21°* - 0.19" -
Remedial math 0.10 - 0.19" -
Remedial English 0.24 - 0.19" —
NON-ACADEMIC MEASURES

Behavioral engagement 0.12* 061 0.19* 0.60**
Cognitive engagement  0.05* 080" 0.19" 059"
Emotional engagement  —0.04 009 0.19" 0.08
Hope —007* -007 0.19" 0.00
Purpose -002 037 019" 0.13
Belonging 002 051" 0.19* 031
Self-efficacy 020" 030 019 0.09
Conscientiousness 0.2+ 072+ 019" 063"
Communication 004 012 019" 004
Collaboration -002 105 049" 059"

'p < 0.05; "p < 0.01. The table shows the results, controling for stucent demographics,
remedial course taking, and all 10 student non-academic variables. The models in this
table are the same as the models in Table § except they control all 10 of the student
non-acadenic variables instead of just one for each model. The non-academic peer
composition effects are tested one ata time with these student controls. Thatis necessary
due to collinearity between the compositional variables.
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Student ‘Composition Student  School

STUDENT BACKGROUND MEASURES

SES 02310027 - 009" -
African American ~0.28" to ~0.26™ - 009" -
Asian American 0.10" 0 0.16™ - 009" -
Latino —0.04 to -0.05 - 0.09* -
Other 00210003 - 009" -
Male 0.06"t0 0.1 = 009" =
Socioeconomic Status  0.22" to 0.24* - 009" -
Remedial Math -0.12to -0.19 - 0.09* -
Remedial English —0.2210 ~0.26" - 009" -
NON-ACADEMIC MEASURES

Behavioral engagement .18 068" 043" 062"
Cognitive engagement o0.16" 090" 043" 060"
Emotional engagerment 009" 035 040" 011
Hope 004" —006 009" 000
Purpose 007+ 041 040" 012
Belonging 008" 060" 010" 083
Self-efficacy 047" 028 043" 006
Conscientiousness 018" 080" 043" 066"
Communication 008" 010 040% 002
Collaboration 007" 1167 010" 056"

‘p < 0.05; "p < 0.01. This table shows the results of 10 different models, one for each
of the non-academic skils that had a stetistically significant student or peer composition
effect in Table 4. Each model includes one measure of student non-academic skils, the
peer composition for that measure, and the set of student demographic control variables
(race/ethnicity, gender, and SES) and remedial courses. The effects of the demographic
control variables varied slightly across models, which is why those results provide a range
ofvakes.
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