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Abstract 

The School Context of Gender Disparities in Math Motivation 

by 

Christina Marie Branom 

Doctor of Philosophy in Social Welfare 

University of California, Berkeley 

Susan Stone, Chair 

Females are still vastly underrepresented in math and science careers. This may be partly due to 
continued gender disparities in math and science motivation (i.e., the cognitions and emotions 
that drive math and science related choices and behaviors). Yet the effect of school contexts on 
these disparities is still unclear. School effects research has mostly focused on schools’ role in 
achievement outcomes, while research on student motivation, including gender differences in 
math motivation, has primarily studied the contribution of individual-level factors to motivation. 
There are numerous policy and practice implications that can emerge from the finding that 
schools impact motivation even after controlling for student and family characteristics. 
Determining what school features are related to gender disparities could inform classroom and 
school-wide reforms to improve girls’ math and science motivation. Therefore, this study not 
only adds to the school effects and motivation literatures, but it could also shape education policy 
and practice by examining the school context of gender disparities in math motivation. To study 
school contributions to student motivational outcomes, data from the National High School 
Longitudinal Study of 2009 were analyzed. The survey tapped into students’ and teachers’ 
perceptions of their schools, significant school features (e.g., school sector and teaching quality) 
as well as students’ 1) beliefs about their math ability, 2) interest in math 3) perceived usefulness 
of math, and 4) intentions to take math in the future. Multi-level modeling was used to assess 
school-level features that contribute to gender disparities in math motivation. Results suggest 
student perceptions of teachers are strongly associated with between-school differences in math 
motivation, as well as gender disparities in motivation. For schools in which females were 
strongly motivated for math compared to males, students reported highly positive relationships 
with their math teachers. The results from this study will help professionals involved in 
education recognize the role of math teaching climate and quality in enhancing the math 
motivation of underrepresented female students. 
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Dissertation Rationale, Aims, and Overview 
Considering the nation’s growing need for a strong pool of math and science talent 

(Babco, 2004; National Science Foundation [NSF], 2005), schools should be particularly 
concerned with addressing continued gender gaps in math and science motivation. Girls perform 
as well as boys on standardized math tests (Hyde, Lindberg, Linn, Ellis, & Williams, 2008) and 
actually earn higher marks in math and science classes (Shettle et al., 2007), but women and girls 
continue to be vastly underrepresented in science, mathematics, engineering, and technology 
(STEM) fields, especially beyond high school (NSF, 2009). Fewer girls than boys take math and 
science AP tests (College Board, 2011), and men outnumber women in most STEM degrees and 
in all sectors of STEM employment (NSF, 2009). Overall, more women are receiving PhDs in 
math and other STEM subjects than in the past, but they still receive fewer than half of math 
degrees at all levels (NSF, 2011). Addressing these disparities in STEM participation involves 
understanding the source of gender differences in STEM motivation, defined as the cognitions 
and emotions that direct and shape students’ STEM-related choices and behavior (Graham & 
Weiner, 1996; Stipek, 1996; Weiner, 1990). For the purposes of this study, STEM motivation is 
distinguished from the related concept of engagement, in that it involves students’ subjective 
feelings and thoughts about the subject, while engagement refers to their observed academic 
behaviors (e.g., on-task behavior in class, completing schoolwork, and attendance). These 
cognitions and feelings include self-perceptions of one’s ability, one’s expectations for 
performance, and one’s interest in the subject. Research from a range of theoretical frameworks 
has shown that STEM motivation predicts important academic outcomes, including seeking help 
from teachers (Ryan & Pintrich, 1997), course enrollment and career decisions (Meece et al., 
1982), and performance on math exams (Spencer, Steele, & Quinn, 1999). Consequently, 
understanding and addressing the factors that lead to gender differences in motivation could have 
a far-reaching impact on girls’ experiences in STEM courses. 

While the majority of research on gender differences in STEM motivation has looked at 
individual level factors influencing students’ academic cognitions and emotions, girls’ STEM 
motivation is also likely shaped by the broader school context. This context is made up of the 
structural, social, and academic characteristics of a school, including the school’s sector (i.e., 
public or private), the quality of relationships between students and adults at the school, and the 
academic achievement of its students. In the last decade, researchers have increasingly seen the 
school context as an important factor affecting student motivation (Rutter & Maughan, 2002), 
but little research has looked at the effect of schools on girls’ STEM motivation. Therefore, the 
purpose of the current study is to determine features of schools that could stimulate girls’ 
motivation for STEM and promote gender equity in STEM participation. 

Bringing schools into the conversation 
Schools play a crucial role in fostering students’ motivation to learn (Roeser, Stephens, & 

Urdan, 2009), and therefore likely influence girls’ motivation for math and science. By 
promoting girls’ motivation for the subject, schools can indirectly improve their engagement 
(e.g., their participation in class or help-seeking behaviors) and achievement (e.g., performance 
on exams and in course work), both of which can stem from high levels of motivation (Ryan & 
Pintrich, 1997; Spencer et al., 1999). To better understand the impact schools have on students’ 
perceptions and feelings about academic domains, motivational researchers should take a school 
effects approach to analyze school features that promote academic motivation. A school effects 
framework considers the influence of school features on academic outcomes above and beyond 
the effects of individual student characteristics (see Eccles & Roeser, 1999; Rutter & Maughan, 
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2002). Some features of schools that have been shown to affect student motivation in previous 
research include the level of commitment teachers have to student learning (e.g., Firestone & 
Rosenblum, 1998), the confidence teachers have in their ability to successfully teach all students 
(e.g., Anderson, Greene, & Loewen, 1988), and the degree to which teachers work together to 
support student learning (e.g., Arhar, Johnston, & Markle, 1989; Dynarski & Gleason, 1998; 
Wehlage, Rutter, Smith, Lesko, & Fernandez, 1989). Student motivation has also been linked to 
the level of academic and emotional support teachers provide (Klem & Connell, 2004; Wentzel, 
1998), the degree to which these teachers hold and communicate stereotypes about student 
ability (Aronson & Steele, 2005; Jussim, Eccles, & Madon, 1996), and the level of expectations 
teachers have for their students (Jussim et al., 1996). These characteristics of teachers are 
thought to shape the frequency and nature of the interactions teachers have with students in the 
classroom. It is through these repeated interactions with important socializers and the overall 
school culture that is created by them that students’ beliefs and values about school (i.e., their 
achievement motivation) can develop or change (see Davis, 2003; Martin & Dowson, 2009; 
Weinstein, 2002; Wentzel, 1998, 2002; Wigfield & Eccles, 1992). Lee and her colleagues (Lee 
& Loeb, 2000; Lee & Smith, 1996, 2001) argue that in addition to looking at the effects of 
individual teachers on student outcomes, teachers’ beliefs and behaviors can be viewed in the 
aggregate, as organizational features of schools. 

School effects on motivation. Yet research to date that has taken this school-level 
approach to understanding student outcomes has been dominated by studies of school influences 
on academic achievement, rather than motivation, and we do not yet know the characteristics of 
the school environment that are associated with gender disparities in motivation. Rutter and 
Maughan (2002) argued that “much more attention needs to be paid to the characteristics of 
schools that matter most for noncognitive outcomes” (p. 469), including academic self-efficacy, 
persistence, and interest. It is critical that we examine school effects on girls’ motivation because 
this can offer insights into how we might address educational disparities through changes in 
education policy or practice. Therefore, the current study makes a contribution to both the 
motivational and school effects literatures by using a school effects lens to assess whether 
features of a school—especially the characteristics of its math teaching staff—are also important 
for determining girls’ math motivation. First, because there is little research on school effects on 
motivation, the study will assess school characteristics that relate to high levels of student 
motivation for math. It then aims to answer this central question: what features define schools 
where girls report relatively positive feelings about their math classes and want to take more 
math in the future? It is hypothesized that schools with highly committed math teachers, who 
hold high expectations for their students, collaborate with one another to support students, and 
have positive relations with students are best able to create an environment in which girls 
become interested in math, gain confidence in their mathematical skills, see the value of the 
domain, and demonstrate a willingness to further their education in the subject. Given that most 
schools appear to be generally adequate for most students, some have also argued that it is more 
informative to compare schools that are most effective to those that are least effective (Rutter & 
Maughan, 2002). Consequently, the current study will also examine features of schools at two 
extremes: those that promote high levels of math motivation for girls and those that are highly 
motivational for boys. It will examine these relationships using multi-level modeling, a technique 
that should be used to analyze data that are hierarchically structured (e.g., students nested within 
schools) and that is needed to determine school effects on student outcomes (Raudenbush & 
Bryk, 1986).  
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Motivational constructs 
This study will examine school effects on four key motivational constructs: self-efficacy, 

derived from self-efficacy theory, as well as intrinsic interest value and utility value, derived 
from expectancy-value theory (Bandura, 1997; Eccles et al., 1983). These motivational 
constructs were appropriate outcomes for the current study because they are grounded in theories 
that recognize the role of the social context (e.g., social stereotypes, behaviors of important 
socializers) in influencing student motivation (Bandura, 1997; Eccles et al., 1983). Research 
conducted within these frameworks has also been useful in providing social contextual 
explanations for gender differences in school beliefs, emotions, and choices (Catsambis, 1994; 
Eccles & Harold, 1992; Pajares, 1996; Wigfield & Eccles, 1992; Wigfield, Eccles, & Pintrich, 
1996). Furthermore, these constructs have been repeatedly found to predict academic persistence, 
effort, achievement, and choice (Bandura, Barbaranelli, Caprara, & Pastorelli, 1996; Eccles, 
2007; Eccles, Barber, & Jozefowicz, 1999; Lent, Brown, & Hackett, 1994; Meece, Wigfield, & 
Eccles, 1990). Therefore, this study will assess the school social context of gender differences in 
students’ beliefs about their ability to do well in their current math course (self-efficacy), how 
much they enjoy and are interested in their math course (intrinsic interest value), and how useful 
they perceive their math course to be (utility value). The study will also explore students’ 
intentions to take more math courses because they believe it will be needed for their future 
career. 

To offer the reader a background in the literature informing this study, the next sections 
will discuss relevant school effects and motivation literature. First, an overview of the school 
effects literature will be offered, along with a discussion of how schools might contribute to 
gender disparities in motivation. This will be followed by a closer look at the evidence for 
gender differences in math motivation from self-efficacy and expectancy-value research. The 
section will close with a summary and description of the current study, which aims to fill gaps in 
the current motivation and school effects literatures. In an era of limited resources for schools 
and growing need for a talented STEM workforce, it is critical to identify and describe schools 
where girls are most at-risk of dropping out of STEM. Examining the school context in which 
gender differences in STEM motivation are most pronounced will help educators, learning 
support staff, researchers, and policy makers determine the types of interventions needed to 
make school a supportive place for girls to learn. 

Literature Review 
Chapter 1: School Context of Motivation 

Schools play an important role in student outcomes, which is why education researchers 
have argued for using a school effects approach for understanding student motivation and 
achievement (e.g., Bryk & Thum, 1989; Lee, 2000; Roeser, Eccles, & Sameroff, 2000; Rutter & 
Maughan, 2002). School effects research takes advantage of statistical techniques to isolate the 
variation in student outcomes that can be attributed to schools independent of individual student 
characteristics (Rutter & Maughan, 2002). This body of literature suggests schools have modest, 
but significant effects on student outcomes after adjusting for child characteristics (Martin, 
Anderson, Bobis, Way, & Velar, 2012; Scheerens & Bosker, 1997). School-level factors that 
play a role in student outcomes can be organized into two broad categories: 1) school and 
classroom-related process features, such as teaching climate and culture, and 2) structural and 
demographic features, such as school sector or racial and socioeconomic make-up of the student 
body. 
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Given that schooling outcomes are not influenced equally across schools by structural 
and demographic features, but are also strongly impacted by “personal resources”, including 
teaching quality and student-teacher relationships (Cohen, Raudenbush, & Ball, 2003; Grubb, 
2008), the focus of this study will be on the significance of school and classroom process 
features for motivation. Drawing on school effects research, this chapter will focus on the 
following school process features that have been implicated in student achievement and 
motivation and are likely important for understanding gender differences in STEM motivation: 
staff collective responsibility for student learning, professional collegiality, teacher expectations, 
teacher efficacy, and student-teacher relationships. A review of the literature on the impact of 
these process features on student outcomes will be followed by a brief discussion of the 
structural and demographic school features that will be important to control for in the current 
study. 

Collective responsibility. One of the school features repeatedly associated with positive 
student outcomes is a school staff’s collective responsibility for student learning. Schools that 
have been successful at reducing racial gaps in achievement, for example, emphasize teacher 
responsibility for student success (Bryk, Lee, & Holland, 1993). Other scholars have also found 
that collective responsibility improves student learning and reduces learning disparities based on 
student characteristics (Lee & Smith, 1996). Rumberger and Palardy (2005) also noted that when 
a school’s teachers feel a sense of responsibility for student learning, students tend to have 
greater achievement growth. Teachers at these schools are committed to and interested in 
students, regardless of student background or ability, and they work together to ensure student 
success (Lee & Bryk, 1989; Lee, Bryk, & Smith, 1993).  

Collective responsibility and gender equity. Building an institutional culture of this kind 
within a school’s math department may play a decisive role in convincing girls that they are 
valued and can succeed in math. Schools that fail to develop a shared sense of responsibility 
among the teaching staff are unlikely to make the necessary pedagogical adjustments to motivate 
their students, perhaps even shifting the blame for poor performance and motivation onto 
students. In contrast, schools with high levels of collective responsibility have teachers who are 
committed to trying innovative practices and working hard to ensure all students succeed. 
Research suggests students benefit from this commitment: the learning experience in these 
schools is more equitable and less tied to individual students’ social characteristics (Lee & 
Smith, 1996). Finally, teachers are important role models for their students.  If a math teacher’s 
commitment to student learning is low, his or her students may perceive this attitude and become 
less committed to the class themselves (Firestone & Rosenblum, 1988). Therefore, girls are 
unlikely to be highly motivated for math in an environment where the math teachers lack a sense 
of responsibility for their students’ learning success. 

Professional collegiality. In addition to feeling responsible for student learning, teachers 
in effective schools work together to promote student achievement and motivation. School 
effects research has found that in schools where the teaching climate is cooperative and collegial, 
disadvantaged students are more likely to experience learning gains (Bryk et al., 1993; Lee, 
2000). Collegial professional environments are thought to be effective because they encourage 
the sharing of effective teaching techniques and emphasize a teamwork approach to achieving 
teachers’ common goal—student learning (Lee et al., 1993). Moreover, competitiveness among 
teachers has been associated with competitiveness among students and ability differentiation in 
the classroom, both of which are linked to maladaptive motivational orientations (Roeser, 
Marachi, & Gelbach, 2002). 
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Professional collegiality and gender equity. In schools that emphasize math teacher 
collaboration, girls appear to enjoy a learning experience that improves their attitudes toward and 
achievement in math (Chance & Segura, 2009; Goddard, Goddard, & Tschannen-Moran, 2007). 
Teachers who work together may be better able to devise strategies to support girls’ motivation 
for math than teachers working alone. Research suggests that when professionals work in 
isolation, they tend to use a single method of instruction and no longer question its effectiveness 
(Hargreaves, 1994; Skrtic, Sailor, & Gee, 1996). Yet motivating girls in math may require 
thinking outside the box; collaboration may not only help math teachers think of new teaching 
practices, but also feel confident in taking risks and trying new techniques (Goddard & Skria, 
2006; Shachar & Shmuelevitz, 1997). Finally, the fact that collegiality among school faculty 
predicts cooperative classroom environments suggests that professional collegiality among math 
teachers will create a learning climate in which girls are likely to have higher motivation for 
math. While competitive, whole-class teaching approaches in math and science—typical of high 
school classrooms—tend to be dominated by high-achieving boys (Tobin & Garnett, 1987), girls 
have been found to instead adapt better in individualized or cooperative learning contexts 
(Parsons, Kaczala, & Meece, 1982; Kahle, 1990), where they feel more comfortable initiating 
interactions with the teacher and have higher expectations for their math performance. 

Teacher expectations. Teachers may also influence student engagement and learning 
through their academic expectations of students, which can be communicated in direct or indirect 
ways. Since Rosenthal and Jacobson’s (1968) seminal study on self-fulfilling prophecies in 
education, numerous researchers have confirmed that high expectations among teachers have an 
important positive effect on student outcomes (Brophy, 1983; Cooper & Tom, 1984; Jussim & 
Harber, 2005; Raudenbush, 1984). Controlling for grades, teachers’ beliefs about student 
competence are strongly associated with students’ own competence beliefs (Bouchey & Harter, 
2005; Parsons, Kaczala, et al., 1982; Wigfield & Harold, 1992; Madon et al., 2001). Low 
expectations can become self-fulfilling prophecies when teachers treat students differently based 
on those expectations (Jussim & Eccles, 1992). Teachers who expect high quality performance 
are more likely to respond positively to students, encourage student participation in class, help 
students with their work, and offer other kinds of support (Harris & Rosenthal, 1985; Jussim, 
1986). Students may perceive and internalize teachers’ expectations of them, and thereby 
develop motivational orientations consistent with their teachers’ perceptions. Consequently, 
schools in which teachers hold high expectations for all students likely produce better learning 
outcomes for students of all backgrounds and abilities. Performance expectations have even been 
found to be more strongly associated with outcomes for stigmatized groups (e.g., girls in math 
and racial/ethnic minorities in general) (McKown & Weinstein, 2002). Stigmatized students may 
need additional support from their teachers to help them overcome the negative effects of 
academic discrimination and prejudice (Wentzel, 2002). While teacher expectations are 
important at the classroom level, research also supports the notion that a culture of high 
expectations among school faculty is a common feature of schools that are instructionally 
effective, particularly for disadvantaged students (Rutter & Maughan, 2002). 

Teacher expectations and gender equity. Teacher performance expectations and ability 
beliefs may also contribute to gender differences in student-teacher interactions and student 
motivation (Meece, Eccles, Kaczala, Goff, & Futterman, 1982). Teachers tend to have higher 
expectations for male competence in math and science and may convey these expectations in 
direct or indirect ways (Fennema, Peterson, Carpenter, & Lubinski, 1990; Hill, Corbett, & St. 
Rose, 2010; Li, 1999; McKown & Weinstein, 2002; Seymour & Hewitt, 1997; Tiedemann, 
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2000). If math teachers perceive girls to be of lower ability, they may have less respect for their 
learning interests and needs; allow girls less autonomy in the classroom (Good & Weinstein, 
1986); call on boys more often than girls; and provide less encouragement to girls than boys 
(Zeldin, Britner, & Pajares, 2008). Girls may internalize teachers’ low expectations or 
stereotypes regarding their math abilities, likely leading to low personal expectations and 
diminished self-efficacy (Betz & Hackett, 1981; Eccles, 1994; Gainor, 2006; Lent et al., 1994; 
Stangor, Carr, & Kiang, 1998). In a middle school sample, Jussim, Eccles, and Madon (1996) 
found a stronger relationship between teacher expectations of math ability and actual math 
performance for girls than for boys, for Blacks than for Whites, and for students of low SES than 
students of high SES. Similarly, Jussim and Harber (2005) argued that girls might be more 
influenced by teacher expectancies in math than boys because they are less likely to be perceived 
by society as highly capable in math. To test the self-fulfilling prophecy effects by gender and 
race/ethnicity, McKown and Weinstein (2002) examined student responses to teachers’ 
overestimates and underestimates of their ability. They found that teacher underestimates of 
ability were more likely to contribute to poorer performance for girls in math and for Blacks in 
all subjects than for members of non-stigmatized groups. Although high expectations generally 
improve performance, children in the stigmatized groups benefited less from overestimates of 
ability than members of non-stigmatized groups. Moreover, females who perceive negative 
stereotypes about women’s math abilities are less likely to feel like they belong in the math 
community and are less likely to intend to take more math classes in the future (Dweck, 2006). 
Several other researchers have found that—when possible—students avoid the domain in which 
they are stereotyped (Major, Spencer, Schmader, Wolfe, & Crocker, 1998; Steele, 1992, 1997), 
perhaps partly accounting for the underrepresentation of women in math and science majors and 
careers. Consequently, the level of expectations held by math teachers at a particular school 
likely has implications for girls’ motivation for math. Schools whose math teachers convey high 
expectations for all students may enhance the self-efficacy, interest, and value of their female 
students. 

Teacher efficacy. In addition to performance expectations, teachers’ self-efficacy for 
their own work has been positively related to their relationships with students and their students’ 
achievement and motivational outcomes (Anderson et al., 1988; Ashton & Webb, 1986; 
Newmann, Rutter, & Smith, 1989). Applying Bandura’s (1997) concept of self-efficacy to 
educators, teacher self-efficacy is defined as the teacher’s belief that he or she has the capacity to 
reach a desired level of success in teaching his or her students. Ross’ (1998) review of teacher 
efficacy studies found that efficacious teachers are persistent, support student autonomy (i.e., 
give them choice and control in the classroom), help students assess their own abilities, and are 
open to feedback that improves their own teaching. Efficacious teachers emphasize mastery of 
learning tasks over performance (Wolters & Daugherty, 2007) and have more positive 
expectations for student outcomes (Tournaki & Podell, 2005). They are more likely to try new 
teaching strategies, work with struggling students, and build a positive classroom environment, 
while teachers with low self-efficacy are more likely to use custodial tactics that fail to promote 
student interests and autonomy (Bandura, 1993). Research also suggests efficacious teachers 
create warm and accepting classroom climates and are less likely to criticize wrong answers 
(Ashton & Webb, 1986). Therefore, students likely feel more positively about their academic 
experiences in classrooms with efficacious teachers. 

Efficacy for teaching among staff at the school level is also significantly associated with 
student outcomes. This collective sense of efficacy among school faculty that they can 
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effectively teach the students at their school has been found to predict student achievement in 
schools after controlling for school structural features, such as urbanicity, SES, and minority 
student enrollment (Goddard, LoGerfo, & Hoy, 2004). Between-school differences in teachers’ 
efficacy for teaching and their confidence in others at school have also been found to account for 
differences in student achievement and engagement (Bandura, 1994; Lee & Smith, 2001). 
Faculty who have strong sense of collective efficacy are committed to their mission and resilient 
to challenges, and create an influential set of normative expectations for student achievement 
(Bandura, 2000; Goddard, Hoy, & Hoy, 2004). 

Teacher efficacy and gender equity. Math teachers with higher self-efficacy may be 
more apt to make the effort to promote girls’ interest, value, and confidence in math. Indeed, 
teacher efficacy is positively related to student efficacy (Anderson et al., 1988). Midgley, 
Feldlaufer, and Eccles (1989) found that positive changes in math teacher efficacy corresponded 
to positive changes in students’ math beliefs. Efficacious teachers treat students fairly and are 
also willing to try a variety of approaches to meet student needs, including those that might 
improve the motivation of girls (Allinder, 1994). Highly efficacious teachers are also more likely 
to use small groups for instruction rather than lecture formats (Gibson & Dembo, 1984) and 
work in cooperative environments (Raudenbush, Rowan, & Cheong, 1992), contexts that, as 
previously suggested, are better suited for girls’ motivational development (Parsons, Kaczala, et 
al., 1982). Therefore, it is likely that schools with efficacious math teachers also have strongly 
motivated female students. 

Student-teacher relations. The quality of the relationships formed between students and 
teachers is yet another school feature thought to affect student outcomes. Some researchers have 
also demonstrated that schools that promote positive student-teacher relationships facilitate 
student motivation (e.g., Bryk et al., 1993; Bryk & Thum, 1989; Rutter & Maughan, 2002). 
Elements of a positive student-teacher relationship include a teacher’s demonstrated fairness, 
interest in students, emotional support and respect for students, and value for student ideas. For 
example, Bryk and Thum (1989) showed that students are more engaged in schools where 
teachers are interested in students and there are sufficient opportunities for student-teacher 
interaction. Likewise, they are motivated in schools where teachers support student autonomy 
and have warm relationships with their students (Rutter & Maughan, 2002). Teachers who make 
it clear to students that they are valued, respected, and capable of success create a climate in 
which motivation can thrive (Deci & Ryan, 2000). Similarly, Lee and Smith (1999) found that 
academic press (i.e., a push for academic excellence)—combined with social and emotional 
support from teachers—predicts both academic achievement and motivation in schools. On the 
other hand, students who feel their teachers do not care for or respect them are more likely to 
experience poor academic and socioemotional outcomes (Eccles, 1993; Wentzel, 1997). 

Student-teacher relations and gender equity. The relationship between students and 
teachers could also be a vehicle for reducing gender disparities in STEM motivation. Gender 
differences in motivation are not found in all classrooms and schools, suggesting that 
characteristics of the teaching climate, including the teachers’ attitudes and behaviors towards 
students, likely play a role in mediating the association between cultural stereotypes about math 
ability and student beliefs and values (Eccles & Blumenfeld, 1985; Parsons, Kaczala, et al., 
1982; Wang, 2012). Girls’ beliefs and values about math are formed in interaction with 
significant others, including their teachers. Eccles (1994) has theorized that individuals’ 
socialization experiences and cultural norms both contribute to the choices girls make about what 
academic domains to pursue and how much effort they expend on them. In fact, there is some 
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evidence that socialization practices are associated with girls’ beliefs about what academic or 
career choices are appropriate for them and therefore what they are likely to value and choose to 
pursue (Parsons, Kaczala, et al., 1982). This socialization may, in part, take place in the math 
classroom. 

Differential treatment in math. Even if math teachers have high expectations for girls’ 
performance, they may nevertheless interact differently with their male and female students 
(Altermatt, Jovanovic, & Perry, 1998; Hill et al., 2010; Jones & Dindia, 2004; Kahle & Meece, 
1994; Parsons, Kaczala, et al., 1982). For example, gender stereotypes may be passed along to 
students when teachers give girls and boys different feedback, advice, and information about 
their viable career options (Eccles, 1993; Eccles & Harold, 1992; Eccles, Jacobs, & Harold, 
1990; Wiese & Freund, 2011). In some cases, girls are even directly discouraged by teachers 
from pursuing science and math beyond high school (McCormick & McCormick, 1991; Zeldin 
et al., 2008). Some research suggests that both males and females report observing negative 
social messages and discriminatory practices directed toward girls in male-dominated domains 
(Zeldin et al., 2008). When perceived by students, differential teacher treatment is associated 
with negative student attitudes and beliefs about math (Keller, 2001) and gender differences in 
achievement motivation (Meece, Glienke, & Burg, 2006). When school staff fail to encourage 
female participation in math and science, they may unwittingly perpetuate the negative 
stereotype of female math ability and undermine girls’ motivation for math. 

Communication of academic values. Teachers also communicate what is important in 
school, thereby contributing to students’ perceptions of what is valuable in school (Brophy, 
1999, 2004). If socializers convey to females that math is not an appropriate path for them, these 
students are less likely to incorporate it into their identity and value it (Higgins, 2007). 
Conversely, emotionally supportive math teachers are more likely to inspire student value for the 
subject (Marchant, Paulson, & Rothlisberg, 2001). Although teacher expectations and social 
support predict student math expectancies more strongly than math values, Wang (2012) found 
that teachers who made instruction meaningful and promoted cooperation in the classroom had 
students with higher value for math. Furthermore, students are more likely to adopt the values of 
their teachers when their relationships with teachers are supportive, warm, and conflict-free 
(Birch & Ladd, 1996; Pianta, 1992; Wentzel, 1997, 1998). Students are also more likely to value 
academics when teachers hold high expectations for all students and are emotionally supportive 
(Wigfield, Tonks, & Klauda, 2009). It is likely that math teachers in a school who have positive 
relations with their students instill value for math in girls. 

Significance of student-teacher relationship for females. Some evidence is also emerging 
that the support and modeling provided by socializers is more important for enhancing the 
motivation (particularly self-efficacy) of females than males. Zeldin, Britner, and Pajares (2008) 
suggested that males and females process the information they receive from their social 
environment differently. In particular, as Erikson (1959, 1968) hypothesized, males may attend 
more to information from accomplishment sources, while females may attend more to 
information from relationships. Research has shown that although past performance is the still 
the strongest predictor of self-efficacy for males and females (Lent, Lopez, & Bieschke, 1991), 
males report more influence from prior achievement experiences (Lent, Lopez, Brown, & Gore, 
1996), while females report more influence from their physiological or emotional reactions (like 
anxiety) and teaching quality (Lent et al., 1991). Furthermore, in a qualitative study of the 
experiences of STEM professionals, Zeldin and Pajares (2000) found that women in STEM 
careers indicated that social persuasion and vicarious experiences (e.g., seeing other women 
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succeed in STEM) were critical to their self-efficacy for math and science. Many of the women 
also recalled an influential person in their lives who helped develop their self-efficacy at a 
critical time. All of the women discussed inspirational teachers who encouraged them to pursue 
male-dominated careers. Males in STEM careers, on the other hand, were more likely to discuss 
past performance experiences as the primary contributor to their self-efficacy and career choice 
(Zeldin et al, 2008). Men also recalled the influence vicarious experiences and social persuasion, 
but these experiences tended to only reinforce their already established confidence. In addition, 
the men didn’t recall people directly encouraging them as the women did, and only half of the 
men mentioned influential teachers. Other research has similarly found successful females in 
STEM have reported that supportive instructors made their achievements in STEM a reality 
(Whitten et al., 2004). Therefore, the relationships between students and teachers in a school 
might have particularly significant consequences for girls’ math motivation. 

School demographic and structural features. To isolate the effects of key school 
process features on girls’ motivation for math, this study will control for school-level features 
that have been previously related to student motivation. Important school-level controls for 
research on motivation include school sector (Bryk et al., 1993), geographic locale (i.e., 
urbanicity of the school) (Roscigno, Tomaskovic-Devey, & Crowley, 2006), and racial/ethnic 
and socioeconomic composition of the student body (Lee & Burkam, 2003; Rutter, Maughan, 
Mortimore, Ouston, & Smith, 1979; Rutter & Maughan, 2002). The inclusion of extended 
learning programs in math and science could also contribute to student motivation for these 
subjects and therefore will also be controlled for (Durlak & Weissberg, 2007; Grolnick, Farkas, 
Sohmer, Michaels, & Valsiner, 2007). Controlling for these features will allow the researcher to 
determine the school process features that affect motivation, above and beyond schools’ 
structural and demographic inputs.  
Chapter 2. Motivational Constructs 

In order to measure the effects of schools on motivation, this study will assess the factors 
associated with four constructs that have been significant to the study of gender differences in 
math motivation: self-efficacy, intrinsic interest value, utility value, and course and career 
intentions (Bandura, 1997; Wigfield & Eccles, 2000). These four outcomes are relevant to the 
focus of the current study, because they are grounded in theories recognizing the significance of 
the social context for motivation, and numerous studies have looked at gender differences in 
these four outcomes to understand girls’ academic and career choices. This chapter presents a 
summary of the gender disparities research that has examined these outcomes. 

Self-efficacy. Self-efficacy theory offers one perspective that seeks to explain differences 
in student motivation. Self-efficacy entails beliefs about one’s ability to attain task- and 
situation-specific outcomes (Bandura, 1997). The theory argues that when one feels competent in 
a given domain, he or she will be more motivated to approach tasks, put effort into them, and 
persevere when faced with challenges. Indeed, research has found that higher levels of self-
efficacy predict academic effort, persistence, learning, achievement, course enrollment, and 
career choice (Bandura, 1997; Pajares, 1996; Pintrich & Schunk, 2002; Schunk, 1995; Schunk & 
Pajares, 2002). 

Gender differences in self-efficacy. Gender differences in self-efficacy begin to emerge 
in middle school (Bandura, Barbaranelli, Caprara, & Pastorelli, 2001; Fan, 2011; Wigfield et al., 
1996). Girls have been shown to express lower levels of self-efficacy for math than boys even if 
they perform equal to or better than boys on math assessments (Anderman & Young, 1994; 
Pajares, 1996; Pintrich & Degroot, 1990; Zimmerman & Martinez-Pons, 1990). Most students 
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are overconfident in their academic competence, but girls, particularly gifted girls, are more 
likely than boys to be underconfident in their math abilities (Pajares, 1996; Pajares & Miller, 
1994). Other research has found no gender differences in self-efficacy-performance calibration 
(Hackett & Betz, 1989), but girls are also less likely to attribute their successes to ability, setting 
the stage for low expectations for future performance (Eccles et al., 1983; Parsons, Meece, 
Adler, & Kaczala, 1982). These gender differences may be due to concerns girls have about 
confirming common gender stereotypes about math ability (Wigfield et al., 1996). 

Underestimates of math ability among females have been pointed to as a possible reason 
why women are more likely to avoid math careers (Betz & Schifano, 2000; Hackett, 1995; Lent 
& Hackett, 1987). Hackett and Betz (1981) proposed a model of career choice in which self-
efficacy is a mediator between gender and career choice. Their model suggests direct and 
indirect sex role socialization practices, negative societal stereotypes, and differential access to 
opportunities, role models, and supports account for gender differences in self-efficacy for math 
and science and career decisions. They also argued that low self-efficacy for math and science 
restricted the range of careers considered by girls. Other research has shown that girls’ low self-
efficacy for math is associated with lower performance expectations, as well as less interest and 
participation in these domains (Bandura et al., 2001; Fouad & Smith, 1996; Lent et al., 1994; 
Zeldin & Pajares, 2000). Math self-efficacy has also been found to be a strong predictor of girls’ 
decisions to take more math classes (Fouad & Smith, 1996) and major in a math-related field in 
college (Betz & Hackett, 1983). Lent, Brown, and Hackett (1994) proposed that self-efficacy and 
outcome expectancies were linked to interest in math and science, which then predicted 
intentions to pursue these kinds of careers. With subsequent research supporting this assertion, it 
appears that gender differences in math self-efficacy relate to gender differences in vocational 
intentions (Byars-Winston & Fouad, 2008; Ferry, Fouad, & Smith, 2000; Fouad & Smith, 1996; 
Lent et al., 2001). Other studies have similarly found that high self-efficacy is an important 
factor associated with females pursuing STEM careers and persisting in them (Gwilliam & Betz, 
2001; Maple & Stage, 1991). 

Self-efficacy and school context. School context features likely contribute to disparities 
in self-efficacy. One component of self-efficacy theory, reciprocal determinism, asserts that 
individual, behavioral, and environmental factors interact with one another to affect behavior 
(Bandura, 1997). Accordingly, a student both influences and is influenced by his or her 
environment. For example, positive, persuasive feedback from teachers tends to enhance student 
self-efficacy (Bandura, 1994). Bandura (1993) also argued that learning environments that 
promote mastery of skills over performance and deemphasize competition also are best suited for 
building student self-efficacy. Drawing on goal theory and self-efficacy theory, one study found 
that children who perceive their teacher to have a mastery goal emphasis—rather than a 
performance goal emphasis—actually experienced increases in self-efficacy from elementary to 
middle school (Friedel, Cortina, Turner, & Midgley, 2010), which was true even after controlling 
for parents’ goal emphases. In contrast, students with teachers who emphasized performance 
goals were more likely to show a decline in self-efficacy beliefs between elementary and middle 
school. Several other teaching practices have been specifically associated with higher STEM 
motivation in female students. Research suggests teachers might facilitate girls’ STEM self-
efficacy by giving positive, genuine, and realistic feedback (American Association of University 
Women [AAUW], 1991; Seymour & Hewitt, 1997; Zeldin & Pajares, 2000). One study found 
that when students received instruction, practice opportunities, and clear performance feedback 
for a novel mathematical task, the self-efficacy for boys and girls did not differ at the end of the 
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task, despite the fact that girls rated their self-efficacy lower prior to the task (Schunk & Lilly, 
1984). As significant social relationships have been shown to influence student self-beliefs, the 
student-teacher dynamics at school may have an effect on whether there are gender differences in 
self-efficacy for math and related subjects. 

Math-related values. Expectancy-value theory differs from self-efficacy theory in that it 
emphasizes both expectations for task outcomes and subjective task values (Wigfield & Eccles, 
2000). While expectancies are beliefs about how well one will do on a task or in a domain 
(Wigfield & Eccles, 2000), values are beliefs about whether a task or domain will meet one’s 
needs (Eccles et al., 1983; Wigfield & Eccles, 1992). The values in expectancy-value theory can 
be subdivided into four major categories: attainment—how important it is for the student to do 
well on the task in relation to the student’s self-schema; intrinsic—enjoyment from the activity 
itself; utility—how useful the task is for meeting one’s goals; and cost—what one is giving up 
and/or the effort one is expending to do the activity (Wigfield & Eccles, 1992). Students are most 
likely to approach tasks that conform to their identity, that they enjoy, that they find useful in 
achieving their goals, and for which the benefits of participating outweigh the costs. Valuing 
math, for example, is associated with participation in optional math courses and intentions to 
enroll in future math or science courses (Feather, 1988; Meece et al., 1990). Fan (2011) also 
found that utility value and intrinsic value for math predict engagement (i.e., effort, attention, 
and persistence in academic activities). Because academic values predict student’s long-term 
choices (Simpkins, Davis-Kean, & Eccles, 2006), it is critical that schools stimulate value for 
math among girls. 

Gender and math values. Eccles and her colleagues have extensively studied gender 
differences in competency beliefs, expectancies, and values. Consistent with other literature on 
gender differences in self-beliefs and motivation, they have found that boys tend to have more 
positive competence beliefs and expectancies for math performance and stronger intentions to 
take math in the future (Nagy et al., 2008; Watt, 2004). These differences emerge as early as first 
grade despite equal performance in this domain (Eccles, Wigfield, Harold, & Blumenfeld, 1993). 
In contrast, research on gender differences in math values is mixed. Some studies have found 
that girls value math as much as boys (Eccles et al., 1993; Jacobs, Lanza, Osgood, Eccles, & 
Wigfield, 2002; Wigfield et al., 1997), while other research suggests that boys value math to a 
greater extent than girls (Brush, 1980; Eccles et al., 1983; Eccles & Harold, 1992). Eccles and 
her colleagues (Eccles, 2007; Eccles et al., 1999; Nagy et al., 2008) have also found that higher 
subjective task values for math among boys relative to girls predict boys’ higher levels of 
participation in high school and college STEM courses. 

Values and school context. Values are affected by a variety of factors, but a major source 
of influence is the attitudes, beliefs, values, and actions of significant socializers, including 
teachers (Eccles et al., 1983). Teachers’ beliefs, expectancies, and behaviors influence students’ 
goals and self-schemata, which, in turn, affect student expectations of success and values. There 
is some evidence that socialization practices of parents or teachers influence girls’ beliefs about 
what academic or career choices are appropriate for them and therefore what they are likely to 
value and choose to pursue (Parsons, Adler, & Kaczala, 1982). Girls who perceive that others 
hold negative stereotypes about their abilities in math are also less likely to report intrinsic 
interest in math (Davies, Spencer, Quinn, & Gerhardstein, 2002; Smith, Sansone, & White, 
2007). Teachers may promote girls’ interest and utility value in math by encouraging them to 
consider math career options, making an effort to appeal to girls’ interest in math, and supporting 
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girls’ beliefs about their ability to be successful in math. Schools where teachers support girls’ 
pursuit of math likely have smaller gender gaps in math values. 

Individual and family influences. Several critical individual-level factors related to 
student motivation will be controlled for in this study to assess the influence of schools on math 
self-efficacy, interest, utility value, and course intentions. These include student’s math 
achievement (Bandura, 1997; Eccles et al., 1983), race/ethnicity, SES (Murdock, 1999), U.S. 
nativity (Fulgini, 2001), and parents’ sex stereotypes about math ability (Eccles et al., 1983; 
Parsons, Adler, & Kaczala, 1982). By controlling for these factors, the added effects of schools 
on motivation can be determined. 

Summary and Current Study 
The reviewed literature suggests that there are significant gender disparities in math 

motivation, but that certain school contexts particularly facilitate girls’ motivation in their math 
courses. These include school climates that actively support the competency beliefs, interest, and 
academic values of all students. The current study contributes to the motivation literature by 
describing school features that support such beliefs, interests, and values. 

The current study also fills a critical gap in the school effects literature by determining 
how such school process features relate to gender differences in math motivation. Despite Rutter 
and Maughan’s (2002) argument for more attention to the effects of schools on noncognitive 
outcomes, multi-level research has not yet examined the school context of gender disparities in 
math motivation. School effects research informs educators and policy makers of ways in which 
they can directly address motivational problems among students. Education practitioners 
typically have more control over the influences of schools on student outcomes than the effects 
from home and family environments. Consequently, it will be of great value to professionals 
involved in education to explore practices and policies that schools can change to achieve a 
highly motivational climate. To answer calls for more school effects research on motivation and 
to inform educational practice and policy, this study will look at a variety of school-level 
characteristics, particularly the school’s teaching climate and student-teacher relationships, and 
their relation to gender differences in math self-efficacy, course interest, utility value, and course 
intentions (see Figure 1 for an illustration of the theoretical relationships tested in this study and 
corresponding research questions). 

The study was guided by five primary research questions. Given that there is little 
research on school effects on math motivation, the first two questions explore average between-
school differences in math motivation. Questions three through five focus specifically on gender 
differences in math motivation: 

1) What proportion of the variance in self-efficacy, intrinsic interest value, utility value, 
or course/career intentions (i.e., plans to take more math because it will be needed for 
a student’s career) can be attributed to schools? 

2) What school characteristics are related to average math motivation across the four 
motivational outcomes? 

3) What school characteristics are related to gender gaps in math motivation across the 
four motivational outcomes? 

4) Are there significant between-school differences in the math motivation gender gap? 
5) What characteristics predict being a school with relatively large gender gaps in math 

motivation?  
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Figure 1. Theorized influences on motivation. 

The study will answer these questions by exploring the relationship between the 
following school-level variables and math motivation: teacher collective responsibility, teacher 
professional collegiality, teacher expectations, teacher self-efficacy, and student-teacher relations 
(as perceived by students). To analyze these associations, the study utilizes data from the 
National High School Longitudinal Study (HSLS) of 2009, which surveyed high school 
freshman about their experiences in math and science classes (although this study will focus only 
on items related to students’ math classes). Because of the nested nature of the data (i.e., students 
within schools), the analyses will be conducted with multi-level modeling techniques 
(Raudenbush & Bryk, 1986). By assessing the types of school environments in which girls are 
most at risk of disengaging from mathematics, this study will inform the development of school-
wide interventions to promote math motivation. 

Methods 
Study Design 

The current study is a secondary data analysis of the HSLS of 2009, which was 
conducted by the National Center for Education Statistics (NCES). This survey is a nationally 
representative longitudinal study that looks at educational and social experiences in science and 
math, as well as students’ high school and postsecondary plans (see Ingels et al., 2011). The 
current study examines data from the base year, which took place in fall of the 2009-2010 school 
year. Students filled out questionnaires regarding their experiences in math and science courses 
and took a mathematics competency exam. A follow-up survey took place in the spring of 2012 
when most participants were in the 11th grade. Materials for this follow-up have not yet been 
released, but the survey will include questionnaires and a mathematics assessment. Additional 
follow-ups regarding students’ postsecondary plans will occur in the summer of 2013 and a few 
years after high school graduation. The parent or guardian most knowledgeable about the 
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sampled student also filled out a questionnaire. This questionnaire assessed the parents’ 
involvement in their student’s education, perspectives on their student’s previous academic 
experiences, and plans for their student’s future. Additionally, the student’s current math and/or 
science teacher completed a questionnaire regarding his or her background and experiences 
within the school and his or her department. Finally, the survey asked school administrators 
(primarily school principals) to describe the school’s staff, students, curriculum, and 
programming. 

The HSLS was the most appropriate study for answering the current research questions 
for several reasons. First, its large sample size improves the power of the analyses, and the 
sample’s national representation enhances the generalizability of the results to students and 
schools across the country. Second, it provides social contextual information about the students’ 
school experiences, including the teaching climate in the math department and the quality of the 
school’s student-teacher relationships, which allows the researcher to assess the social context of 
motivational differences in math. Furthermore, it taps into important student attitudes and beliefs 
about math, including their self-efficacy, intrinsic interest value, and utility value for math, as 
well as their intentions for taking math in the future. Finally, it offers adequate data from each 
school to allow the determination of school effects on motivation using multi-level analyses. The 
HSLS did not cover the full range of experiences students have in their math courses nor capture 
all possible measures of math motivation, but it provides the best available data for answering 
the study’s research questions. 
Participants 

The HSLS survey involved a multi-stage sampling process. First, a stratified random 
sample of 1889 eligible schools was collected, of which 944 participated. These schools included 
public and private schools in the U.S. that enrolled both 9th and 11th grade students. The sample 
was selected from the 2005-2006 Common Core of Data and Private School Universe Survey. 
The following schools were excluded: Bureau of Indian Affairs schools, special education 
schools, Department of Defense schools outside the U.S., schools without both 9th and 11th 
grade, ungraded schools, and juvenile correction/detention facilities. Strata were defined by 
school sector (public, private Catholic, private other), region of the U.S. (Northeast, Midwest, 
South, West), and locale (city, suburban, town, rural). 
 Despite efforts to recruit all eligible schools, there was an unusually high refusal rate for 
this survey (50.0% of all eligible schools) in comparison to past NCES high school longitudinal 
studies. The primary reasons for refusal included concerns about losing instructional time and the 
burden the study would place on the school and its staff. Participation was made more 
challenging by the fact that many schools had cut back on staff and resources due to an economic 
downturn. Therefore, it is possible that the results reflect the nature of school effects on 
motivation at schools with greater resources. On average, schools in the study served enrolled 
about 34% of their students in the Free and Reduced Lunch Program, which offers school meals 
to students whose families earn at or below 185% of poverty. Yet 50% of students nation-wide 
have been approved for the program (National Research Council, 2012), suggesting the sample 
may have been more affluent than national population of students. However, the survey 
researchers attempted to address the concerns of under-resourced schools by offering certain 
accommodations, such as food for students, an extended data collection window, and before- and 
after-school sessions. In addition, despite the high number of school refusals, there were small 
differences in response rate based on school sector, region, or locale.  



                                                                  15 
 

Following school recruitment, ninth-grade enrollment lists were collected from 
participating schools, and a systematic stratified sample was selected from these lists 
(approximately 28 students per school). All ninth-grade students were deemed eligible unless 
they were foreign-exchange students or had left the school by the time the data were collected. 
Strata were defined by four categories of race/ethnicity: Latino, Asian, Black, and Other (a 
category that included Whites, American Indians, and persons of mixed race). Asians were 
oversampled to ensure sufficient size for analysis. 

Following the selection of student participants, a parent or guardian respondent for each 
participating student was identified. The probability a parent would be selected to participate 
matched the probability his or her student would be selected for the survey. A total of 16,995 
parents completed the questionnaire. 

The unweighted full sample of students taking math in the fall was 23,035; 49.13% were 
female and 50.87% male. U.S. born students made up 92.45% of the population, while students 
born outside the country comprised 7.55%. The mean SES of the sample was .071 (SE=.006). 
The racial/ethnic composition of the sample is displayed in Table 1. 

 
Table 1 
Sample Race 
Race N Percentage 
Indian 142 0.67 
Asian 1,938 9.18 
Black 2,355 11.15 
Latino 3,539 16.76 
Mixed 1,790 8.48 
Hawaiian/PI 95 0.45 
White 11,261 53.32 

 
There were 944 schools overall. Of these, 81.25% were public schools, 10.81% were 

Catholic private schools, while 7.94% were non-Catholic private schools. The geographic 
distribution of schools is depicted in Table 2. On average, 33.97% of students were on free or 
reduced lunch programs and 33.99% of students were non-White minority students. 

 
Table 2 
Sample School Region and Locale 
Region N Percentage 
Northeast  149 15.78 
Midwest 251 26.59 
South 380 40.25 
West  164 17.37 
   
Locale N Percentage 
City 272 28.81 
Suburb 335 35.49 
Town 117 12.39 
Rural 220 23.31 
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Procedures 
 Prior to school recruitment, the Chief State School Officer for each state was notified and 
informed of the HSLS survey. School districts and dioceses were then sent informational 
packages and called to obtain permission to contact sampled schools. Once permission was 
granted, each eligible school was sent an informational package. The schools then received a 
follow-up call to confirm receipt of the package and obtain permission from the school to 
conduct the study. For each school agreeing to participate, a school coordinator (SC) was then 
identified. The SC scheduled data collection sessions and determined the type of parental consent 
(active or passive) needed for student participation. Session Administrators (SA) were trained in 
August 2009 to conduct the in-school sessions. As needed, SAs hired and trained session 
administrator assistants (SAAs) to help them conduct these sessions. The SAs and SCs worked 
together to obtain explicit parental permission (for 20% of schools) or implicit parental 
permission (for 80% of schools), depending on school or district requirements. 

A customized Linux operating system, Sojourn, was developed to conduct the 
questionnaires on school computers. It was installed via flash drive on the computers and 
established a secure link between the computer and the NCES survey site. In-school sessions 
were conducted on school computers or laptop PCs provided by the project. Laptops were not 
connected to the Internet while in the schools. Rather, student responses were stored directly on 
the laptop in encrypted files and the SAs securely transmitted the data after each session. Eighty-
four percent of the participating high schools conducted the student sessions on school 
computers using Sojourn. Project laptop computers were exclusively used in 16 percent of the 
schools. Fifty percent of participating schools used a combination of Sojourn and project laptops. 

The student questionnaire was administered online in school for 98 percent of students 
and online out of school for the remaining 2 percent of students during the fall of 2009. Students 
were randomly assigned to one of two groups. The order of question administration differed for 
these two groups to minimize fatigue effects. All sessions lasted approximately 90 minutes: 15 
minutes for setup and instructions, 35 minutes for questionnaire, and 40 minutes for math 
assessment. 

To begin collecting data from parents, letters were sent home encouraging parents to 
participate and providing instructions for participation. Parents were first given the option to self-
administer the questionnaire online. After three weeks of online data collection, trained 
interviewers called the parents who did not complete the online questionnaire to conduct an 
interview over the phone. Reminders were also sent via mail and email every 3 weeks to non-
respondents. The questionnaire took approximately 30 minutes to complete. 

Schools also were asked to identify math teachers for students selected for the survey. A 
total of 5,710 math teachers were contacted by letter for participation. The letter included 
instructions for completing the questionnaire via the Internet and phone. Teachers were asked to 
confirm they taught the sampled student’s math course, and attempts were made to locate the 
correct teacher when a teacher responded that he or she did not teach the sampled student’s math 
course. The survey took about 26 minutes to complete online and 27 minutes to complete by 
phone. Reminder emails and letters were sent every 3 weeks to non-responding teachers. An 
abbreviated survey was sent to non-responding teachers about 2 weeks prior to the end of data 
collection. The abbreviated survey took about 10 minutes to complete.  

Administrators at the school also filled out a questionnaire. Typically, the school 
principal filled out this survey, though other school staff could fill out the first portion of the 
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questionnaire. The survey took on average 41 minutes to complete. An abbreviated version, sent 
to non-responding administrators took about 20-24 minutes to complete. 
Instruments 

In their development of the questionnaires, the HSLS researchers were guided by a 
review of the research literature, consultation with federal government offices and interest 
groups, and a review of drafts by a technical review panel and the Office of Management and 
Budget. Approved drafts of the questionnaires were then field tested and revised for study use. 

The student questionnaire asked participants to respond to questions about their academic 
motivation, beliefs, and goals. Some questions specifically addressed students’ experiences in 
their math and science courses. The questionnaire also captured demographic information about 
the students and their plans for the future. 

Students also took a mathematics assessment in algebraic reasoning. Domains covered by 
the assessment included the language of algebra; proportional relationships and change; linear 
equations, inequalities, and functions; nonlinear equations, inequalities, and functions; systems 
of equations; and sequences and recursive relationships. The test items were developed by the 
staff at the American Institutes of Research and reviewed by a Mathematics Advisory Panel 
comprised of mathematicians and mathematics educators. 

The parent questionnaire asked parents about the participating student’s educational 
history and the parent’s involvement in the school. In addition, parents were asked to compare 
males and females in their abilities for a range of academic subjects. The questionnaire also 
assessed the parent’s post-secondary educational and occupational plans for the student. Finally, 
the parent was asked to provide demographic information and indicate his or her relation to the 
student participant. In the final data set, HSLS researchers linked all parent data to student data. 

The math teacher questionnaire assessed teachers’ demographic information, training and 
education background, credential status, and attitudes and beliefs about teaching. It also asked 
teachers to evaluate the school’s teaching and administration. In the final data set, HSLS 
researchers linked all teacher data to student data. 

The administrator questionnaire asked about the school’s characteristics (e.g., sector and 
grade span); proportion of students on a free or reduced lunch plan; racial/ethnic composition of 
the student body; math and science course offerings and information about math and science 
faculty; and the administrator’s background, experiences at work, and evaluation of the school. 
In the final data set, administrator data was linked to student data using the school ID numbers. 
Analysis of Data 

Variables. 
Dependent variables. HSLS survey researchers conducted principal components analysis 

to create a series of scales from student questionnaire responses (see Ingels et al., 2011). For the 
current study, the following survey scales will be used: “mathematics self-efficacy”, 
“mathematics course interest”, and “mathematics utility”. All three scales were standardized to 
have a mean of 0 and standard deviation of 1. Only respondents who provided a full set of 
responses were assigned scale values. Intentions to take more math in the future will be gauged 
from a dichotomous variable described below. 

Math self-efficacy. Math self-efficacy represents the respondents’ perceptions of their 
ability to perform well in their math courses in the base year, with higher values representing 
greater self-efficacy. The variable was comprised of four items, which were responded to on a 
four-point Likert Scale from “strongly agree” to “strongly disagree”, including “You are 
confident that you can do an excellent job on tests in this course” and “You are certain that you 
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can understand the most difficult material presented in the textbook used in this course” (see 
Appendix A for a list of all items included in these scales). The questions were customized to 
refer to the student’s fall 2009 math class and the Cronbach’s alpha for the scale is 0.90. 

Math intrinsic interest value. The mathematics course interest scale included six items 
about the students’ interest in math, with higher values representing greater interest in their fall 
2009 math course. The items, which were customized to specifically pertain to the student’s fall 
2009 math course, were responded to on a four-point Likert Scale from “strongly agree” to 
“strongly disagree” and included “You are enjoying this class very much” and “You think this 
class is boring” (reverse coded). The Cronbach’s alpha for the scale is .75. 

Math utility value. The perceived mathematics utility scale represents how useful 
respondents felt math was to them. Higher values indicate greater perceived usefulness of math. 
The scale was composed of three items, responded to on a four-point Likert Scale from “strongly 
agree” to “strongly disagree”, including “What students learn in this course is useful for 
everyday life” and “What students learn in this course will be useful for college”. The questions 
were customized to refer to the student’s fall 2009 math class and the Cronbach’s alpha for the 
scale is .78. 

Math course intentions. Students’ intentions to pursue a math-related course and career 
were assessed with a binary response (yes/no) question: “You will need a lot of math courses for 
the type of career you want”. 

Gender. Gender for students was measured with the question “What is your sex?” 
Respondents could choose “male” or “female”. Males will be used as the reference group in 
analyses.  

Student control variables. Student-level control variables include race/ethnicity, student 
birth country (born in a U.S. state or territory or another country), SES, and standardized math 
test scores. The race/ethnicity variable was categorized into 1) American Indian or Alaska 
Native; 2) Asian; 3) Pacific Islander or Native Hawaiian; 4) Black, including African American; 
5) Hispanic or Latino; 6) More than one race or Multiracial; and 7) White. Whites will be used as 
the reference group in analyses. SES is a composite variable created by HSLS survey researchers 
that included the following variables equally weighted: parent/guardian’s educational attainment, 
parent/guardian’s occupation, and family income (see Ingels et al., 2011 for variable 
construction). The composite was standardized to have a mean of 0 and SD of 1. Standardized T-
scores for the math assessment were derived to represent students’ achievement levels relative to 
the sample as a whole. The standardized scores were scaled to have a mean of 50 and standard 
deviation of 10. 

The views of parents regarding gender stereotypes will also be controlled for. These 
beliefs were assessed by asking parents to compare males and females in math ability. Parents 
could respond 1) “Females are much better”, 2) “Females are somewhat better”, 3) “Females and 
males are the same”, 4) “Males are somewhat better”, or 5) “Males are much better”. For 
analyses, responses 1 and 2 were collapsed into one category, “Females are better”, while 
responses 4 and 5 were collapsed into the category “Males are better.” 

School-level variables. Nine items reflecting student perceptions of their math teacher 
were used to create a composite variable representing perceived quality of the student-teacher 
relationship. These items asked students to respond to the following statements specifically about 
their current math teacher (the questionnaire was customized with the name of the student’s math 
teacher). The items were responded to on a four-point Likert Scale from “strongly agree” to 
“strongly disagree” and included items like “Values and listens to students’ ideas” and “Treats 



                                                                  19 
 
students with respect” (see Appendix A for full list of items). A reliability analysis indicated that 
the items had a Cronbach’s alpha of .89. To determine whether these items could be collapsed 
into a single scale of student perceptions, the researcher conducted a principal components 
analysis of these items, which yielded two components with Eigenvalues greater than one (5.027 
and 1.095), which accounted for 55.86% and 12.16% of the variance, respectively (see Appendix 
B for results of the principal components analysis). A scale using the first component was 
constructed; it was standardized to have a mean of 0 and standard deviation of 1.  Higher levels 
of this variable represent more positive perceptions of the math teacher. Mean values for this 
scale were also constructed for each school. 

Three scales representing the math teacher’s perceptions of the teaching climate in the 
math department and the school will also be used in analyses (see Ingels et al., 2011 for variable 
construction). They include math teacher’s perceptions of professional collegiality within the 
department, math teacher’s perceptions of math teacher expectations at the school, and math 
teacher’s perceptions that the school’s teachers had a sense of collective responsibility (see 
Appendix C for individual questionnaire items used to compose the teacher scales). All scales 
were constructed by the HSLS researchers using principal components analysis and standardized 
to have a mean of 0 and standard deviation of 1. The reliability coefficient for each scale is .65. 
Higher values on these scales correspond to higher levels of the construct represented. Mean 
values for each of these composites were constructed for each school. 

The HSLS researchers composed a scale of math teacher’s self-efficacy for teaching 
using 8 four-point Likert Scale items (see Appendix C). It was also standardized to have a mean 
of 0 and standard deviation of 1 and had a Cronbach’s alpha of .65. Higher values indicated 
higher levels of self-efficacy. A variable representing schools’ mean math teacher self-efficacy 
was also created. 

Math teachers’ beliefs about the relative ability of males and females in math were also 
assessed. Teachers could respond to this item 1) “Females are much better”, 2) “Females are 
somewhat better”, 3) “Females and males are the same”, 4) “Males are somewhat better”, or 5) 
“Males are much better”. Because the majority of teachers responded “Females and males are the 
same”, responses 1 and 2 were collapsed into one category, “Females are better”, while 
responses 4 and 5 were collapsed into the category “Males are better.” A new variable was 
constructed representing the percentage of math teachers in a school providing each these three 
categorical responses. 

School control variables. To assess the efforts of the school to improve math and science 
engagement and achievement, administrators were asked “Does your school do any of the 
following to raise high school students’ interest and achievement in math or science?” and given 
a list of 11 strategies schools might use to enhance interest and achievement, including pairing 
students with mentors in math or science and requiring professional development in increasing 
student interest in math and science (see Appendix D). The number of strategies reported by the 
administrator was summed to represent the degree to which schools attempt to encourage 
students to participate in STEM. A dichotomous variable representing whether or not the school 
implemented any math and science programs was also created. 

Other school-level control variables will include school sector (public, private Catholic, 
or private “other”); school poverty, measured by the percent of 9th graders who receive free or 
reduced-price lunch; racial/ethnic minority composition, measured by the percent of students in 
school that are non-white; school region (Northeast, Midwest, South, or West); and school locale 
(City, Suburb, Town, or Rural). 
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Statistical models and methods. The research questions will be addressed using multi-
level modeling techniques with students nested in schools to account for unmeasured similarities 
of students within each school (Raudenbush & Bryk, 1986). Traditionally, educational research 
focused on school-level or student-level effects in isolation from each other, which can lead to 
model estimation errors (see Lee & Bryk, 1989). The current study takes advantage of multi-
level modeling techniques to correct for the errors of single-level analyses by simultaneously 
examining the contribution of school-level factors and student-level factors to motivation. To 
conduct multi-level modeling, the researcher obtained and utilized the restricted use datasets for 
the HSLS. 

The HSLS survey researchers produced four student-level and one school-level survey 
weights to be used with the raw data to yield estimates representing all 9th-graders in the U.S. 
attending schools with both 9th and 11th grades. The school-level weights were allocated based on 
sampling strata and adjusted for nonresponse. In addition to a general student weight, there were 
three contextual student-level weights for use with math class data, science class data, and family 
and home contextual data. The type of weight to use depends on the research question of interest. 
Because this study focused on experiences in math courses, the math course student-level weight 
was considered for use in student-level analyses and the school-level weight for use in school-
level analyses. Using weights in multi-level modeling analyses, however, is an area of ongoing 
study, and no ideal approach has emerged for incorporating weights into multi-level modeling 
models (Snijders & Bosker, 2012). Using weights in modeling assumes the researcher is 
interested in design-based inference, rather than model-based inference. The former involves 
inferring from the data to a finite population (e.g., the entire U.S. population), while the latter 
assumes the data are the outcome of a probability model in which the parameters are unknown. 
Snijders and Bosker (2012) argue for a model-based approach since 1) the main purpose of 
analytic inference is finding a well-fitting model for the dependent variable; 2) most social 
science researchers are interested in and more familiar with model-based inference; and 3) 
design-based methods are adequate for estimating fixed effect parameters, but are less suited for 
estimating variance parameters and hypothesis testing, except in the case of large sample sizes. 
Furthermore, although STATA 12 now has the capacity to run multi-level linear regressions with 
survey weights using the xtmixed command and multi-level logistic regressions with survey 
weights using GLLAMM, there are still some software limitations to conducting multi-level 
modeling with weights (e.g., some post-test commands are not supported).  

Before proceeding, several general guidelines were used to determine whether and how 
to use weights (Snijders & Bosker, 2012). First, if they are to be used, the level-one weights need 
to be scaled using one of two recommended methods: Method A, which scales the weights so 
they sum to the cluster sample size, or Method B, which scales the weights so they sum to the 
effective cluster size (Asparouhov, 2006). Although best practices for weight scaling have yet to 
be devised, Carle (2009) recommends reporting findings from method A if there are no 
inferential discrepancies between the two approaches, particularly if cluster sizes are large 
(n>20) or if point estimates, rather than variance-covariance estimates, are of primary interest. 
After scaling the weights, the following techniques were used to determine the need for using 
survey weights in analyses (see Appendix E for detailed results from this exploration)1. First, the 
variability of the weights was examined. Both student-level and school-level weights had 
                                                 
1 Due to the computational demands of GLLAMM, the analyses of the effects of weights on estimates was limited to 
the continuous outcome variables. 
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extreme outliers and large standard errors. The variability in the weights suggested standard 
errors in design-based estimates would be inefficient. Next, the researcher put weights into the 
model to see if they significantly predicted the outcome variables. Main effects from the weights 
were not significant, though three interaction terms were significant at the .05 level (level-one 
weight and parent belief that females are better at math; level-one weights and female; and, for 
self-efficacy only, level-two weight and parent belief that males are better at math). The point 
estimates and standard errors from the following approaches were then compared: 1) using level-
one weights scaled with Method A, 2) using level-one weights scaled with Method B, 3) 
modeling without weights, and 4) modeling with design variables as covariates (i.e., school 
sector, region, and locale). In general, estimates from regressions using the two weight scaling 
methods did not differ greatly. However, point estimates changed and standard errors increased 
when weights were used compared to no weights. In some cases, inferences about predictor 
variables changed. 

A measure of informativeness (I2), representing the change in point estimates when 
adding weights, was also calculated (Asparouhov, 2006). If the design is not very informative 
(I2<2), then the reduction in bias gained from using a design-based approach is outweighed by 
the increase in variability of estimates achieved from this approach (Snijders & Bosker, 2012). 
Across the outcome variables, the informativeness of the design was only large for mixed race, 
Hawaiian/Pacific Islander, U.S. born, math test score, and parent math ability beliefs, variables 
that were of interest as controls but not as predictors. More concerning was the informativeness 
of gender, Asian race, and Latino ethnicity for utility value. However, any tests of point 
estimates (including I2  scores) should be interpreted with caution, therefore conclusions on the 
informativeness of the sample design were not made solely on the basis of the I2 scores (Snijders 
& Bosker, 2012). Finally, when design variables were added to the model, estimates changed 
very little. Although there was some evidence that the design was informative, the researcher 
was concerned by the variability of the weights and was interested in model-based inferences. 
The primary analyses were therefore conducted using a model-based approach augmented with 
design variables, based on Snijders and Bosker’s (2012) recommendation. 
 Research Question 1. To answer the first research questions, a series of random intercept 
models predicting the four motivational outcomes will be tested and their intraclass correlations 
calculated: 
𝑦𝑖𝑗 = 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗 + 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗

+ 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝜁𝑗 + 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 
 
This model represents math motivation (self-efficacy, interest, and utility value) for a student (i) 
in a school (j) as a function of an intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), 
student birth country (β8), math achievement (β9), parent stereotypes (dummy variables for 
believing males are better than females at math, β10, and believing females are better at math, 
β11), school region (β12- β14), school locale (β15- β17), and school sector (β18- β19). ζj is the 
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school-level error term normally distributed with means of 0 and a variance of ψ. εij is the 
student-level error term normally distributed with a mean of 0 and variance of θ. 
 
𝑙𝑜𝑔𝑖𝑡{Pr (𝑦𝑖𝑗 = 1|𝒙𝒊𝒋, 𝜁1𝑗)}

= 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗
+ 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝜁𝑗 + 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 
 
This model represents math course intentions for a student (i) in a school (j) as a function of an 
intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), student birth country (β8), math 
achievement (β9), parent stereotypes (dummy variables for believing males are better than 
females at math, β10, and believing females are better at math, β11), school region (β12- β14), 
school locale (β15- β17), and school sector (β18- β19). ζj is the school-level error term normally 
distributed with means of 0 and a variance of ψ. εij is the student-level error term normally 
distributed with a mean of 0 and variance of θ. 
 

Research Question 2. To answer the second question, another series of random intercept 
models will be tested, with the addition of the following variables to the above models: average 
student-reported quality of student-teacher relationships; average teacher-reported efficacy; 
average teacher-reported professional collegiality; average teacher-reported expectations; 
average teacher-reported responsibility for student learning; and the proportion of teachers at a 
school responding that males are better than females at math, the proportion responding that 
females are better than males, and the proportion responding that males and females are equally 
good at math. 

To assess the effects of individual student and individual teacher perceptions on math 
motivation, random intercept models will also be tested with the addition of student perceptions 
of student-teacher relationship quality, teacher ratings of their efficacy, and teacher endorsement 
of stereotype beliefs. The other teacher-reported variables will not be included, because they 
represented teachers’ perceptions about the math department or school faculty as a whole, rather 
than self-perceptions of the respondent. 
𝑦𝑖𝑗 = 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗 + 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗

+ 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 + 𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 + 𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝐵20𝑇𝑒𝑎𝑐ℎ𝑖𝑗 + 𝐵21𝑇𝐸𝑓𝑓𝑖𝑗 + 𝛽 22𝑇𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗 + 𝛽23𝑇𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝜁𝑗
+ 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 
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This model represents math motivation (self-efficacy, interest, and utility value) for a 
student (i) in a school (j) as a function of an intercept (β0), gender (β1), race/ethnicity (β2- β6), 
SES (β7), student birth country (β8), math achievement (β9), parent stereotypes (dummy 
variables for believing males are better than females at math, β10, and believing females are 
better at math, β11), school region (β12- β14), school locale (β15- β17), school sector (β18- β19), 
individual student ratings of student-teacher relationship quality (β20), individual teacher efficacy 
(β21), and individual teacher stereotype beliefs (β22-23). ζj is the school-level error term normally 
distributed with means of 0 and a variance of ψ. εij is the student-level error term normally 
distributed with a mean of 0 and variance of θ. 
 
𝑙𝑜𝑔𝑖𝑡{Pr (𝑦𝑖𝑗 = 1|𝒙𝒊𝒋, 𝜁1𝑗)}

= 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗
+ 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝐵20𝑇𝑒𝑎𝑐ℎ𝑖𝑗 + 𝐵21𝑇𝐸𝑓𝑓𝑖𝑗 + 𝛽 22𝑇𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗 + 𝛽23𝑇𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝜁𝑗
+ 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 
 

This model represents math course intentions for a student (i) in a school (j) as a function 
of an intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), student birth country (β8), 
math achievement (β9), parent stereotypes (dummy variables for believing males are better than 
females at math, β10, and believing females are better at math, β11), school region (β12- β14), 
school locale (β15- β17), school sector (β18- β19), individual student ratings of student-teacher 
relationship quality (β20), individual teacher efficacy (β21), and individual teacher stereotype 
beliefs (β22-23). ζj is the school-level error term normally distributed with means of 0 and a 
variance of ψ. εij is the student-level error term normally distributed with a mean of 0 and 
variance of θ. 

Research Question 3. To address the study’s third research question, a series of random 
coefficient models will be tested, with a random slope for gender. These models will include 
interaction terms composed of school covariates and gender to determine if school covariates 
moderate the relation between gender and motivation of individual students. As an example, the 
model for math self-efficacy with an interaction term for school-level student perceptions of the 
teacher and gender is displayed below. 



                                                                  24 
 
𝑀𝑎𝑡ℎ𝑆𝐸𝑖𝑗 = 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗

+ 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝐵12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 + 𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗
+  𝛽20𝑀𝑇𝑒𝑎𝑐ℎ𝑒𝑟𝑗 + 𝛽21𝑃𝑟𝑜𝑓𝐶𝑜𝑚𝑚𝑗 + 𝛽22𝑇𝑒𝑎𝑐ℎ𝐸𝑥𝑝𝑗 + 𝛽23𝐶𝑜𝑙𝑙𝑅𝑒𝑠𝑝𝑗
+ 𝛽24𝑇𝑒𝑎𝑐ℎ𝐸𝑓𝑓𝑗 + 𝛽25𝑇𝑀𝑎𝑙𝑒𝐵𝑒𝑡𝑡𝑒𝑟𝑗 + 𝛽26𝑇𝐹𝑒𝑚𝐵𝑒𝑡𝑡𝑒𝑟𝑗 + 𝛽27𝑇𝑆𝑎𝑚𝑒𝑗
+  𝛽28𝑆𝑐ℎ𝑃𝑟𝑜𝑔𝑗 + 𝛽29𝑃𝑜𝑣𝑒𝑟𝑡𝑦𝑗 + 𝛽30𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦𝑗 + 𝛽31𝑀𝑇𝑒𝑎𝑐ℎ𝑒𝑟𝑗 ∗ 𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗
+ 𝜁1𝑗 + 𝜁2𝑗𝐹𝑒𝑚𝑎𝑙𝑒 + 𝜖𝑖𝑗 

∑ = �
𝜓11 𝜓21

𝜓22
� 

𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁1𝑗 , 𝜁2𝑗~𝑁(0,𝜃) 
x is a vector representing all predictors. 
 

This model represents math self-efficacy for a student (i) in a school (j) as a function of 
an intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), student birth country (β8), math 
achievement (β9) and parent stereotypes (dummy variables for believing males are better than 
females at math, β10, and believing females are better at math, β11), school region (β12- β14), 
school locale (β15- β17), school sector (β18- β19), student-reported quality of student-teacher 
relationships aggregated and averaged to the school level (β20); math teacher perceptions of their 
department’s professional learning community (β21) and teacher expectations (β22), as well as 
their school’s collective responsibility (β23); math teacher efficacy aggregated and averaged to 
the school level (β24); math teacher stereotype beliefs (percent of teachers at the school 
responding “males are better at math”, percent responding “males and females same”, and 
percent responding “females are better at math”) (β25-27); number of school programs in place 
designed to support math and science learning (β28); school poverty level (β29); racial make-up 
of the student body (percent minority) (β30); and an interaction term for gender and average 
student perceptions of the math teachers (β31); with a random coefficient for gender. ζ1j and ζ2j 
are the school-level error terms normally distributed with means of 0 and a variance-covariance 
matrix represented by ∑. εij is the student-level error term normally distributed with a mean of 0 
and variance of θ. 

To look at the effects of individual student and teacher perceptions on the gender gap in 
math motivation, random intercept models will be tested with interaction terms for gender and 
individual student perceptions of their math teacher (see models below). Interaction terms 
composed of 1) gender and teacher efficacy and 2) gender and teacher stereotype endorsement 
will also be tested. 
𝑦𝑖𝑗 = 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗 + 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗

+ 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 + 𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 + 𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝛽20𝑇𝑒𝑎𝑐ℎ𝑖𝑗 + 𝛽21𝑇𝐸𝑓𝑓𝑖𝑗 + 𝛽22𝑇𝑀𝑎𝑙𝑒𝐵𝑒𝑡𝑡𝑒𝑟𝑖𝑗 + 𝛽23𝑇𝐹𝑒𝑚𝐵𝑒𝑡𝑡𝑒𝑟𝑖𝑗
+ 𝛽24𝑇𝑒𝑎𝑐ℎ𝑖𝑗 ∗ 𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝜁𝑗 + 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 



                                                                  25 
 
 

This model represents math motivation (self-efficacy, interest, and utility value) for a 
student (i) in a school (j) as a function of an intercept (β0), gender (β1), race/ethnicity (β2- β6), 
SES (β7), student birth country (β8), math achievement (β9), parent stereotypes (dummy 
variables for believing males are better than females at math, β10, and believing females are 
better at math, β11), school region (β12- β14), school locale (β15- β17), school sector (β18- β19), 
individual student ratings of student-teacher relationship quality (β20), individual teacher ratings 
of their efficacy (β21), individual teacher stereotype beliefs (β22-23), and an interaction terms for 
student ratings and gender (β24). ζj is the school-level error term normally distributed with means 
of 0 and a variance of ψ. εij is the student-level error term normally distributed with a mean of 0 
and variance of θ. 
 
𝑙𝑜𝑔𝑖𝑡{Pr (𝑦𝑖𝑗 = 1|𝒙𝒊𝒋, 𝜁1𝑗)}

= 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗
+ 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗
+ 𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗
+ 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗
+ 𝛽20𝑇𝑒𝑎𝑐ℎ𝑖𝑗 + 𝛽21𝑇𝐸𝑓𝑓𝑖𝑗 + 𝛽22𝑇𝑀𝑎𝑙𝑒𝐵𝑒𝑡𝑡𝑒𝑟𝑖𝑗 + 𝛽23𝑇𝐹𝑒𝑚𝐵𝑒𝑡𝑡𝑒𝑟𝑖𝑗
+ 𝛽24𝑇𝑒𝑎𝑐ℎ𝑖𝑗 ∗ 𝑓𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝜁𝑗 + 𝜖𝑖𝑗 

𝜁𝑗|𝒙𝒊𝒋~𝑁(0,𝜓)  
𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁𝑗~𝑁(0, 𝜃) 

x is a vector representing all predictors. 
 

This model represents math course intentions for a student (i) in a school (j) as a function 
of an intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), student birth country (β8), 
math achievement (β9), parent stereotypes (dummy variables for believing males are better than 
females at math, β10, and believing females are better at math, β11), school region (β12- β14), 
school locale (β15- β17), school sector (β18- β19), individual student ratings of student-teacher 
relationship quality (β20), individual teacher ratings of their efficacy (β21), individual teacher 
stereotype beliefs (β22-23), and an interaction terms for student ratings and gender (β24). ζj is the 
school-level error term normally distributed with means of 0 and a variance of ψ. εij is the 
student-level error term normally distributed with a mean of 0 and variance of θ. 

Research Question 4-5. To answer the final research questions, a series of random 
coefficient models will be tested: 
 𝑦𝑖𝑗 = 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐿𝑎𝑡𝑖𝑛𝑜𝑖𝑗 +
𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 +  𝛽10𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝑀𝑎𝑙𝑒𝑖𝑗 +
𝛽11𝑃𝑆𝑡𝑒𝑟𝑒𝑜𝐹𝑒𝑚𝑖𝑗 + 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 +  𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗 + 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 +
𝛽16𝑇𝑜𝑤𝑛𝑗 + 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗 + 𝜁1𝑗 + 𝜁2𝑗𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝜖𝑖𝑗 
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𝜖𝑖𝑗|𝒙𝒊𝒋, 𝜁1𝑗 , 𝜁2𝑗~𝑁(0,𝜃) 
x is a vector representing all predictors. 
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This model represents math motivation (self-efficacy, interest, and utility value) for a 
student (i) in a school (j) as a function of an intercept (β0), gender (β1), race/ethnicity (β2- β6), 
SES (β7), student birth country (β8), math achievement (β9), parent stereotypes (dummy 
variables for believing males are better than females at math, β10, and believing females are 
better at math, β11), school region (β12- β14), school locale (β15- β17), and school sector (β18- 
β19), with a random coefficient for gender. ζ1j and ζ2j are the school-level error terms normally 
distributed with means of 0 and a variance-covariance matrix represented by ∑. εij is the student-
level error term normally distributed with a mean of 0 and variance of θ. 
 
𝑙𝑜𝑔𝑖𝑡{Pr (𝑦𝑖𝑗 = 1|𝒙𝒊𝒋, 𝜁1𝑗)}

= 𝛽0 +  𝛽1𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 + 𝛽2𝐴𝑚𝑒𝑟𝐼𝑛𝑑𝑖𝑗 + 𝛽3𝐴𝑠𝑖𝑎𝑛𝑖𝑗 + 𝛽4𝐵𝑙𝑎𝑐𝑘𝑖𝑗 + 𝛽5𝐻𝑖𝑠𝑝𝑖𝑗
+ 𝛽6𝑀𝑖𝑥𝑒𝑑𝑖𝑗 + 𝛽7𝑆𝐸𝑆𝑖𝑗 + 𝛽8𝑈𝑆𝑏𝑜𝑟𝑛𝑖𝑗 +  𝛽9𝑀𝑎𝑡ℎ𝐴𝑐ℎ𝑖𝑗 + 𝛽10𝑃𝑎𝑟𝑒𝑛𝑡𝑆𝑡𝑒𝑟𝑒𝑜𝑖𝑗
+ 𝛽12𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡𝑗 + 𝛽13𝑀𝑖𝑑𝑤𝑒𝑠𝑡𝑗 + 𝛽14𝑆𝑜𝑢𝑡ℎ𝑗 + 𝛽15𝑆𝑢𝑏𝑢𝑟𝑏𝑗 + 𝛽16𝑇𝑜𝑤𝑛𝑗
+ 𝛽17𝑅𝑢𝑟𝑎𝑙𝑗 + 𝛽18𝑃𝑟𝑖𝑣𝑂𝑡ℎ𝑒𝑟𝑗 + 𝛽19𝑃𝑟𝑖𝑣𝐶𝑎𝑡ℎ𝑗 + 𝜁1𝑗 + 𝜁2𝑗𝐹𝑒𝑚𝑎𝑙𝑒𝑖𝑗 

∑ = �
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𝜁1𝑗 , 𝜁2𝑗~𝑁(0,𝜃) 
x is a vector representing all predictor variables. 
 

This model represents math course/career intentions for a student (i) in a school (j) as a 
function of an intercept (β0), gender (β1), race/ethnicity (β2- β6), SES (β7), student birth country 
(β8), math achievement (β9) and parent stereotypes (dummy variables for believing males are 
better than females at math, β10, and believing females are better at math, β11), school region 
(β12- β14), school locale (β15- β17), and school sector (β18- β19), with a random coefficient for 
gender. ζ1j and ζ2j are the school-level error terms normally distributed with means of 0 and a 
variance-covariance matrix represented by ∑.  

After each of these models is tested, the log likelihoods of these models will be compared 
with the log likelihoods of random intercept models with identical covariates using a likelihood 
ratio test to determine the fit of the random coefficient models compared to the random intercept 
models. Then, Empirical Bayes (EB) estimates for the random intercept and the random slope for 
gender will be predicted for each school from the random coefficient models. To explore 
between-school gender disparities in motivation, two school categories will be created based on 
the random coefficient estimates distribution for each motivational outcome: large gender 
differences favoring males (schools in the lower quartile of the EB distribution, representing 
relatively large negative gender slopes) and large gender differences favoring females (schools in 
the upper quartile, representing relatively large positive gender slopes). 

The odds of being a member in each of these categories will be calculated using ordinary 
least squares logistic regressions using the following school-level predictors: student perceptions 
of student-teacher relationship quality aggregated and averaged to the school level (β1); math 
teacher perceptions of their department’s professional learning community (β2) and teacher 
expectations (β3), as well as their school’s collective responsibility (β4); math teacher efficacy 
aggregated and averaged to the school level (β5); math teacher stereotype beliefs (percent of 
teachers at the school responding “males are better at math”, percent responding “males and 
females same”, and percent responding “females are better at math”) (β6-8); number of school 
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programs in place designed to support math and science learning (β9); school poverty level (β10); 
and racial make-up of the student body (percent minority) (β11).  

𝑙𝑜𝑔𝑖𝑡{Pr (𝐸𝐵 𝑔𝑟𝑜𝑢𝑝 = 1|𝒙)}
= 𝛽0 + 𝛽1𝑀𝑇𝑒𝑎𝑐ℎ𝑒𝑟 + 𝛽2𝑃𝑟𝑜𝑓𝐶𝑜𝑚𝑚 + 𝛽3𝑇𝑒𝑎𝑐ℎ𝐸𝑥𝑝 + 𝛽4𝐶𝑜𝑙𝑙𝑅𝑒𝑠𝑝
+ 𝛽5𝑇𝑒𝑎𝑐ℎ𝐸𝑓𝑓 + 𝛽6𝑇𝑀𝑎𝑙𝑒𝐵𝑒𝑡𝑡𝑒𝑟 + 𝛽7𝑇𝐹𝑒𝑚𝐵𝑒𝑡𝑡𝑒𝑟 + 𝛽8𝑇𝑆𝑎𝑚𝑒
+ 𝛽9𝑆𝑐ℎ𝑃𝑟𝑜𝑔 + 𝛽10𝑃𝑜𝑣𝑒𝑟𝑡𝑦 + 𝛽11𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦 + 𝜖  

x is a vector representing all predictor variables 
 

The regressions will be rerun with the above variables, but with dummy variables for 
individual school program items replacing the school programs composite variable, SchProg (see 
Appendix D for a full list of these school program efforts).  
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Results 
Descriptive results 

Within the sample taking math in the fall, the unweighted average math motivation score 
ranged from -0.017 to 0.042 (see Table 3). At the school level, the average math motivation 
scores ranged from -0.026 to 0.027. Within the sample enrolled in a fall math class, 29.56% 
indicated they plan to take more math because they will need it for their desired career. Schools 
on average had about 23.58% of students indicating they planned to take more math for this 
reason. 

 
Table 3 
Average Scores for Continuous Motivational Outcome Variables 
Outcome Student-level 

Mean 
Student-level 
SE 

School-level 
Mean 

School-level SE 

Self-efficacy 0.042 0.007 -0.026 0.315 
Interest 0.036 0.007 0.027 0.338 
Utility value -0.017 0.007 -0.019 0.316 
 
Student-level analyses 

Simple t-tests were conducted comparing males and females on the three continuous 
outcome variables: self-efficacy, interest, and utility value (see Table 4). Males had higher 
motivation than females for self-efficacy and utility value, but females had significantly higher 
interest. Within the subpopulation taking a fall math course, there were no gender differences in 
intentions to take math because it would be required for a future career (OR=0.963). 

 
Table 4 
T-Tests for Gender Differences in Continuous Motivational Outcome Variables 
Outcome Mean 

Difference 
SE z p-value 95% Confidence 

Interval 
Self-
efficacy 

0.187 0.014 12.95 <0.001 0.158 0.216 

Interest -0.035 0.015 2.14 0.016 -0.064 0.007 
Utility 
Value 

0.062 0.015 4.28 <0.001 0.034 0.091 

 
 Multi-level models. A series of random intercept models were run to determine gender 
differences in self-efficacy, interest, utility value, and course intentions, controlling for 
race/ethnicity, SES, nativity, parent stereotype beliefs, and school sector, region, and locale. 
Controlling for other variables in the model, females have significantly lower self-efficacy than 
males (β=-0.197, SE=0.016, z=-12.100, p<0.001). In contrast, there were no gender differences 
in reported math interest, controlling for the other covariates. Controlling for the other variables 
in the model, females also had significantly lower utility value than males (β=-0.088, SE=0.017, 
z=-5.12, p<0.001). Finally, to determine gender differences in intentions to take more math 
courses for a future career, a random intercept model was estimated using the xtmelogit 
command in STATA with 7 integration points. Controlling for race/ethnicity, SES, U.S. born, 
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test score, parent attitudes, and school region, locale, and sector, there were no gender 
differences in reported course intentions. 
School analyses 

Averaging to the school level, males had a higher level of self-efficacy than females 
(0.194, SE=0.017), while average interest was higher among females across schools (0.023, 
SE=0.018). Utility value across schools was higher among males (0.064, SE=.017). Across 
schools, the average gender difference in the proportion of students intending to take more math 
for a future career neared 0 (0.80%, favoring males). 

Multi-level models. 
Question 1: What proportion of the variance in math motivation can be attributed to 

schools? To answer the first research question, random intercept models with individual and 
school-level control variables (gender, race/ethnicity, SES, nativity, test scores, parent 
stereotypes, school region, school locale, and school sector) were tested for each motivational 
outcome. The intracclass correlations (ICCs) from these models are listed in Table 5, indicating 
the proportion of the residual variance in each outcome that was due to schools. These ICCs 
suggest that schools were responsible for 3-6% of the residual variance in motivation after 
controlling for the above factors. 

 
Table 5 
Intraclass Correlations for Random Intercept Models 
Outcome ICC 
Self-efficacy 0.029 
Interest 0.058 
Utility Value 0.026 
Intentions 0.053 
 

Question 2: What school characteristics are related to average math motivation? To 
answer the second research question, regarding the relationship between average motivational 
outcomes and key school-level features of interest, a second series of random intercept 
regressions was conducted. In addition to the variables included in the first series of regressions, 
these regressions included the following school-level covariates: number of math/science 
programs at the school (MS Program); the percentage of students from a racial/ethnic minority 
(Perc. Minority); the percentage of students who qualify for free or reduced lunches (Perc. FRL); 
average student-reported quality of student-teacher relationships (Ave. S-T Relationship); 
average teacher-reported efficacy (Ave. Teacher Efficacy); average teacher-reported professional 
collegiality (Ave. Teacher Collegiality); average teacher-reported expectations (Ave. Teacher 
Expectations); average teacher-reported responsibility for student learning (Ave. Teacher 
Responsibility); and the proportion of teachers at a school responding that males are better than 
females at math (Prop. Teach. Male Better), the proportion responding that females are better 
than males (Prop. Teach. Female Better), and the proportion responding that males and females 
are equally good at math (Prop. Teach. Same). While gender, race/ethnicity, SES, nativity, math 
achievement, parent stereotype beliefs, and school region, locale, and sector were included as 
controls in all of the regressions, their estimates are not displayed in the tables below for space 
considerations. 
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Self-efficacy. Higher math self-efficacy was significantly associated with attending a 
school with a higher percentage of low-income students; high ratings of student-teacher 
relationships; lower average teacher expectations; and higher average responsibility for student 
learning (see Table 6). None of the other school covariates predicted math self-efficacy. 

 
Table 6 
Self-efficacy Random Intercept Model with School Covariates 

Self-efficacy β SE z p-value 95% Confidence 
Interval 

MS Program 0.000 0.004 0.04 0.967 -0.008 0.009 

Perc. Minority 0.000 0.001 -0.76 0.449 -0.001 0.001 

Perc. FRL 0.001 0.001 2.01 0.044 0.000 0.003 

Ave. S-T 
Relationship 0.134 0.013 10.29 <0.001 0.108 0.159 

Ave. Teacher 
Efficacy -0.013 0.017 -0.71 0.475 -0.047 0.022 

Ave. Teacher 
Collegiality -0.004 0.017 -0.22 0.823 -0.037 0.029 

Ave. Teacher 
Expectations -0.040 0.020 -1.97 0.049 -0.080 0.000 

Ave. Teacher 
Responsibility 0.047 0.018 2.61 0.009 0.012 0.083 

Prop. Teach. 
Female Better -0.099 0.113 -0.88 0.381 -0.319 0.122 

Prop. Teach. Male 
Better -0.007 0.095 -0.07 0.944 -0.194 0.180 

Prop. Teach. 
Same -0.036 0.084 -0.43 0.670 -0.201 0.129 

Constant -1.460 0.116 -12.59 <0.001 -1.688 -1.233 
Random Effects 
Param.       

√Ψ 0.106 0.017     0.077 0.146 
√θ 0.903 0.007     0.890 0.916 

 
Interest. Higher average interest in math was significantly associated with attending a 

school with a lower proportion of racial/ethnic minority students; higher proportions of low-
income students; higher student-teacher relationship ratings; and where a larger proportion of 
teachers reported that males are better at math than females (see Table 7). No other school 
covariate was significantly related to math interest. 

 
Table 7 
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Interest Random Intercept Model with School Covariates 

Interest β SE z p-value 95% Confidence 
Interval 

MS Program -0.001 0.004 -0.26 0.795 -0.010 0.007 

Perc. Minority -0.001 0.001 -2.56 0.011 -0.002 0.000 

Perc. FRL 0.003 0.001 5.09 <0.001 0.002 0.005 

Ave. S-T 
Relationship 0.239 0.013 17.85 <0.001 0.213 0.265 

Ave. Teacher 
Efficacy 0.013 0.018 0.71 0.478 -0.023 0.048 

Ave. Teacher 
Collegiality -0.006 0.017 -0.35 0.727 -0.040 0.028 

Ave. Teacher 
Expectations -0.023 0.021 -1.09 0.276 -0.064 0.018 

Ave. Teacher 
Responsibility 0.012 0.019 0.66 0.508 -0.024 0.049 

Prop. Teach. 
Female Better -0.005 0.116 -0.04 0.969 -0.232 0.223 

Prop. Teach. Male 
Better 0.220 0.098 2.23 0.026 0.027 0.412 

Prop. Teach. 
Same 0.053 0.087 0.61 0.539 -0.117 0.224 

Constant -1.258 0.120 -10.49 <0.001 -1.493 -1.023 
Random Effects 
Param.       

√Ψ 0.106 0.018     0.075 0.149 
√θ 0.925 0.007     0.912 0.939 

 
Utility value. High average utility value for math was associated with attending a school 

with high proportion of low-income students and a school with high student-teacher relationship 
ratings (see Table 8). None of the other school covariates was significantly related to math utility 
value. 

 
Table 8 
Utility Value Random Intercept Model with School Covariates 

Utility Value β SE z p-value 95% Confidence 
Interval 

MS Program -0.003 0.005 -0.55 0.583 -0.011 0.006 
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Perc. Minority -0.001 0.001 -1.47 0.142 -0.002 0.000 

Perc. FRL 0.002 0.001 3.16 0.002 0.001 0.004 

Ave. S-T 
Relationship 0.109 0.014 7.90 <0.001 0.082 0.137 

Ave. Teacher 
Efficacy 0.004 0.019 0.20 0.839 -0.033 0.040 

Ave. Teacher 
Collegiality -0.014 0.018 -0.79 0.429 -0.050 0.021 

Ave. Teacher 
Expectations -0.012 0.022 -0.53 0.596 -0.054 0.031 

Ave. Teacher 
Responsibility 0.001 0.019 0.04 0.965 -0.037 0.039 

Prop. Teach. 
Female Better -0.090 0.120 -0.75 0.454 -0.325 0.145 

Prop. Teach. Male 
Better 0.112 0.101 1.10 0.271 -0.087 0.310 

Prop. Teach. 
Same 0.013 0.090 0.15 0.883 -0.162 0.189 

Constant -0.268 0.123 -2.17 0.030 -0.509 -0.026 
Random Effects 
Param.       

√Ψ 0.117 0.018     0.086 0.158 
√θ 0.958 0.007     0.944 0.972 

 
Intentions. To calculate the association between school features and the odds of intending 

to take more math for a future career, a random intercept regression was run using the xtmelogit 
function of STATA with 7 integration points. Students attending schools where teachers were 
positively rated by students were more likely to report intentions to take more math than students 
where the teachers were negatively rated (see Table 9). Each one point increase on the average 
student-teacher relations scale was associated with an 8% increase in the odds of students 
reporting intentions to take more math. In contrast, each percentage increase in the minority 
composition of the school was associated with a 1% decrease in the odds of students reporting 
intentions to take more math. 

 
Table 9 
Intentions Random Intercept Model with School Covariates 

Intentions β SE z p-value 95% Confidence 
Interval 

MS Program -0.012 0.010 -1.200 0.231 -0.030 0.007 
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Perc. Minority -0.003 0.001 -2.340 0.019 -0.005 0.000 

Perc. FRL 0.000 0.001 -0.170 0.865 -0.003 0.003 

Ave. S-T 
Relationship 0.084 0.029 2.910 0.004 0.027 0.141 

Ave. Teacher 
Efficacy -0.055 0.040 -1.370 0.169 -0.133 0.023 

Ave. Teacher 
Collegiality -0.071 0.038 -1.880 0.060 -0.145 0.003 

Ave. Teacher 
Expectations 0.029 0.046 0.630 0.526 -0.061 0.120 

Ave. Teacher 
Responsibility 0.022 0.041 0.540 0.589 -0.058 0.102 

Prop. Teach. 
Female Better -0.351 0.250 -1.400 0.160 -0.842 0.139 

Prop. Teach. Male 
Better -0.223 0.211 -1.060 0.291 -0.637 0.191 

Prop. Teach. 
Same -0.178 0.186 -0.960 0.338 -0.543 0.186 

Constant -2.026 0.264 -7.680 0.000 -2.543 -1.509 
Random Effects 
Param.       

√Ψ 0.184 0.051     0.107 0.317 
 

Individual teacher effects. While school effects were of primary interest in this study, the 
individual-level reports of teaching quality served as an approximation of within-classroom 
effects of teachers on motivation. Random intercept models were tested again for all four 
outcomes, with the individual student-teacher relationship scale variable as the primary predictor 
of interest. The control variables included gender, race/ethnicity, SES, nativity, math 
achievement, parent stereotype beliefs, and school region, locale, and sector. The student-teacher 
relationship significantly predicted motivation on all four outcome measures (see Table 10). 
When the only other classroom-specific variables, teacher efficacy and teacher stereotypes, are 
added into the model, it appears that teacher efficacy also significantly predicted math interest 
controlling for other covariates (β=0.027, SE=0.010; z=2.60, p=0.009). Students with teachers 
who believe that males are better at math than females also had higher interest in math than 
students whose teachers believe males and females have equal ability in math (β=0.098, 
SE=0.031; z=3.12, p=0.002). 

  
Table 10 
Student-Reported Teacher Ratings and Motivational Outcomes, Controlling for Student and 
School Covariates 
 β SE z p-value 95% Confidence 

Interval 
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Self-Efficacy       
     S-T Relationship 0.307 0.010 30.73 <0.001 0.288 0.327 
Interest       
     S-T Relationship 0.491 0.009 51.69 <0.001 0.472 0.509 
Utility Value       
     S-T Relationship 0.307 0.011 29.08 <0.001 0.286 0.328 
Intentions       
     S-T Relationship 0.163 0.027 6.14 <0.001 0.111 0.215 
 

Question 3: What school characteristics are related to gender gaps in math motivation 
across the four motivational outcomes? To determine the relationship between the gender gap 
in math motivation and school-level features, a series of random coefficient regressions was 
conducted. The models tested included a random coefficient for gender and interaction terms 
composed of gender and school features. Each interaction term was tested one at a time. The 
school features tested included: the number of math/science programs at the school; the percent 
of students who were of a racial/ethnic minority group; the percent of students in the free or 
reduced lunch program; average school-level ratings of the student-teacher relationship (from the 
students’ perspective); average school-level teacher efficacy; average school-level professional 
collegiality; average school-level teacher expectations; average school-level teacher 
responsibility for student learning; the proportion of teachers reporting that males are better at 
math; the proportion reporting that females are better at math; and the proportion reporting that 
males and females are equally good at math. Gender, race/ethnicity, SES, nativity, math 
achievement, parent stereotype beliefs, and school region, locale, and sector were included as 
controls in all of the regressions 

Several interaction terms composed of gender and school-level variables were significant 
in the random coefficient models tested to predict self-efficacy. The gender gap, favoring males, 
in self-efficacy was larger in schools with higher proportions of students with free or reduced 
lunch status (β=-0.002; SE=0.001; z=-2.00, p=0.045) and schools with higher proportions of 
minority students (β=-0.002; SE=0.001; z=-2.340; p=0.019). None of the other interaction terms 
was significant. 

When random coefficient models were run testing the association between school 
variable-gender interaction terms and math interest, one interaction term was significant. The 
slope on gender was significantly lower in schools that had a higher proportion of minority 
students (β=-0.002; SE=0.001; z=-2.63; p=0.008). That is, as the proportion of students in the 
school who were minority increased, the gender gap in interest favoring males increased. None 
of the other interaction terms was significant. 

None of the school variable and gender interaction terms emerged significant in the 
models predicting math utility value nor the models predicting course intentions. 

Individual teacher effects. To explore the effects of teachers on the gender gap in 
motivation within classrooms, random intercept models were tested with an interaction term 
composed of gender and student-reported ratings of the student-teacher relationship quality. The 
control variables again included gender, race/ethnicity, SES, nativity, math achievement, parent 
stereotype beliefs, and school region, locale, and sector. In addition, the models included the 
individual teacher reports of teacher efficacy and stereotype beliefs. These variables were used to 
predict all four outcome variables. The interaction term for gender and the student-reported 
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ratings of their teachers significantly predicted self-efficacy at the .05 level (β=0.018; SE=0.009; 
z=2.03; p=0.043), but did not significantly predict interest, utility value, or intentions. Interaction 
terms for teacher efficacy and gender and for teacher stereotypes and gender were also tested and 
were not significant predictors of any of the motivational outcomes. 

Question 4: Are there significant between-school differences in the math motivation 
gender gap? Question four asked whether the slope on gender significantly varied across schools 
for each of the four outcomes. To test this, comparisons were made between the random 
coefficient models and random intercept models for each outcome. First, random coefficient 
regressions were run with the same covariates used in regressions to answer question one (i.e., 
student demographics, test scores, parent stereotype beliefs, and school region, locale, and 
sector). Then, a log likelihood ratio test was conducted comparing the fit of these models to the 
random intercept models with identical covariates. None of the random coefficient models fit the 
data significantly better than the random intercept models, suggesting the slope on gender does 
not vary significantly across schools (see Table 11). 

 
Table 11 
Likelihood Ratio Tests for Random Coefficient and Random Intercept Models 
Outcome RI log likelihood RC Log Likelihood Chi-Square Test 
Self-efficacy -17032.5 -17031.5 1.92, p=.383 
Interest -17115.1 -17114.4 1.39, p=.499 
Utility Value -17774.8 -17773.8 2.00, p=.368 
Intentions -8389.4 -8389.0 0.760, p=.683 
 

Question 5: What characteristics predict being a school with relatively large gender 
gaps in math motivation? To begin to assess the relationship between motivational outcome 
disparities by gender and school-level features, a second series of random coefficient regressions 
was conducted. The models included all demographic, academic, family, and school control 
variables from the regressions run to answer Question 1, as well as the school features of interest 
tested in the regressions run to answer Question 2. These models also included a random 
coefficient for gender. 

Empirical Bayes (EB) estimates for the random slope were estimated from these random 
coefficient models. The random slope EB estimates were then used to categorize schools 
according to the gender gap in motivation as group 1, high gap, favoring males, and group 2, 
high gap, favoring females. Schools in group 1 had EB estimates below the 25th percentile of all 
schools, while schools in group 2 had EB estimates above the 75th percentile of all schools (i.e., 
schools in group 1 had males with relatively high motivation levels compared to females, while 
schools in group 2 had females with relatively high motivation levels compared to males). To 
describe and predict membership in these groups, the following school variables were included 
as independent or control variables: the number of math/science programs at the school, the 
percent of students who were of a racial/ethnic minority group, the percent of students in the free 
or reduced lunch program, average school-level ratings of student-teacher relationships (from the 
students’ perspective), average school-level teacher efficacy, average school-level professional 
collegiality, average school-level teacher expectations, average school-level teacher 
responsibility for student learning, the proportion of teachers reporting that males are better at 
math, the proportion reporting that females are better at math, and the proportion reporting that 
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males and females are equally good at math. ANOVAs and logistic regressions were conducted 
to determine the school features associated with membership in the two school groups. 

Self-efficacy. The EB estimates for the slope on gender predicting self-efficacy ranged 
from -0.071 to 0.061 with a mean of 0 and SD of 0.027. The distribution of the estimates was 
slightly negatively skewed (-0.184) with a kurtosis of 3.38. Group 1 schools had an EB estimate 
for the slope on gender below -0.015, while schools in group 2 had an EB estimate above 0.017. 
ANOVAs were conducted to describe these groups on school-level variables. 

The ANOVA results distinguished groups 1 and 2 on average student-reported ratings of 
student-teacher relationship quality (F=17.56, p<0.001 for group 1; F=24.52, p<0.001 for group 
2) and percentage of teachers reporting that males are better than females in math (F=4.98, 
p=0.026). Schools in which males had much higher self-efficacy than females had low average 
student-teacher relationship ratings (see Table 12), while schools in which females were 
advantaged on self-efficacy had high average ratings of student-teacher relationships (see Table 
13). Schools in which males were greatly advantaged on self-efficacy also had a low proportion 
of teachers reporting that males are better than females in math. None of the other school-level 
covariates distinguished the two groups. 

 
Table 12 
Teacher Covariates and School Membership—High Gap in Self-Efficacy, Favoring Males 
High Gap, 
Males 

Ave. S-T 
Relationship 

Proportion Teach. 
Males Better 

No 0.052 0.111 
Yes -0.223 0.076 

Overall -0.014 0.102 
 
Table 13 
Teacher Ratings and School Membership—High Gap in Self-Efficacy, Favoring Females 
High Gap, 
Females 

Ave. S-T 
Relationship 

No -0.095 
Yes 0.223 

Overall -0.014 
 

Ordinary least squares (OLS) logistic regressions were run to determine the school-level 
variables that predicted membership in these two groups. Higher average student-teacher 
relationship quality was associated with a lower odds of being a group 1 school (OR=0.679), 
controlling for other school covariates (see Table 14). Conversely, a one point increase in higher 
average student-teacher relationship quality was associated with a 61% higher odds of being a 
group 2 school, controlling for other variables in the model (see Table 15). None of the other 
school covariates was significant. Both models were statistically significant (Group 1: log 
likelihood=-403.539; LR Chi-square (10)=26.34, p=0.003; Group 2: log likelihood=-421.626; 
LR Chi-square (10)=25.34, p=0.005). When the regressions were run with individual 
math/science program indicator variables, none of the programs significantly predicted 
membership in group 1 or group 2.  
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Table 14 
Group 1 School Membership—High Gap in Self-Efficacy, Favoring Males 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 0.998 0.004 -0.440 0.663 0.991 1.005 
Perc. 
Minority 1.002 0.004 0.540 0.588 0.994 1.011 

Perc. FRL 0.679 0.072 -3.630 <0.001 0.551 0.837 
Ave. S-T 
Relationship 0.817 0.117 -1.420 0.157 0.617 1.081 

Ave. Teacher 
Efficacy 1.146 0.165 0.950 0.341 0.865 1.519 

Ave. Teacher 
Collegiality 1.076 0.183 0.430 0.668 0.770 1.502 

Ave. Teacher 
Expectations 0.989 0.152 -0.070 0.940 0.732 1.336 

Ave. Teacher 
Responsibility 2.313 1.974 0.980 0.326 0.434 12.320 

Prop. Teach. 
Female Better 0.433 0.346 -1.050 0.295 0.091 2.076 

Prop. Teach. 
Male Better 0.945 0.619 -0.090 0.931 0.262 3.409 

Prop. Teach. 
Same 0.310 0.204 -1.780 0.075 0.085 1.123 

Constant 0.998 0.004 -0.440 0.663 0.991 1.005 
 
Table 15 
Group 2 School Membership—High Gap in Self-Efficacy, Favoring Females 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 0.994 0.004 -1.710 0.087 0.987 1.001 
Perc. 
Minority 1.001 0.004 0.350 0.726 0.993 1.010 

Perc. FRL 1.612 0.182 4.240 <0.001 1.293 2.011 
Ave. S-T 
Relationship 1.031 0.147 0.210 0.830 0.779 1.364 

Ave. Teacher 
Efficacy 1.031 0.139 0.230 0.822 0.791 1.343 

Ave. Teacher 
Collegiality 1.045 0.174 0.260 0.792 0.754 1.449 

Ave. Teacher 
Expectations 0.970 0.144 -0.210 0.837 0.726 1.297 

Ave. Teacher 
Responsibility 0.583 0.528 -0.590 0.552 0.099 3.443 

Prop. Teach. 1.002 0.761 <0.001 0.998 0.226 4.440 
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Female Better 
Prop. Teach. 
Male Better 0.842 0.568 -0.260 0.799 0.225 3.156 

Prop. Teach. 
Same 0.466 0.313 -1.140 0.255 0.125 1.737 

Constant 0.994 0.004 -1.710 0.087 0.987 1.001 
 

Interest. For interest, the EB estimates for the slope on gender ranged from -0.059 to 
0.064 with a mean of 0 and SD of 0.025. The distribution of the estimates was slightly positively 
skewed (0.134) and had a kurtosis of 3.46. Group 1 members had an EB estimate below -0.015, 
while group 2 members had an EB estimate above 0.014. ANOVAs were conducted to describe 
these groups on school-level variables. 

Both group 1 and group 2 schools were distinguished by their average student-teacher 
relationship quality ratings (see Tables 16-17). Schools where males had much higher interest in 
math than females had relatively low average ratings of student-teacher relationship quality 
(F=19.47, p<0.001), while schools where females had much higher interest in math than males 
had relatively high average ratings of student-teacher relationship quality (F=24.20, p<0.001). 
Schools where girls were advantaged in math interest also had a significantly lower percentage 
of minority students than schools that were not in group 2 (F=4.35, p=0.037). The percentage of 
teachers saying males are better at math was also higher at group 2 schools (F=4.11, p=0.043). 
None of the other school-level covariates distinguished the two groups. 

 
Table 16 
Teacher Ratings and School Membership—High Gap in Interest, Favoring Males 
High Gap, 
Males 

Ave. S-T 
Relationship 

No 0.055 
Yes -0.230 

Overall -0.016 
 
Table 17 
Teacher and School Covariates and School Membership—High Gap in Interest, Favoring 
Females 

High Gap, 
Females 

Ave. S-T 
Relationship Perc. Minority 

Proportion 
Teach. Male 
Better 

No -0.094 35.203 0.094 
Yes 0.223 30.472 0.125 

Overall -0.014 34.017 0.102 
 

OLS logistic regressions were run to determine school covariates associated with 
membership in these schools. Only average student-reported student-teacher relationship quality 
significantly predicted group membership. Controlling for other school covariates, the odds of 
being a group 1 school was significantly lower in schools with higher average ratings of student-
teacher relationships (OR=0.593; see Table 18). In contrast, a one point increase in average 
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student-teacher relationship quality was associated with 1.447 times the odds of being a group 2 
school, controlling for other school-level variables (see Table 19). Both models were statistically 
significant (Group 1: log likelihood=-418.768; LR Chi-square (10)=33.74, p<0.001; Group 2: log 
likelihood=-422.765; LR Chi-square (10)=23.06, p=0.011). When individual indicator variables 
for individual math/science programs were included, only inviting math/science experts to speak 
to the school was significantly related to group membership. Schools that invited speakers had 
about twice the odds of being a school with large disparities in interest favoring males than 
schools that did not (OR=2.071, SD=0.441; z=3.42, p=0.001; 95% CI: 1.365, 3.142).  

 
Table 18 
Group 1 School Membership—High Gap in Interest, Favoring Males 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 1.005 0.004 1.550 0.122 0.999 1.012 
Perc. 
Minority 0.993 0.004 -1.540 0.124 0.985 1.002 

Perc. FRL 0.593 0.064 -4.860 <0.001 0.480 0.732 
Ave. S-T 
Relationship 0.944 0.133 -0.410 0.679 0.717 1.243 

Ave. Teacher 
Efficacy 1.283 0.182 1.760 0.078 0.972 1.693 

Ave. Teacher 
Collegiality 0.910 0.153 -0.560 0.573 0.654 1.265 

Ave. Teacher 
Expectations 0.899 0.135 -0.710 0.479 0.670 1.207 

Ave. Teacher 
Responsibility 1.463 1.351 0.410 0.680 0.239 8.937 

Prop. Teach. 
Female Better 1.129 0.907 0.150 0.880 0.234 5.453 

Prop. Teach. 
Male Better 1.808 1.238 0.870 0.387 0.473 6.920 

Prop. Teach. 
Same 0.217 0.149 -2.220 0.027 0.056 0.837 

Constant 1.005 0.004 1.550 0.122 0.999 1.012 
 
Table 19 
Group 2 School Membership—High Gap in Interest, Favoring Females 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 0.996 0.004 -1.220 0.224 0.989 1.003 
Perc. 
Minority 0.997 0.004 -0.810 0.416 0.988 1.005 

Perc. FRL 1.447 0.161 3.330 0.001 1.164 1.798 
Ave. S-T 
Relationship 0.902 0.128 -0.720 0.469 0.682 1.192 
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Ave. Teacher 
Efficacy 0.921 0.124 -0.610 0.541 0.708 1.199 

Ave. Teacher 
Collegiality 1.036 0.171 0.210 0.832 0.749 1.432 

Ave. Teacher 
Expectations 0.925 0.139 -0.520 0.602 0.689 1.241 

Ave. Teacher 
Responsibility 1.080 0.902 0.090 0.926 0.210 5.549 

Prop. Teach. 
Female Better 1.126 0.811 0.160 0.869 0.275 4.617 

Prop. Teach. 
Male Better 0.602 0.383 -0.800 0.425 0.174 2.091 

Prop. Teach. 
Same 0.628 0.397 -0.740 0.462 0.182 2.169 

Constant 0.996 0.004 -1.220 0.224 0.989 1.003 
 

Utility Value. The EB estimates for the slope on gender for the model predicting utility 
value ranged from -0.081 to 0.058, with a mean of 0 and SD of 0.028. The distribution of the 
estimates was negatively skewed (-0.441) with a kurtosis of 3.91. Group 1 members had an EB 
estimate below -0.016, while group 2 members had an EB estimate above 0.018. ANOVAs were 
conducted to describe these groups on school-level variables. 

Based on the ANOVAs, the only feature of schools that distinguished groups 1 and 2 was 
the average student-reported ratings of student-teacher relationships (F=10.69, p=0.001 for group 
1; F=11.93, p<0.001 for group 2). Schools in which females had much higher utility value for 
math than males had relatively high average ratings of student-teacher relationships (see Table 
21), while schools in which males had much higher utility value had relatively low average 
ratings of student-teacher relationship quality (see Table 20). 

 
Table 20 
Teacher Ratings and School Membership—High Gap in Utility Value, Favoring Males 
High Gap, 
Males 

Ave. S-T 
Relationship 

No 0.037 
Yes -0.175 

Overall -0.016 
 
Table 21 
Teacher Ratings and School Membership—High Gap in Utility Value, Favoring Females 
High Gap, 
Females 

Ave. S-T 
Relationship 

No -0.070 
Yes 0.153 

Overall -0.014 
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OLS logistic regressions were run to determine covariates associated with membership in 
these groups (see Tables 22-23). Only average student-reported ratings of student-teacher 
relationship quality significantly predicted group membership. Every one point increase in 
average ratings of student-teacher relationships was associated with 0.692 times the odds of 
being a group 1 school (see Table 22), while each one point increase in average student-teacher 
relationship quality was associated with 1.502 times the odds of being a group 2 school (see 
Table 22). Both models tested were significant (Group 1: log likelihood=-417.912; LR Chi-
square (10)=20.54, p=0.025; Group 2: log likelihood=-425.051; LR Chi-square (10)=18.48, 
p=0.047). When the regressions were run with individual math/science program indicator 
variables, none of the programs significantly predicted membership in group 1 or group 2. 

 
Table 22 
Group 1 School Membership—High Gap in Utility Value, Favoring Males 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 0.999 0.004 -0.170 0.863 0.992 1.006 
Perc. 
Minority 0.996 0.004 -1.030 0.303 0.987 1.004 

Perc. FRL 0.692 0.073 -3.510 <0.001 0.563 0.850 
Ave. S-T 
Relationship 1.013 0.143 0.090 0.925 0.768 1.337 

Ave. Teacher 
Efficacy 1.119 0.155 0.810 0.418 0.853 1.468 

Ave. Teacher 
Collegiality 0.937 0.157 -0.390 0.698 0.674 1.302 

Ave. Teacher 
Expectations 1.006 0.151 0.040 0.966 0.750 1.350 

Ave. Teacher 
Responsibility 0.548 0.499 -0.660 0.509 0.092 3.269 

Prop. Teach. 
Female Better 0.463 0.363 -0.980 0.326 0.099 2.152 

Prop. Teach. 
Male Better 1.061 0.689 0.090 0.927 0.298 3.785 

Prop. Teach. 
Same 0.425 0.278 -1.310 0.191 0.118 1.530 

Constant 0.999 0.004 -0.170 0.863 0.992 1.006 
 
Table 23 
Group 2 School Membership—High Gap in Utility Value, Favoring Females 

 OR SE z p-value 95% Confidence 
Interval 

MS Program 0.996 0.003 -1.190 0.234 0.989 1.003 
Perc. 
Minority 1.006 0.004 1.370 0.171 0.998 1.014 

Perc. FRL 1.502 0.167 3.660 <0.001 1.208 1.868 
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Ave. S-T 
Relationship 0.973 0.136 -0.200 0.845 0.739 1.281 

Ave. Teacher 
Efficacy 1.094 0.150 0.660 0.509 0.837 1.431 

Ave. Teacher 
Collegiality 0.870 0.144 -0.850 0.398 0.629 1.202 

Ave. Teacher 
Expectations 0.974 0.144 -0.180 0.857 0.729 1.301 

Ave. Teacher 
Responsibility 1.163 1.025 0.170 0.864 0.206 6.549 

Prop. Teach. 
Female Better 1.340 1.013 0.390 0.699 0.304 5.898 

Prop. Teach. 
Male Better 0.993 0.667 -0.010 0.992 0.266 3.704 

Prop. Teach. 
Same 0.311 0.208 -1.750 0.081 0.084 1.154 

Constant 0.996 0.003 -1.190 0.234 0.989 1.003 
 

Course Intentions. EB estimates for the random slope on gender from the model 
predicting course intentions ranged from -0.129 to 0.132, with a mean of 0 and SD of 0.040. The 
distribution was positively skewed (0.242) with a kurtosis of 3.38. Group 1 schools had an EB 
estimate below -0.027, while group 2 schools had an EB estimate above 0.023. ANOVAs were 
conducted to describe these groups on school-level variables. 

The ANOVAs yielded results that distinguished group 1 on several school level variables 
(see Tables 24-25). These included school locale (Chi-square (3)=9.725, p=0.021) and average 
teacher collegiality (F=6.42, p=0.012). The percentage of group 1 schools was highest in urban 
and rural areas and lowest in towns. Average teacher-reported professional collegiality was also 
higher in group 1 schools, those in which a relatively high proportion of males compared to 
females indicated plans to take more math for a future career. 

 
Table 24 
School Locale and School Membership—High Gap in Intentions, Favoring Males 
High Gap, 
Males City Suburb Town Rural Overall 

Yes 41 39 6 35 121 
 15.07% 11.64% 5.13% 15.91% 12.82% 
No 231 296 111 185 823 
 84.93% 88.36% 94.87% 84.09% 87.18% 
Overall 272 335 117 220 944 

  
Table 25 
Teacher Collegiality and School Membership—High Gap in Intentions, Favoring Males 
High Gap, 
Males 

Average 
Teacher 
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Collegiality 
No -0.026 

Yes 0.168 
Overall -0.001 

 
Due to the computational demands of GLLAMM, the program used to derive the EB 

estimates for course intentions, school-level design variables were not included in the random 
coefficient model. Therefore, they were included in the OLS logistic regressions used to 
determine school covariates associated with group membership. Controlling for other school 
covariates, higher average teacher-reported professional collegiality was associated with a higher 
odds of being a group 1 school (see Table 26). Every one point increase in average collegiality 
was associated with 1.629 times the odds of being a group 1 school. Group 2 schools were more 
likely to be public than private (see Table 27). Controlling for other variables in the model, the 
odds of being a group 2 school among Catholic schools was 0.327 times the odds among public 
schools; the odds among non-Catholic private schools was 0.165 times the odds among public 
schools. None of the other school covariates predicted group membership. However, neither of 
these models was statistically significant (Group 1: log likelihood=-268.088; LR Chi-square 
(19)=24.05, p=0.194; Group 2: log likelihood=-290.137; LR Chi-square (19)=26.20, p=0.125). 
Regressions were rerun with individual math/science program indicator variables. Schools that 
took students on math/science field trips had about half the odds of being a school in group 2 
than schools that did not (OR=0.504, SD=0.146; z=-2.37, p=0.018; 95% CI: 0.286, 0.888). 

 
Table 26 
Group 1 School Membership—High Gap in Intentions, Favoring Males 

 OR SE z p-value 95% Confidence 
Interval 

Northeast 0.877 0.349 -0.330 0.742 0.402 1.914 
Midwest 0.946 0.319 -0.160 0.870 0.489 1.831 
South 0.646 0.208 -1.360 0.174 0.344 1.213 
Suburb 0.873 0.252 -0.470 0.639 0.496 1.538 
Town 0.375 0.195 -1.890 0.059 0.135 1.038 
Rural 1.333 0.433 0.890 0.376 0.705 2.518 
Private Cath. 0.901 0.410 -0.230 0.819 0.369 2.200 
Private Other 1.480 0.724 0.800 0.423 0.568 3.861 
MS Program 0.995 0.047 -0.110 0.915 0.907 1.092 
Perc. 
Minority 1.002 0.005 0.360 0.722 0.992 1.012 
Perc. FRL 0.998 0.007 -0.350 0.727 0.984 1.011 
Ave. S-T 
Relationship 1.172 0.173 1.080 0.282 0.878 1.564 
Ave. Teacher 
Efficacy 1.157 0.222 0.760 0.447 0.794 1.685 
Ave. Teacher 
Collegiality 1.629 0.321 2.470 0.013 1.106 2.398 
Ave. Teacher 0.779 0.177 -1.100 0.270 0.499 1.215 
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Expectations 
Ave. Teacher 
Responsibility 0.963 0.188 -0.190 0.848 0.657 1.413 
Prop. Teach. 
Female Better 0.405 0.503 -0.730 0.467 0.036 4.621 
Prop. Teach. 
Male Better 1.608 1.554 0.490 0.623 0.242 10.687 
Prop. Teach. 
Same 0.692 0.593 -0.430 0.667 0.129 3.707 
Constant 0.275 0.259 -1.370 0.171 0.043 1.748 
 
Table 27 
Group 2 School Membership—High Gap in Intentions, Favoring Females 

 OR SE z p-value 95% Confidence 
Interval 

Northeast 1.067 0.474 0.150 0.885 0.446 2.548 
Midwest 0.782 0.309 -0.620 0.534 0.360 1.698 
South 1.002 0.378 0.010 0.995 0.479 2.098 
Suburb 0.695 0.243 -1.040 0.297 0.350 1.378 
Town 0.992 0.469 -0.020 0.987 0.393 2.505 
Rural 1.370 0.491 0.880 0.379 0.679 2.766 
Private Cath. 0.327 0.170 -2.150 0.031 0.118 0.904 
Private Other 0.165 0.136 -2.180 0.029 0.033 0.835 
MS Program 0.910 0.049 -1.740 0.082 0.819 1.012 
Perc. 
Minority 0.997 0.006 -0.520 0.602 0.984 1.009 
Perc. FRL 0.994 0.008 -0.830 0.406 0.979 1.009 
Ave. S-T 
Relationship 1.283 0.220 1.460 0.145 0.917 1.795 
Ave. Teacher 
Efficacy 0.826 0.180 -0.880 0.381 0.539 1.266 
Ave. Teacher 
Collegiality 0.800 0.169 -1.060 0.290 0.529 1.210 
Ave. Teacher 
Expectations 1.172 0.300 0.620 0.534 0.710 1.936 
Ave. Teacher 
Responsibility 1.448 0.335 1.600 0.109 0.920 2.280 
Prop. Teach. 
Female Better 22.266 40.162 1.720 0.085 0.649 763.809 
Prop. Teach. 
Male Better 4.496 7.440 0.910 0.364 0.176 115.179 
Prop. Teach. 
Same 10.942 16.914 1.550 0.122 0.529 226.397 
Constant 0.089 0.142 -1.520 0.129 0.004 2.026 
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Discussion 
The current study adds to the school effects and motivation literatures by assessing the 

association between important school features and math motivation. It uses a school effects 
framework to examine students’ social environment, recognizing that achievement motivation 
develops in a social context (Anderman & Kaplan, 2008). The study found that schools 
accounted for only 3-6% of the variation in overall math motivation, suggesting most of the 
variation in math motivation occurs within schools rather than between schools. Nevertheless, 
several school features significantly predicted math motivation among students. Motivation 
among all students was associated with math teachers’ feelings of responsibility for student 
learning, expectations for performance, gender stereotypes, and efficacy for teaching. However, 
the most consistent finding was the benefit of positive student-teacher relationships for student 
motivation. Positive relationships between students and their math teachers predicted student 
math motivation overall, as well as membership in schools where girls were highly motivated for 
math compared to boys. These findings suggest schools can promote girls’ motivation for math 
by focusing reform efforts on training and encouraging math teachers to build supportive ties 
with their students. 
School Effects on Motivation 

Like other research on the role of interpersonal relations in motivation, the current study 
found positive student-teacher relationships stimulate student self-efficacy, interest, utility value, 
and intentions to take more math courses (Davis, 2003; Martin & Dowson, 2009; Midgley et al., 
1989). Motivation at school is supported by a teaching staff that is caring and respectful of 
students (Crosnoe, Johnson, & Elder, 2004; Roeser & Eccles, 1998). Supportive teachers interact 
with students in ways that contribute to feelings of academic competence (Wigfield, Eccles, 
Schiefele, Roeser, & Davis-Kean, 2006) and interest in school (Midgley et al., 1989). 

The finding that student-teacher relationships significantly predicted math motivation 
was observed both within classrooms and at the school level. Students reporting their math 
teachers valued, respected, and were fair toward students also reported higher math motivation 
on all four measures. However, the current study differed from most other motivational research 
in that it also conceptualized student-teacher relationships as a school process construct. That is, 
a school-wide climate of positive student-teacher relationships was found to be beneficial to 
overall student math motivation. Therefore, to address motivational disparities, schools must 
ensure students feel respected, valued, and treated fairly by teachers. 

Math self-efficacy was also positively related to teachers’ feelings of responsibility for 
student learning. Past research has also found students are more engaged when teachers take 
personal responsibility for student learning (Firestone & Rosenblum, 1988). Schools with 
committed teachers may have promoted the use of various techniques to support the motivation 
and achievement of all students, regardless of the students’ social characteristics or academic 
ability (Lee & Smith, 1996). It is likely that, in this study, being surrounded by math teachers 
who were committed to ensuring student success and supporting student learning made students 
feel more confident in their ability to succeed in math. 

Similarly, individual teacher perceptions of their efficacy for teaching were related 
positively to student math interest. This may also reflect the teachers’ motivation to engage 
students. Because efficacious teachers tend to support student autonomy (Ross, 1998), they 
likely tailor their courses to the interests of their students. They may also be more willing to try 
new strategies to engage and help struggling students (Bandura, 1993), while teachers lacking 
efficacy may only focus on the needs and interests of high-achieving students. 
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There were some school features that related to average math motivation in unexpected 
ways. First, high expectations among teachers in a school were negatively related to self-efficacy 
among students. This finding contrasts with previous research suggesting teachers’ high 
expectations promote student competence beliefs (Bouchey & Harter, 2005; Madon et al., 2001; 
Parsons, Kaczala, et al., 1982; Wigfield & Harold, 1992). However, the relationship between 
teacher expectations and student outcomes is unlikely to be simple; there may also be multiple 
teacher, student, or student-teacher relationship quality characteristics that moderate this 
association (Jussim et al., 1996). For example, in order for high expectations to have a positive 
effect on student self-efficacy, students must perceive the teachers’ expectations to be realistic 
and credible (Schunk, 1995). The inverse relationship between teacher expectations and student 
self-efficacy may be because students did not believe the teachers’ expectations were accurate. 
Also, students in schools where expectations were high may actually have had more realistic 
perceptions of their abilities or a greater awareness of the disparity between their abilities and 
what was expected of them and therefore exhibited lower self-efficacy than their peers in other 
schools. 

It is also possible that schools where teachers held high expectations did not have the 
academic resources students would need to succeed. The literature suggests that it is not enough 
for teachers to have high expectations; they must also provide students with adequate support to 
achieve those expectations (Lee & Smith, 1999; Wentzel, 1998). Motivation may be best 
promoted when math teachers expect high levels of growth and achievement, but also offer 
students needed learning supports. Consequently, schools in which teachers have high 
expectations of their students will only promote student motivation if they also have strong 
academic supports for students. 

Another unexpected finding was the relationship between high math interest and the 
proportion of math teachers in a school who endorsed the stereotype that males are better at math 
than females. A positive relationship between these math teacher stereotype beliefs and math 
interest was also found at the individual level. It is unlikely that math teachers are explicit in 
their communication of such stereotypes, but holding these stereotypes can lead teachers to treat 
males and females differently in the classroom (Jussim et al., 1996). While it was expected that 
this differential treatment would diminish girls’ math motivation, it is not clear how overall 
motivation in classrooms and schools would be affected. Boys’ interest in math may actually be 
greatly increased if they are surrounded by teachers who support the notion that boys are 
especially capable in math, perhaps counteracting any decline in motivation among girls. 
However, it is also possible that math teachers who report holding stereotypes about math ability 
are actually more conscious of their biases than teachers who do not and perhaps commit 
themselves to overcoming this bias by promoting girls’ motivation in the classroom. This final 
explanation gains some credence from the ANOVA findings demonstrating that the proportion of 
teachers endorsing gender stereotypes was higher in schools where girls were relatively more 
interested in math than boys and lower in schools where boys had relatively high self-efficacy 
for math. 

Limitations and future directions. Schools did not account for a large proportion of the 
variance in math motivation, but it is possible that more variation (above and beyond that at the 
individual level) lies at the classroom level. This study could not determine the classroom effects 
of teachers on students, but the findings still suggest teachers are important for student 
motivation. Future studies should survey multiple students per classroom and include classrooms 
as a level in multilevel analyses. 
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Research on the school context of motivation should also use multiple methods to capture 
teachers’ behavior and student-teacher relationships, including classroom observations and in-
depth interviews with administrators, teachers, and students. Surveys provide a limited view of 
school climate, which may account for the fact that some of the teacher-reported factors were not 
significantly associated with student motivation.  

Finally, the study’s cross-sectional design precludes the determination of causality 
between measured constructs. Additional experimental and longitudinal research should also be 
conducted to better explicate the relationships between school context and math-related 
cognitions and behavior. For example, researchers might utilize the next waves of the HSLS to 
determine the relationship between math motivational outcomes, school experiences, and future 
pursuit of math-related careers.  
School Effects on Gender Disparities in Math Motivation  

One of the primary goals of the current study was to explore the social context in which 
gender differences in math motivation emerge. There were no significant differences in the 
gender gap in math motivation across schools, suggesting that the motivational challenges and 
opportunities girls face in math are fairly consistent from school to school. Instead, as Rutter and 
Maughan (2002) argued, it was more meaningful to compare the features of schools that were 
highly effective in stimulating girls’ math motivation to those that were very inadequate. This 
study found several characteristics and features that distinguished schools at these two extremes: 
those in which girls were more motivated for math than boys and those in which boys had higher 
motivation than girls. 

Schools that were highly motivational for girls relative to boys in terms of self-efficacy, 
interest, and utility value had math departments in which teachers were highly rated by students. 
These math teachers valued student ideas, showed respect for students, treated students fairly, 
and expressed confidence in their abilities. They may have made girls feel more comfortable in 
their math classes or may have more effectively demonstrated the value of math to girls. Because 
the math teachers in these schools likely encouraged a climate in which all students were treated 
fairly, girls perhaps did not see gender as a barrier to success in math. Positive student-teacher 
relationships have been previously related to student self-efficacy (Fan, Lindt, Arroyo-Giner, & 
Wolters, 2009; Patrick, Ryan, & Kaplan, 2007) and interest (Wentzel, 1998), but again, this 
study demonstrated that it is meaningful to consider positive relationships as a school process 
feature. School climates in which girls feel more positively about math are characterized school-
wide perceptions of positive student-teacher relationships. 

The importance of the student-teacher relationship for girls’ math motivation held when 
looking at individual students’ reports of math self-efficacy and their current math class 
experiences. While positive relations with their math teacher improved self-efficacy for all 
students, girls experienced an even greater positive effect than boys. This finding lends further 
support to the argument that social experiences are especially critical for the development of 
female’s self-efficacy for math (Zeldin & Pajares, 2000). 

Other scholars have similarly argued that social relationships impact girls’ beliefs and 
attitudes to a greater extent than boys’ (Cross & Madson, 1997). Jussim and Harber (2005) 
suggested that girls are affected more greatly by external feedback than boys, and therefore may 
need more support from teachers to feel motivated for math. Taken together with the current 
study’s findings, this research indicates that to understand girls’ motivation for math, it is 
essential to consider their social context at school. 
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Interestingly, student ratings of teachers were lower in schools where boys had much 
higher motivation than girls (as measured by self-efficacy, interest, and utility value). This may 
be because boys attend more to information from their previous achievement experiences, rather 
than their social relationships (Lent et al., 1996; Zeldin et al., 2008). Men who have been 
successful in math and science careers report that they primarily chose their career path because 
they had previously performed well in STEM-related academic work (Zeldin et al, 2008). They 
are much less likely than women to consider direct encouragement from teachers as a driver of 
their vocational choices (Zeldin et al., 2008). While girls’ motivation may flourish when student-
teacher relationships are nurtured, boys’ motivation may be enhanced when they are given 
opportunities to successfully accomplish math-related tasks. 

Unlike the results for self-efficacy, interest, and utility value, large gender gaps in course 
intentions were not related to student-teacher relationship ratings. This may be because the 
participants in the study were only in ninth grade and not yet discussing with teachers their 
career plans. If that is the case, student-teacher relationships early in high school might have 
little influence on students’ post-secondary plans. Moreover, the other motivational outcomes 
studied (i.e., self-efficacy, interest, and utility value) referred specifically to students’ attitudes 
toward their current math course, while the course intention item referred more generally to 
intentions to pursue further math. Students’ perceptions of their current math teacher may relate 
more specifically to feelings about their current math course, rather than math more generally. 

Math teacher collegiality was actually higher in schools that had a much higher 
proportion of boys intending to take more math than girls. Although collegiality in general 
supports student achievement and motivation (Bryk et al., 1993; Lee, 2000), there is little 
evidence it particularly motivates girls in math. Collaboration between teachers does not 
guarantee that ideas about how to encourage girls to take math are shared or implemented. If 
teacher cooperation involved discussing methods for enhancing girls’ motivation or if it 
translated to cooperative environments in the classroom, it would potentially be of benefit to the 
motivation of female students. However, on its own, math teacher collegiality does not appear to 
support girls’ motivation for math. 

None of the other school features measured was significantly related to being a school in 
which there was a large gender gap in math motivation. This was an unanticipated finding, 
considering many of the school features measured from the teacher’s perspective have been 
associated with motivation in previous research. For example, teachers with high levels of self-
efficacy for their own work have been found to have more positive relationships with students 
and enhance student outcomes (Ashton & Webb, 1986) and teachers with low expectations or 
who hold stereotypes about girls’ math abilities also tend to diminish girls’ math motivation 
(Betz & Hackett, 1981; Correll, 2001; Eccles, 1994; Gainor, 2006; Lent et al., 1994; Stangor et 
al., 1998). However, this study departed from previous research in that it looked the association 
between these school characteristics and gender gaps in math motivation, rather than overall 
motivation or achievement outcomes. 

Perhaps understanding student math motivation in general, and gender gaps in motivation 
in particular, depends more on students’ subjective views of their math teachers, rather than 
teachers’ ratings of themselves or one another. Moreover, the student-reported scale captured 
important elements of student-teacher relations not measured by the teacher-reported scales, 
including teacher fairness and respect for students. It is possible these elements are more 
predictive of gender differences in math motivation than teachers’ beliefs about their efficacy, 
collegiality, expectations, collective responsibility, or gender stereotypes. 
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Limitations and future directions. The current study contributes to building evidence 
suggesting student-teacher relationships are a vital support for the math motivation of girls. 
Although gender gaps in motivation are fairly constant across schools, the environments in 
which girls thrive in math are characterized by supportive interactions between students and their 
math teachers. That the gender gap did not vary much across schools may simply mean all 
schools need to address gender disparities in math motivation. Also, since most participants had 
recently started at a new school, it may be too early to detect between-school differences in the 
gender gap. It will be important that future research examine the school context of gender 
disparities in math motivation across the K-12 grade span. 

The fact that most of the teacher-reported scales did not predict large gender gaps in 
motivation may be because these composite variables did not fully captured the construct they 
intended to represent. The teacher scales gave rough measures of how math teachers perceived 
their teaching environments, but they did not measure specific teacher behaviors or student-
teacher interactions. The scales also had relatively low internal consistency, perhaps due to item 
non-response among math teachers. Moreover, aggregating individual teacher-reported or 
student-reported items to the school-level is a convenient, but imperfect measure of school 
features. Research using multiple methods (e.g., involving classroom and school observations in 
addition to student and staff surveys) and efforts to encourage full survey completion among 
teachers could yield superior measures of school-level constructs. 

Moreover, as suggested previously, some of the characteristics of a school’s teaching 
staff might be associated with gender differences in motivation at the classroom level, rather than 
individual or school levels. It may be that teacher efficacy, expectations, collegiality, collective 
responsibility, and stereotypes affect the dynamics of different classrooms in unique ways. There 
may also be unmeasured confounds that account for the association between student-reported 
perceptions of teachers and student-reported motivation. Further studies are needed to examine 
the potential effects of teaching staff characteristics on girls’ motivation for math. 

It also should be noted that inferences regarding the effects of schools on the gender gap 
in motivation differed depending on the motivational outcome examined (e.g., course intentions 
versus self-efficacy). This argues for the consideration of a range of measures of motivation in 
conducting motivational research. Many motivational researchers work within a single 
theoretical framework that is focused on a limited number of constructs. More useful are 
theoretical models that encompass various facets of motivation. The current study explored 
motivation from the perspectives of self-efficacy and expectancy-value theories, each of which 
alone provide a useful, but incomplete picture of how school social contexts are associated with 
student motivation. An integrated, multi-faceted motivational framework will help researchers, 
policy makers, and educators understand the ways in which educational contexts might be 
enhanced to facilitate student motivation. 

Finally, our understanding of school effects on motivation is still in a nascent stage; 
additional motivational research using a school effects framework would contribute in important 
ways to the literature on achievement motivation. Studies that utilize multi-level modeling with 
levels for students, classrooms, and schools are particularly needed to determine the effects of 
schools on gender gaps in motivation, above and beyond the contribution of individual student 
factors. 
  



                                                                  50 
 

Implications of Research for Social Welfare 
Addressing continued gender disparities in STEM is critical to ensure our nation has a 

strong STEM workforce. Recognizing that U.S. growth and productivity may depend on a strong 
science, math, and technology workforce (Babco, 2004), the U.S. government has taken several 
steps to strengthen educational programs in these subjects (e.g., see U.S. Government 
Accountability Office, 2006; U.S. Department of Education, 2006). For example, in July 2012, 
the President unveiled a plan to create a STEM Master Teacher Corps to recruit and compensate 
the best STEM teachers in the country as well as fund school district plans to identify and 
develop effective STEM teachers (The White House, 2012). With advances in technology and an 
increasing number of jobs dependent on math and science skills (Hyde, Fennema, Ryan, Frost, & 
Hopp, 1990; Steele, 2003), it is of vital importance that students of both genders are motivated to 
study and work in STEM fields. Reducing gender disparities in STEM would provide the 
country with a greater supply of the talent and skills needed to be competitive in the global 
economy and ensure equal employment opportunity for all citizens. 

In addition, reducing gender disparities in STEM participation may help reduce economic 
inequalities between males and females. Economists have found that the persistent income gap 
between males and females can largely be explained by the fact that women are often segregated 
into lower-paying “female work” (Cotter, DeFiore, Hermsen, Kowalewski, & Vanneman, 1997; 
England & Brown, 1992). STEM jobs, on the other hand, tend to be among the highest-paying 
and fastest-growing occupations and they are characterized by smaller gender and racial gaps in 
wages than other occupations (Carnevale, Smith, & Melton, 2011). Women in STEM jobs earn 
33% more than women working in other fields, and the gender gap in earnings is about 12-14% 
in STEM, compared to the 21% earnings gap in non-STEM occupations (Beede et al., 2011). 
Therefore, motivating more girls to pursue STEM may enhance their economic and occupational 
welfare and reduce economic disparities. 

Addressing these occupational disparities begins with encouraging girls’ math motivation 
early on. It is important for educators to recognize that girls’ self-efficacy, interest, and utility 
value strongly predict their academic choices, effort, performance, and persistence (Fan, 2011; 
Meece et al., 1990; Schunk & Pajares, 2002). Girls’ eventual career choices are in fact related to 
their early self-efficacy and value for math (Bandura et al., 2001; Hackett & Betz, 1981; 
Updegraff, Eccles, Barber, & O’Brien, 1996; Wang, 2012; Zeldin & Pajares, 2000). There is also 
evidence that the impact of self-beliefs and values on future academic choices is greater for 
females than for males (Crombie et al., 2005; Watt, 2006; Watt et al., 2012). Therefore, 
educators must be aware that gender disparities in STEM will likely persist until gender 
differences in math beliefs and values are addressed. 

Implications for practice. The current study confirmed what numerous scholars have 
previously argued: developing positive student-teacher relations is critical for improving and 
sustaining student motivation (Battistich & Hom, 1997; Davis & Dupper, 2004; Hamre & Pianta, 
2001; Hargreaves, Earl, & Ryan, 1996; Martin & Dowson, 2009; Pianta, 1998; Pianta, Nimetz, 
& Bennett, 1997; Pianta, Steinberg, & Rollins, 1995). However, the findings also indicate that 
positive teacher-relationships may be even more important for encouraging girls in STEM. 

Unfortunately, research on school and classroom climate has found that students perceive 
lower levels of support from their teachers in secondary schools compared to elementary schools 
(Eccles, Midgley, et al., 1993), and their relationships with teachers become less personal in 
secondary school (Feldlaufer, Midgley, & Eccles, 1988; Midgley, Feldlaufer, & Eccles, 1989; 
Simmons & Blyth, 1987). As Eccles and Midgley (1989) suggested, schools must be conscious 
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when their climates are failing to meet students’ learning and social needs. Given the importance 
of social relationships for girls’ motivation, it may be particularly important to address this 
person-environment mismatch for girls in secondary school, especially in math and science 
classes. Interventions to close gender gaps in math motivation should be informed by research on 
supportive student-teacher relationships and teaching practices that stimulate student motivation. 

Evidence-based motivational teaching practices. Several teaching strategies might be 
particularly beneficial for improving girls’ relationship with their math teachers and experiences 
in math class. For instance, previous studies have shown that cooperative classrooms are more 
conducive to building girls’ motivation for math and science (Parsons, Kaczala, et al., 1982; 
Kahle, 1990), whereas whole-class activities tend to be dominated by males (Tobin & Garnett, 
1987). Boys tend to prefer competitive activities where “right” answers are emphasized, while 
girls prefer cooperative activities emphasizing mastery (Geist & King, 2008; Halpern, 2004). 
Wang (2012) also found that teachers who promoted cooperation in the classroom had students 
with higher value for math, and this was particularly true for girls. Emphasizing collaborative 
environments may be especially important in high school classrooms, which traditionally are 
more focused on competition between students (Anderman & Midgley, 1997; Urdan & Midgley, 
2003). Math teachers might also make math engaging for girls by utilizing practices that have 
been termed autonomy supportive; these include providing meaningful rationale for tasks, 
acknowledging student feelings and providing emotional support, and offering students more 
control over their learning (Deci, Eghrari, Patrick, & Leone, 1994; Deci & Ryan, 2000). 

Additionally, research indicates that teachers can support girls’ motivation by conveying 
confidence in the ability of all students to be successful (Madon, Jussim, & Eccles, 1997; Jussim 
et al., 1996). If teachers fail to communicate high expectations, girls might be less likely to 
persist in the face of difficulties (Cohen, Steele, & Ross, 1999). However, as previously noted, 
high expectations must be combined with adequate support to help students meet those 
expectations (Lee & Smith, 1999). Similarly, Steele (1997) recommended wise schooling 
techniques to reduce the detrimental effects of stereotypes for stigmatized groups and enhance 
student motivation. These strategies include communicating high expectations and standards, 
while expressing belief in students’ ability to succeed; providing challenging, but not 
overwhelming work; emphasizing the malleability of intelligence; affirming that all students 
belong in the classroom, based on their academic potential; providing successful role models 
who share the stigmatized students’ background; and using Socratic methods for directing 
student’s work, rather than attending to right and wrong answers.  

Supporting girls’ self-efficacy and utility value for math. Given inconsistent evidence 
on gender disparities in math-related values and intentions, but repeated evidence for gender 
gaps in self-efficacy and expectancies, continued gender differences in career outcomes may lie 
primarily in girls’ ability self-beliefs. This finding suggests that girls are dropping out of STEM 
not because they dislike math, but because they do not feel as confident in their abilities, perhaps 
due to stereotypes about girls’ inferior math abilities. Indeed, other research has found that math 
self-efficacy is an important predictor of vocational selection (Byars-Winston & Fouad, 2008; 
Ferry et al., 2000; Lent et al., 2001). 

These persistent gender gaps in math self-efficacy should be addressed by interventions 
that target girls’ ability beliefs. Schunk and Pajares (2002) argued that teachers should first be 
aware of students’ self-efficacy because it may a better predictor of behavior and achievement 
than actual ability. They should then engage in practices that have been linked to improved self-
efficacy in the classroom for students who have inaccurately low self-efficacy. For example, 
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teachers can help students develop accurate self-perceptions, guide the development of specific, 
attainable, short-term learning goals, and support their achievement of these goals (Zimmerman, 
Bandura, & Martinez-Pons, 1992). Modeling in the classroom also can improve girls’ self-
efficacy for math. For example, teachers may promote self-efficacy by verbalizing task strategies 
and demonstrating a task with persistence and expressed confidence (Schunk, 1985; Zimmerman 
& Ringle, 1981). While teacher modeling can be helpful for students, the use of peer models in 
class has been associated with even higher levels of student self-efficacy (Schunk & Hanson, 
1985). Modeling is most effective, however, when the model is not immediately successful, but 
continues to work through a problem despite challenges, because such models are thought to be 
more similar to actual students and therefore more credible. Some research also indicates that 
combining modeling with feedback to students about their effort and ability has a greater positive 
effect on self-efficacy than either modeling or feedback alone (Relich, Debus, & Walker, 1986). 
To support girls’ self-efficacy in math, teachers might use persistent female peer models in class 
and provide girls clear feedback about their performance. 

In addition, teachers might enhance girls’ self-efficacy by promoting a mastery 
orientation for learning, which has been positively associated with academic self-efficacy 
(Pajares, Britner, & Valiante, 2000). This orientation focuses on the acquisition of skills, rather 
than performance outcomes. In fact, girls’ motivation for math has been found to be improved by 
teaching girls about the malleability of math skills (Aronson, Fried, & Good, 2002; Dweck, 
2006; Good, Aronson, & Inzlicht, 2003) and providing prescriptive, informational feedback 
(Elawar & Corno, 1985; Mueller & Dweck, 1998). The former involves presenting math ability 
as a set of skills that can be improved through learning and practice; students who have 
malleable views of intelligence are more likely to seek challenges and persist in the face of 
failure, and also have higher performance (Aronson et al., 2002; Blackwell, Trzesniewski, & 
Dweck, 2007; Good et al., 2003). Informational or process feedback focuses on the strategies 
students used and effort expended to successfully solve problems. By providing specific process 
feedback rather than generic or person-centered feedback (e.g., praising students’ hard work 
versus their intelligence), students learn to focus on developing their skills and expending effort, 
and they develop more adaptive responses to failure (Cimpian, Arce, Markman, & Dweck, 2007; 
Kamins & Dweck, 1999). When exposed to mastery oriented learning environments, students are 
more likely to persist in the face of difficulties (Mueller & Dweck, 1998; Schweinle, Turner, & 
Meyer, 2006; Turner et al., 2002). Consequently girls’ math motivation will likely be enhanced 
in mastery oriented classrooms. 

Finally, teachers can promote girls’ math self-efficacy by challenging students to 
examine their own stereotypes about careers suitable for males and females and connect math to 
careers in ways that don’t reinforce gender stereotypes (Lapan, Adams, Turner, & Hinkelman, 
2000; Ji, Lapan, & Tate, 2004; Turner & Lapan, 2005). One intervention that effectively 
challenged traditional career choice entailed asking students to consider whether particular 
careers employ more men or women (Turner & Lapan, 2005). It then involved asking students 
about their interest in various careers and whether careers they were highly interested in were 
held by more males or females. Next, students were asked to discuss one or two occupations that 
sounded interesting but tend to employ more members of the opposite gender and information 
about these non-traditional careers was provided to students. Turner and Lapan (2005) found that 
this simple intervention increased student efficacy for and interest in non-traditional careers and 
argued that it holds potential for reducing gender disparities in STEM occupations (Hackett & 
Betz, 1981). 
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Although gender differences were greatest for math self-efficacy, teachers should also 
engage in practices that improve girls’ value for math, particularly their perception that it is 
useful. To enhance girls’ value for math, math teachers might use examples or contexts that are 
personalized or novel (Cordova & Lepper, 1996; Parker & Lepper, 1992). However, to maintain 
student investment in a math course, math tasks must be meaningful, and students should be 
actively involved in the learning process (e.g., by setting their own goals or choosing their own 
tasks) (Mitchell, 1993). Research suggests that providing challenging, meaningful material 
relates to more positive values in math, but girls are less likely to report receiving meaningful 
instruction in math classes (Wang, 2012). To address this problem, teachers might demonstrate 
how course content relates to a larger context (e.g., discussing how it fulfills a human need) 
(Newton, 2000). Some researchers have suggested this can be done by demonstrating to students 
how math skills are used to solve real-world problems, using practical applications in the 
introduction of content (Brophy, 2010). 

Role of school social workers. While much of the work needed to address gender 
disparities in math motivation lies with parents, teachers, and schools, school social workers 
should inform teachers and administrators of evidence-based practices for improving student-
teacher relationships and girls’ math motivation and support school-wide implementation of 
them. School social workers have an obligation to take part in supporting efforts that counteract 
gender discrimination in STEM subjects and promote positive student-teacher relationships as a 
means to motivate girls to reach their academic potential. Such social concerns closely align with 
the core principles of the profession. Specifically, social work has long fought for justice and 
equity, promoted positive interpersonal relationships, and helped individuals realize their 
potential (Constable, 2009; National Association of Social Workers [NASW], 2008). The NASW 
Code of Ethics (2008) calls on social workers to enhance individual well-being by ending 
discrimination, valuing human relationships as vehicles of social change, expanding choice and 
opportunities for all, and encouraging social institutions (including schools) to address the needs 
of those they serve. Applying these values their practice, school social workers base their work 
on the belief that students have the right to be treated fairly and to have equal learning 
opportunities. Through their collaboration with educators, school social workers can play an 
important role in countering detrimental stereotypes and thereby enhance girls’ future academic 
and career outcomes. 

Social workers are also ideally placed to ensure that motivational teaching practices are 
not confined to only certain classrooms in schools. The current study found that school-wide 
perceptions of teachers were linked to school-wide gender gaps in motivation, indicating that 
instructional practice interventions may need to be implemented at the school level. Maehr and 
Midgley (1991, 1996) also argued that school-wide reforms that improve performance and 
motivation likely target the school’s learning environment or culture. In fact, their research 
shows that school-wide reforms that include motivational practice strategies successfully 
improve student motivation (Anderman, Maehr, & Midgley, 1999; Maehr & Midgley, 1996). 
School-level interventions for motivation are needed because classrooms do not operate in 
isolation from schools. It is incumbent upon social workers to ensure positive student-teacher 
relationships are nurtured throughout their schools. 

Conclusion 
The study concluded that math teacher stereotypes, expectations, responsibility for 

student learning, and efficacy for teaching are all important predictors of student motivation for 
math. Yet positive relationships between students and their math teachers were found to be 
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especially important factors associated with student motivation overall and girls’ motivation in 
particular. More research is needed, but the current study suggests that motivating more girls to 
pursue STEM education and careers might involve training math teachers in techniques that 
improve their ability to effectively relate to students, especially their female students. With their 
experience in facilitating supportive relationships, school social workers are ideally positioned to 
promote positive relationships between girls and their math teachers, but educators and policy 
makers must also be aware of the significance of positive school relationships for girls’ math 
motivation. Considering the increased use of math, science, and technology across the 
workforce, and the government’s repeated assertions that STEM education as a national priority, 
it has never been more important to address the underrepresentation of women in STEM and 
ensure that young people from all demographic backgrounds are skilled and engaged in these 
subjects. 
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Appendix A2 
Items from Student Survey Scales 

Self-Efficacy 
How much do you agree or disagree with the following statements about your [fall 2009 math] 3 
course? 
1) You are confident that you can do an excellent job on tests in this course 
2) You are certain that you can understand the most difficult material presented in the textbook 
used in this course 
3) You are certain that you can master the skills being taught in this course 
4) You are confident that you can do an excellent job on assignments in this course 
 
Intrinsic Interest Value 
How much do you agree or disagree with the following statements about your [fall 2009 math] 
course? 
1) You are enjoying this class very much 
2) You think this class is a waste of your time (R) 
3) You think this class is boring (R) 
 
Three other items were included when applicable to the scale: if the student indicated that math 
was his or her favorite subject or least favorite subject, and/or indicated that his or her fall 2009 
math course was taken because the student really enjoys math. 
 
Utility Value 
How much do you agree or disagree with the following statements about the usefulness of your 
[fall 2009 math] course? 
1) What students learn in this course is useful for everyday life 
2) What students learn in this course will be useful for college 
3) What students learn in this course will be useful for a future career 
 
Student-Teacher Relationship Scale 
How much do you agree or disagree with the following statements about [your math teacher] 4? 
Remember, none of your teachers or your principal will see any of the answers you provide. 
Your math teacher... 
1) Values and listens to students’ ideas 
2) Treats students with respect 
3) Treats every student fairly 
4) Thinks every student can be successful 
5) Thinks mistakes are okay as long as all students learn 
6) Makes math easy to understand 
                                                 
2 Items marked (R) were reverse coded for scale construction 
3 Words in brackets were replaced with the specific type of math course being taken; if the respondent indicated 
taking more than one math course during fall 2009, then “fall 2009 math” was filled in the following order of 
precedence, as applicable: “an advanced math course such as pre-calculus or calculus”, “Statistics or Probability”, 
“Algebra II”, “Trigonometry”, “Analytic Geometry”, “Geometry”, “Algebra I”, “Integrated Math II or above”, 
“Integrated Math I”, “Pre-algebra”, “Review or Remedial Math”, “this math”, “a math”. 
4 Words in brackets were replaced with the math teacher’s name, if available. 
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7) Treats some kids better than others (R) 
8) Makes math interesting 



                                                                  72 
 

Appendix B 
 

Student Perceptions Principal Components Analysis 
 

 . 

                                                    
      S1MTCHEASY    -0.1887   -0.0119             0 
    S1MTCHINTRST     0.3658   -0.0250             0 
     S1MTCHTREAT     0.1579    0.1431             0 
    S1MTCHMISTKE     0.0738    0.0194             0 
      S1MTCHCONF    -0.1912    0.0216             0 
      S1MTCHFAIR     0.4390    0.6577             0 
    S1MTCHRESPCT     0.2848   -0.7234             0 
    S1MTCHVALUES    -0.6973    0.1412             0 
    S1MTCHMFDIFF    -0.0602   -0.0458             0 
                                                    
        Variable      Comp8     Comp9   Unexplained 
                                                    

                                                                                        
      S1MTCHEASY     0.3280    0.2436   -0.5523   -0.1285    0.0560   -0.0115    0.6874 
    S1MTCHINTRST     0.3255    0.2716   -0.5547   -0.0359    0.0679   -0.0228   -0.6098 
     S1MTCHTREAT    -0.2852    0.5595    0.1730   -0.0933    0.5115    0.5047    0.0719 
    S1MTCHMISTKE     0.3150    0.1747    0.3543   -0.7878   -0.3410    0.0378   -0.0258 
      S1MTCHCONF     0.3495    0.0806    0.3002   -0.0251    0.6350   -0.5789   -0.0724 
      S1MTCHFAIR     0.3832   -0.0268    0.2080    0.3516   -0.1361    0.0251    0.2029 
    S1MTCHRESPCT     0.3813    0.0648    0.2805    0.3137   -0.0147    0.2152    0.1496 
    S1MTCHVALUES     0.3718    0.1488    0.0890    0.2448   -0.1295    0.4098   -0.2845 
    S1MTCHMFDIFF    -0.2310    0.6999    0.1092    0.2652   -0.4190   -0.4395    0.0090 
                                                                                        
        Variable      Comp1     Comp2     Comp3     Comp4     Comp5     Comp6     Comp7 
                                                                                        

Principal components (eigenvectors) 

                                                                              
           Comp9        .201824            .             0.0224       1.0000
           Comp8        .292892     .0910677             0.0325       0.9776
           Comp7        .309257      .016365             0.0344       0.9450
           Comp6        .388897     .0796404             0.0432       0.9107
           Comp5        .417793     .0288955             0.0464       0.8675
           Comp4        .520663       .10287             0.0579       0.8210
           Comp3        .746449      .225785             0.0829       0.7632
           Comp2        1.09478      .348335             0.1216       0.6802
           Comp1        5.02744      3.93266             0.5586       0.5586
                                                                              
       Component     Eigenvalue   Difference         Proportion   Cumulative
                                                                              

    Rotation: (unrotated = principal)             Rho              =    1.0000
                                                  Trace            =         9
                                                  Number of comp.  =         9
Principal components/correlation                  Number of obs    =     18249
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Appendix C 
Items from Math Teacher Scales 

Professional Collegiality 
To what extent do you agree or disagree with each of the following statements about the math 
teachers at [your school]5? Math teachers in this department… 
1) share ideas on teaching 
2) discuss what was learned at a workshop or conference 
3) share and discuss student work 
4) discuss lessons that were not successful 
5) discuss beliefs about teaching/learning 
6) share research on effective teaching methods 
7) share research on ELL instructional practices 
8) explore approaches for underperforming students 
9) coordinate course content with other teachers 
10) are effective at teaching students in math 
11) provide support to new math teachers 
12) are supported/encouraged by math department’s chair 
 
Teacher Expectations 
Indicate the extent to which you agree or disagree with each of the following statements about 
high school math teachers at [your school]. High school math teachers in this school… 
1) set high standards for teaching 
2) set high standards for students’ learning 
3) believe all students can do well 
4) make goals clear to students 
5) have given up on some students (R) 
6) care only about smart students (R) 
7) expect very little from students (R) 
8) work hard to make sure all students learn 
 
Collective Responsibility 
To what extent do you agree or disagree with each of the following statements about teachers at 
[your school]? Teachers at this school… 
1) help maintain discipline in the entire school 
2) take responsibility for improving the school 
3) set high standards for themselves 
4) feel responsible for developing student self-control 
5) feel responsible for helping each other do their best 
6) feel responsible that all students learn 
7) feel responsible when students in this school fail 
 
Math Teacher Self-Efficacy Scale  

                                                 
5 Words in brackets were replaced with the name of the teacher’s school 
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To what extent do you agree or disagree with each of the following statements as it applies to 
your instruction? 
1) The amount a student can learn is primarily related to family background (R) 
2) If students are not disciplined at home, they are not likely to accept school discipline (R) 
3) You are very limited in what you can achieve because a student’s home environment is a large 
influence on their achievement (R) 
4) If parents would do more for their children, you could do more for your students (R) 
5) If a student did not remember information you gave in a previous lesson, you would know 
how to increase their retention in the next lesson 
6) If a student in your class becomes disruptive and noisy, you feel assured that you know some 
techniques to redirect them quickly 
7) If you really try hard, you can get through to even the most difficult or unmotivated students 
8) When it comes right down to it, you really cannot do much because most of a student’s 
motivation and performance depends on their home environment (R) 
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Appendix D 
 

School Efforts to Engage Students in Math and Science 
 

Does your school do any of the following to raise high school students’ interest and achievement 
in math or science? (check all that apply) 
 

• Hold school-wide math or science fairs, workshops, or competitions 
• Partner with community colleges or universities that offer math or science summer 

programs or camps for high school students 
• Sponsor a math or science after-school program 
• Pair students with mentors in math or science 
• Bring in guest speakers to talk to students about math or science 
• Take students on math- or science-relevant field trips such as to a city aquarium or 

planetarium 
• Tell students about regional or state math or science contests, math or science web sites 

and blogs, or other math or science programs online or in your community, such as a 21st 
Century Community Learning Center program or Girls Incorporated Operation SMA 

• Partner with Mathematics Engineering Science Achievement (MESA) or a similar 
enrichment-model program in your community or state that provides math or science 
academic development activities and services to students 

• Require teacher professional development in how students learn math or science 
• Require teacher professional development in increasing student interest in math or 

science 
• Something else 
• This school does not offer any of these programs or activities or anything else that is 

similar 
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Appendix E 
 

Results from Exploration of Survey Weights 
 

Average effective sample size at level 2=(∑wj)2/∑(wj
2) =6067.5184 

Actual sample size at level 2=25206 
Average effective sample size at level 1 for cluster j=(∑wi|j)2/∑(wi|j

2)= 15.96304 
Average sample size at level 1 for clusterj=28.158 
Design effects (deff)=Ratio of estimated variance given complex sampling design to estimated 
variance assuming a random sampling design= Vd(θ)/Vs(θ) 
Root design effects (deft)= √Vd(θ)/Vs(θ) 
 
Average Design Effects, by School Type 
 School sample size Average deff Average deft 
Total  944  4.7  2.0  
Public  767  6.3  2.5  
Private  177  4.2  2.0  
Northeast  149  2.5  1.5  
Midwest  251  3.1  1.7  
South  380  3.2  1.7  
West  164  10.1  3.0  
City  272  4.1  2.0  
Suburban  335  4.7  2.2  
Town  117  4.2  2.0  
Rural  220  4.9  2.2  
 
Average Design Effects, by Race 
 Sample size Average deff Average deft 
Asian  1,672  4.7  2.1  
Latino  3,515  3.8  1.9  
Black  2,218  3.7  1.9  
White  11,854  2.8  1.6  
Mixed  1,912  3.1  1.7  
 
Student weights 
Mean 160.39; SD 275.648 
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Student Weights, by Race 
 p25 p50 p75 Mean SD 
Am. Indian 0 38.60496 200.5685 154.4656 239.0583 
Asian 0 15.80252 60.10341 67.10524 169.1111 
Black 0 33.22036 224.2869 194.8522 383.245 
Latino 0 60.74918 256.6387 221.5493 430.4701 
Mixed 0 80.59825 228.1401 164.4528 261.9965 
Haw/PI 4.127211 57.53374 222.1889 151.7393 198.5055 
White 0 123.2253 261.5186 174.2725 199.5511 
Total 0 84.33553 236.8016 174.0145 282.9563 
 
Student Weights, by Race and Gender 
 Male Female Difference 
Am. Indian 152.7824 156.6561 -3.87373 
Hawaiian/PI 156.5556 146.9232 9.6324 
Black 174.0078 218.4106 -44.4028 
Asian 69.08439 65.28038 3.804011 
Latino 219.16 223.982 -4.82195 
Mixed 160.028 169.1008 -9.07275 
White 150.8892 150.4718 0.417353 

 
School weights 
Mean 21.58; SD 38.333 
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Comparisons of Model-based and Design-based Estimates 
Self-Efficacy Random Intercept Model 
 No Weights Method A Method B Weights in 

model 
No weights w/strat. 
vars. in model 

Female -.1969 
(.0163)*** 

-.1642 
(.0349)*** 

-.1647 
(.0386)*** 

-.2314*** 
.0247 

-.1975 (.0163)*** 

Black .3176 
(.0304)*** 

.2854 
(.0610)*** 

.2780 
(.0654)*** 

.3284*** 

.0430 
.3210 (.0304)*** 

Latino .0605 (.0253)* .0853 (.0570) .1139 (.0596) .0491 
.0374 

.0598 (.0254)* 

Asian .0985 
(.0345)** 

.1150 (.0674) .1577 
(.0599)** 

.0753 

.0458 
.1002 (.0345)** 

Am. 
Indian 

.0251 (.1077) -.0010 (.2383) .1601 (.1721) -.0477 
.1998 

.0150 (.1077) 

Haw/PI .1066 (.1169) .3381 (.2332) .4290 (.2791) -.0428 
.1839 

.1071 (.1170) 

Mixed .0528 (.0295) -.0712 (.0676) -.1132 (.0680) .1289** 
.0428 

.0542 (.0296) 

SES .0243 (.0112)* .0426 (.0259) .0324 (.0246) .0184 
.0118 

.0188 (.0115) 

U.S. born -.0936 
(.0340)** 

-.1766 (.1119) -.1024 (.0970) -.0945* 
.0445 

-.0943 (.0340)** 

Math Test 
Score 

.0320 
(.0009)*** 

.0345 
(.0018)*** 

.0345 
(.0020)*** 

.0317*** 

.0010 
.0321 (.0009)*** 

Parent 
Stereo 
Female 
Better 

.0041 (.0287) -.0601 (.0599) -.0729 (.0555) 
.0741 
.0422 

.0057 (.0287) 

Parent 
Stereo 
Male 

-.0078 (.0180) .0529 (.0383) .0658 (.0425) -.0298 
.0276 

-.0063 (.0180) 
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Better 
Northeast ---- ---- ---- .0286 

.0354 
.0193 (.0341) 

Midwest ---- ---- ---- .0194 
.0308 

.0143 (.0299) 

South ---- ---- ---- -.0535 
.0290 

-.0542 (.0281) 

Suburb ---- ---- ---- .0254 
.0256 

.0242 (.0247) 

Town ---- ---- ---- .0259 
.0348 

.0278 (.0336) 

Rural ---- ---- ---- .0337 
.0297 

.0285 (.0282) 

Private 
Catholic 

---- ---- ---- .0461 
.0318 

.0370 (.0306) 

Private 
Other 

---- ---- ---- .0882* 
.0401 

.0719 (.0373) 

Method A 
Weight 

---- ---- ---- -.0247 
.0251 

---- 

School 
Weight 

---- ---- ---- .0002 
.0015 

---- 

MaW* 
PFemale 
Better 

---- ---- ---- -.0406* 
.0204 

---- 

MaW* 
Female 

---- ---- ---- .0269* 
.0130 

---- 

SchW* 
Pmale 
Better 

---- ---- ---- .0012* 
.0005 

---- 

Intercept -1.461 (.0616) -1.512 (.1520) -1.595 (.1505) -1.4482 
.0754  

√Ψ .1585 (.0125) .3240 (.0230) .2375 (.0289) .1579 
.0127 

.1547 (.0125) 

√θ .9018 (.0058) .8446 (.0154) .8784 (.0168) .9004 
.0059 

.9017 (.0058) 

Note: *p<.05 **p<.01 ***p<.001; Only significant weight/variable interaction terms included; 
Standard errors in parentheses 
 
Informativeness (I2) Measure for Self-Efficacy Estimates 
 Method A Method B 
Female -.30762 -.30292 
Black 1.059211 1.302632 
Latino -.98024 -2.11067 
Asian -.47826 -1.71594 
Am. Indian .24234 -1.25348 
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Haw/PI -1.98033 -2.75791 
Mixed 4.20339 5.627119 
SES -1.63393 -.72321 
U.S. born 2.441176 .258824 
Math Test Score -2.77778 -2.77778 
Parent Stereo Female 
Better 1.094077 1.54007 
Parent Stereo Male 
Better -3.37222 -4.08889 
Intercept -.827922 -2.17532 
 
Regression of Self-Efficacy Level-one Residuals on Weights 
 β SE t p 
Student Weight -.001864 .006067 -.31 .759 
School Weight .0000501 .000202 .25 .804 
 
Self-Efficacy Random Intercept Model with Race/Gender Interaction Terms 
 No Weights Method A 
 β SE β SE 
Female -0.168 0.021 -0.120 0.043 
Black 0.350 0.041 0.269 0.086 
Latino 0.103 0.035 0.178 0.089 
Asian 0.121 0.048 0.343 0.089 
Am. Indian 0.213 0.145 0.562 0.211 
Haw/PI 0.068 0.151 0.199 0.337 
Mixed 0.081 0.042 -0.034 0.094 
SES 0.025 0.011 0.044 0.026 
U.S. Born -0.094 0.034 -0.183 0.114 
Math Test Score 0.032 0.001 0.034 0.002 
PFemBetter 0.004 0.029 -0.057 0.059 
PmaleBetter -0.008 0.018 0.054 0.039 
Black*Fem -0.065 0.058 0.028 0.117 
Latino*Fem -0.084 0.047 -0.175 0.103 
Asian*Fem -0.045 0.062 -0.410 0.197 
Am. Indian*Fem -0.409 0.212 -0.999 0.337 
Haw/PI*Fem 0.103 0.237 0.404 0.358 
Mixed*Fem -0.056 0.059 -0.072 0.123 
Intercept -1.474 0.062 -1.521 0.157 
√Ψ 0.158 0.012 0.326 0.023 
√θ 0.902 0.006 0.842 0.016 
 
Self-Efficacy Random Intercept Model with Design Variable Interaction Terms 
 No Weights Method A No weights w/stratification 

vars and interactions 
 β SE β SE β SE 
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Female -.1969*** .0163 -.3233** .1118 -.2600*** .0457 
Black .3176*** .0304 .2875*** .0612 .3225*** .0304 
Latino .0605* .0253 .0830 .0570 .0598* .0254 
Asian .0985** .0345 .1111 .0670 .0995** .0345 
Am. Indian .0251 .1077 -.0027 .2437 .0151 .1077 
Haw/PI .1066 .1169 .3352 .2345 .1045 .1171 
Mixed .0528 .0295 -.0724 .0652 .0549 .0296 
SES .0243* .0112 .0405 .0269 .0189 .0115 
U.S. born -.0936** .0340 -.1706 .1029 -.0939** .0340 
Math Test Score .0320*** .0009 .0341*** .0018 .0321*** .0009 
Parent Stereo 
Female Better .0041 .0287 -.0611 .0607 .0056 .0287 

Parent Stereo 
Male Better -.0078 .0180 .0531 .0381 -.0055 .0181 

Northeast ---- ---- .0615 .1238 -.0049 .0451 
Midwest ---- ---- -.1000 .1395 -.0198 .0394 
South ---- ---- -.0651 .1230 -.0840* .0374 
Suburb ---- ---- -.1247 .0708 .0197 .0325 
Town ---- ---- -.1224 .0898 .0173 .0443 
Rural ---- ---- -.0847 .0988 .0266 .0369 
Private Catholic ---- ---- .0569 .0927 .0138 .0401 
Private Other ---- ---- .0673 .0764 .0638 .0494 
Northeast*female ---- ---- .0388 .1215 .0436 .0577 
Midwest*female ---- ---- .1312 .1191 .0663 .0502 
South*female ---- ---- .0556 .1047 .0586 .0474 
Suburb*female ---- ---- .1146 .0836 .0102 .0418 
Town*female ---- ---- .1277 .0966 .0208 .0569 
Rural*female ---- ---- .1318 .0937 .0044 .0476 
Private 
Catholic*female 

---- ---- -.0714 .1129 .0478 .0515 

Private 
Other*female 

---- ---- -.0372 .0865 .0160 .0615 

Intercept -1.461  .0616 -.3233** .1118 -1.4470 .0706 
√Ψ .1585 .0125 .2875*** .0612 .1542 .0126 
√θ .9018 .0058 .0830 .0570 .9016 .0058 
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Interest Random Intercept Model  
 No Weights Method A Method B Weights in 

model 
No weights w/strat. 
vars. in model 

Female .0253 (.0171) .0407 (.0518) .0528 (.0452) .0025 
.0259 .0255 (.0171) 

Black .2879 
(.0323)*** 

.3161 
(.0691)*** 

.3023 
(.0691)*** 

.2873*** 

.0458 .2928 (.0323)*** 

Latino .1045 
(.0267)*** .1452 (.0589)* .1636 

(.0625)** 
.0936* 
.0392 .1071 (.0268)*** 

Asian .1276 
(.0362)*** .1407 (.1300) .1334 (.0967) .1121* 

.0478 .1292 (.0361)*** 

Am. 
Indian .1618 (.1137) .2271 (.3331) .3867 (.1844) -.0992 

.2067 .1498 (.1137) 

Haw/PI .0315 (.1216) .4548 (.1934)* .3995 
(.1481)** 

-.0899 
.1875 .0318 (.1217) 

Mixed .0294 (.0307) .0443 (.0728) .0522 (.0667) .0534 
.0445 .0309 (.0308) 

SES -.0418 
(.0118)*** 

-.0580 
(.0286)* 

-.0580 
(.0261)* 

-.0440*** 
.0123 -.0434 (.0121)*** 

U.S. born -.1525 
(.0354)*** -.3377 (.1865) -.2026 (.1194) -.1228** 

.0462 -.1531 (.0354)*** 

Math Test 
Score 

.0237 
(.0010)*** 

.0277 
(.0027)*** 

.0254 
(.0022)*** 

.0237*** 

.0010 .0238 (.0010)*** 

Parent 
Stereo 
Female 
Better 

.0306 (.0300) -.0378 (.0569) -.0320 (.0596) .1076** 
.0439 .0322 (.0300) 

Parent 
Stereo 
Male 
Better 

.0012 (.0188) .0843 (.0537) .09312 (.0503) -.0151 
.0288 .0031 (.0188) 

Northeast ---- ---- ---- .0018 
.0417 -.0039 (.0403) 

Midwest ---- ---- ---- .0231 
.0361 .0210 (.0353) 

South ---- ---- ---- -.0633 
.0340 -.0613 (.0332) 

Suburb ---- ---- ---- .0241 
.0301 .0192 (.0293) 

Town ---- ---- ---- .0421 
.0408 .0412 (.0396) 

Rural ---- ---- ---- .0961** 
.0349 .0907 (.0334)** 

Private 
Catholic 

---- ---- ---- .0271 
.0378 .0182 (.0366) 
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Private 
Other 

---- ---- ---- .0980* 
.0473 .0787 (.0443) 

Method A 
Weight 

---- ---- ---- .0025 
.0266 

---- 

School 
Weight 

---- ---- ---- .0008 
.0015 

---- 

MaW* 
PFemale 
Better 

---- ---- ---- -.0460* 
.0212 

---- 

Intercept -1.1025 
(.0650) 

-1.1410 
(.1603) 

-1.1624 
(.1389) 

-1.1523 
.0804 

---- 

√Ψ .2329 (.0122) .3606 (.0221) .2546 (.0306) .2284 
.0124 

.2287 (.0122) 

√θ .9234 (.0060) .8811 (.0137) .9097 (.0131) .9219 
.0062 

.9233 (.0060) 

Note: *p<.05 **p<.01 ***p<.001; Only significant weight/variable interaction terms included; 
Standard errors in parentheses 
 
Informativeness (I2) Measure for Interest Estimates 
 Method A Method B 
Female .89787 1.611703 
Black .871493 .443525 
Latino 1.525409 2.216404 
Asian .364293 .161803 
Am. Indian .574355 1.977317 
Haw/PI 3.481251 3.02604 
Mixed .484696 .741886 
SES -1.37923 -1.37247 
U.S. born -5.23544 -1.4176 
Math Test Score 4.074642 1.711043 
Parent Stereo Female 
Better -2.27893 -2.08406 
Parent Stereo Male 
Better 4.430441 4.898961 
Intercept -.59224 -.92083 
 
Regression of Interest Level-one Residuals on Weights 
 β SE t p 
Student Weight .0071 .0063 1.14 .253 
School Weight .0001 .0002 .72 .474 
 
Interest Random Intercept Model with Race/Gender Interaction Terms 
 No Weights Method A 
 β SE β SE 
Female 0.028 0.022 0.089 0.046 
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Black 0.287 0.044 0.269 0.089 
Latino 0.108 0.036 0.155 0.105 
Asian 0.124 0.050 0.491 0.168 
Am. Indian 0.226 0.155 0.460 0.155 
Haw/PI 0.028 0.155 0.428 0.286 
Mixed 0.039 0.044 0.279 0.117 
SES -0.042 0.012 -0.059 0.029 
U.S. Born -0.153 0.035 -0.318 0.167 
Math Test Score 0.024 0.001 0.027 0.002 
PFemBetter 0.031 0.030 -0.041 0.057 
PmaleBetter 0.001 0.019 0.079 0.049 
Black*Fem 0.001 0.061 0.082 0.109 
Latino*Fem -0.007 0.049 -0.018 0.129 
Asian*Fem 0.006 0.065 -0.609 0.421 
Am. Indian*Fem -0.134 0.221 -0.411 0.528 
Haw/PI*Fem 0.010 0.247 0.152 0.312 
Mixed*Fem -0.018 0.061 -0.420 0.257 
Intercept -1.104 0.065 -1.157 0.158 
√Ψ 0.233 0.012 0.362 0.022 
√θ 0.923 0.006 0.878 0.012 
 
Interest Random Intercept with Design Variable Interaction Terms 

 No Weights Method A 
No weights 

w/stratification vars and 
interactions 

 β SE β SE β SE 
Female .0253 .0171 -.0603 .1603 -.0221 .0477 
Black .2879*** .0323 .3318*** .0695 .2932*** .0323 
Latino .1045*** .0267 .1541** .0589 .1074*** .0268 
Asian .1276*** .0362 .1540 .1173 .1284*** .0361 
Am. Indian .1618 .1137 .2190 .3409 .1452 .1137 
Haw/PI .0315 .1216 .4640197* .1912 .0341 .1217 
Mixed .0294 .0307 .0428 .0761 .0304 .0308 
SES -.0418*** .0118 -.0589* .0301 -.0427*** .0121 
U.S. born -.1525*** .0354 -.3393* .1649 -.1555*** .0354 
Math Test Score .0237*** .0010 .0273*** .0024 .0237*** .0010 
Parent Stereo 
Female Better .0306  .0300 -.0442 .0574 .0321 .0300 

Parent Stereo 
Male Better .0012 .0188 .0833 .0501 .0034 .0188 

Northeast ---- ---- .0975 .1352 -.0669 .0509 
Midwest ---- ---- .0387 .1318 -.0161 .0444 
South ---- ---- -.0258 .1215 -.0739 .0420 
Suburb ---- ---- -.1617 .0956 .0191 .0368 
Town ---- ---- -.0582 .1003 .0315 .0499 
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Rural ---- ---- -.0466 .1030 .0600 .0417 
Private Catholic ---- ---- .0390 .0705 .0380 .0459 
Private Other ---- ---- .1637 .1072 .1429** .0557 
Northeast*female ---- ---- -.2521 .2260 .1248* .0605 
Midwest*female ---- ---- -.0805 .1068 .0715 .0523 
South*female ---- ---- -.0969 .0981 .0216 .0495 
Suburb*female ---- ---- .2936 .1981 -.0025 .0438 
Town*female ---- ---- .2629 .1704 .0183 .0595 
Rural*female ---- ---- .2769 .1745 .0598 .0497 
Private 
Catholic*female 

---- ---- .0266 .1088 -.0464 .0548 

Private 
Other*female 

---- ---- -.1425 .1209 -.1219 .0643 

Intercept -1.1025 .0650 -1.0973 .2124 -1.0984 .0756 
√Ψ .2329 .0122 .3564 .0229 .2289 .0122 
√θ .9234 .0060 .8781 .0120 .9228 .0060 
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Utility Value Random Intercept Model  
 No Weights Method A Method B Weights 

in model 
No weights 
w/strat. vars. in 
model 

Female -.0885 
(.0173)*** -.0224 (.0434) -.0352 (.0460) 

-
.1410*** 
.0261 

-.0882 (.0172)*** 

Black .3646 
(.0320)*** 

.3871 
(.0748)*** 

.3812 
(.0835)*** 

.3432*** 

.0454 .3649 (.0320)*** 

Latino .1310 
(.0266)*** .0454 (.0695) .0518 (.0733) .2022*** 

.0394 .1284 (.0268)*** 

Asian .1279 
(.0365)*** .0181 (.1367) .0844 (.1175) .1526** 

.0484 .1266 (.0365)** 

Am. 
Indian .0787 (.1131) .0601 (.1610) .0639 (.2354) .0831 

.2097 .0654 (.1131) 

Haw/PI .2131 (.1228) .4055 (.1804)* .2808 (.2087) .1060 
.1923 .2004 (.1228) 

Mixed .0899 
(.0312)** -.0034 (.0667) -.0181 (.0795) .102042* 

.0452 .0835 (.0313)** 

SES -.0614 
(.0118)*** 

-.0849 
(.0313)** 

-.0727 
(.0259)** 

-
.0585*** 
.0124 

-.0560 (.0121)*** 

U.S. born -.1361 
(.0360)*** 

-.2435 
(.0889)** 

-.1984 
(.0975)* 

-.10442* 
.0473 -.1406 (.0360)*** 

Math Test 
Score 

.0063 
(.0010)*** 

.0097 
(.0036)** .0062 (.0039) .0060*** 

.0010 .0064 (.0010)*** 

Parent 
Stereo 
Female 
Better 

.0281 (.0305) .0303 (.0521) .0465 (.0577) .0821 
.0448 .0293 (.0305) 

Parent 
Stereo 
Male 
Better 

-.0033 (.0190) .0702 (.0447) .0459 (.0490) -.0207 
.0292 -.0021 (.0190) 

Northeast ---- ---- ---- -.0798* 
.0367 -.0729 (.0355)* 

Midwest ---- ---- ---- -.0682* 
.0319 -.0684 (.0311)* 

South ---- ---- ---- -.0671* 
.0300 -.0616 (.0293)* 

Suburb ---- ---- ---- -.0356 
.0265 -.0333 (.0257) 

Town ---- ---- ---- .0398 
.0362 .0439 (.0351) 

Rural ---- ---- ---- .0223 .0263 (.0294) 
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.0308 
Private 
Catholic 

---- ---- ---- .0310 
.0330 .0358 (.0319) 

Private 
Other 

---- ---- ---- -.1010* 
.0417 -.1211 (.0390)** 

Method A 
Weight 

---- ---- ---- -.0107 
.0265 

---- 

School 
Weight 

---- ---- ---- .0012 
.0015 

---- 

MaW* 
PFemale 
Better 

---- ---- ---- -.04991* 
.0215 

---- 

MaW* 
Female 

---- ---- ---- .0321* 
.0138 

---- 

Intercept -.2409 (.0651) -.3563 (.2278) -.2112 (.2632) -.1676 
.0797 

-.1812 (.0707) 

√Ψ .1643 (.0135) .3035 (.0200) .1933 (.0320) .1564 
.0141 

.1557 (.0138) 

√θ .9543 (.0062) .9137 (.0161) .9552 (.0156) .9537 
.0063 

.9544 (.0062) 

Note: *p<.05 **p<.01 ***p<.001; Only significant weight/variable interaction terms included; 
Standard errors in parentheses 
 
Informativeness (I2) Measure for Utility Value Estimates 
 Method A Method B 
Female 3.830553 3.830553 
Black .701342 .701342 
Latino -3.21218 -3.21218 
Asian -3.00826 -3.00826 
Am. Indian -.16423 -.16423 
Haw/PI 1.566897 1.566897 
Mixed -2.99218 -2.99218 
SES -1.98805 -1.98805 
U.S. born -2.98642 -2.98642 
Math Test Score 3.426154 3.426154 
Parent Stereo Female 
Better .073095 .073095 
Parent Stereo Male 
Better 3.858943 3.858943 
Intercept -1.77146 -1.77146 
 
Regression of Utility Value Level-one Residuals on Weights 
 β SE t p 
Student Weight -.0021 .0064 -.33 .742 
School Weight -.0016 .0021 -.74 .460 
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Utility Value Random Intercept with Race/Gender Interaction Terms 
 No Weights Method A 
 β SE β SE 
Female -0.101 0.022 -0.034 0.051 
Black 0.368 0.044 0.385 0.086 
Latino 0.101 0.037 -0.007 0.119 
Asian 0.121 0.050 0.166 0.090 
Am. Indian -0.211 0.153 -0.283 0.262 
Haw/PI 0.147 0.159 0.278 0.305 
Mixed 0.095 0.044 -0.001 0.119 
SES -0.062 0.012 -0.086 0.031 
U.S. Born -0.135 0.036 -0.237 0.086 
Math Test Score 0.006 0.001 0.010 0.004 
PFemBetter 0.028 0.031 0.032 0.052 
PmaleBetter -0.003 0.019 0.068 0.044 
Black*Fem -0.007 0.061 0.004 0.111 
Latino*Fem 0.059 0.049 0.099 0.132 
Asian*Fem 0.015 0.066 -0.258 0.217 
Am. Indian*Fem 0.622 0.223 0.606 0.261 
Haw/PI*Fem 0.157 0.248 0.344 0.592 
Mixed*Fem -0.010 0.062 -0.004 0.169 
Intercept -0.236 0.065 -0.351 0.229 
√Ψ 0.164 0.014 0.303 0.020 
√θ 0.954 0.006 0.913 0.016 
 
Utility Value Random Intercept with Design Variable Interaction Terms 

 No Weights Method A 
No weights 

w/stratification vars and 
interactions 

 β SE β SE β SE 
Female -.0885*** .0173 .1520 .1188 -.0477 .0481 
Black .3646*** .0320 .3729*** .0704 .3644*** .0320 
Latino .1310*** .0266 .0314 .0762 .1289*** .0268 
Asian .1279*** .0365 .0270 .1366 .1286*** .0365 
Am. 
Indian .0787 .1131 .0543 .1530 .0613 .1130 

Haw/PI .2131  .1228 .3949* .1697 .2069 .1228 
Mixed .0899** .0312 -.0164 .0679 .0838** .0313 
SES -.0614*** .0118 -.0719* .0324 -.0559*** .0121 
U.S. born -.1361*** .0360 -.2487** .0876 -.1410*** .0360 
Math Test 
Score .0063*** .0010 .0097** .0035 .0064*** .0010 
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Parent 
Stereo 
Female 
Better 

.0281 .0305 .0287 .0519 .0287 .0305 

Parent 
Stereo 
Male 
Better 

-.0033 .0190 .0738 .0444 -.0024 .0190 

Northeast ---- ---- .0303 .1261 -.0680 .0473 
Midwest ---- ---- .0923 .1408 -.0472 .0414 
South ---- ---- .1496 .1232 -.0502 .0392 
Suburb ---- ---- -.1731** .0734 -.0027 .0340 
Town ---- ---- -.1480 .0870 .0330 .0465 
Rural ---- ---- -.0496 .0866 .0055 .0388 
Private 
Catholic 

---- ---- -.0306 .0742 .0288 .0420 

Private 
Other 

---- ---- -.1246 .1136 -.0629 .0519 

Northeast*
female 

---- ---- -.2570 .1360 -.0089 .0609 

Midwest* 
female 

---- ---- -.3499** .1364 -.0437 .0530 

South* 
female 

---- ---- -.3407** .1319 -.0230 .0500 

Suburb* 
female 

---- ---- .0737 .0925 -.0632 .0442 

Town* 
female 

---- ---- .2056 .1190 .0210 .0602 

Rural* 
female 

---- ---- .1631 .1095 .0410 .0503 

Private 
Catholic* 
female 

---- ---- 
.0395 .0728 .0135 .0544 

Private 
Other* 
female 

---- ---- 
-.1133 .1313 -.1123 .0652 

Intercept -.2409 .0651 -.3327 .2698 -.1983 .0744 
√Ψ .1643 .0135 .2941 .0190 .1564 .0138 
√θ .9543 .0062 .9101 .0157 .9539 .0062 
 
  



                                                                  90 
 

Appendix F 
 

Residual Testing Results 
Self-efficacy Random Intercept Model 
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Self-Efficacy Random Coefficient Model 
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Interest Random Intercept Model 
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Interest Random Coefficient Model 
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Level-two Residuals 
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Utility Value Random Intercept Model 
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Level-two Residuals 
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