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ABSTRACT 

 

 

 This study used data from the High School Longitudinal Study [2009-2013] to address racial/ethnic 

and gender similarities and differences in the relationships among behavioral engagement, self-efficacy 

beliefs, academic achievement in mathematics and future career choices in a sample of 23,450 ninth-

graders in the U.S. The data were analyzed using the Log-linear Model Selection Multinomial Logistic 

Regression programs in SPSS. The results indicated that students with low behavioral engagement and 

low self-efficacy in mathematics were more likely to obtain very low GPAs in math, while those with 

moderate behavioral engagement and moderate self-efficacy were less likely to obtain low GPAs.  

 On the other hand, students were more likely to choose math, science and technology careers only 

when both their behavioral engagement and self-efficacy were moderate. Whenever behavioral 

engagement or self-efficacy in mathematics was low, they were more likely to choose other white-collar 

or predominantly blue-collar careers. There were also significant variations in the relationships among the 

variables depending on students’ race/ethnicity and gender. Finally, students’ gender, self-efficacy in 

mathematics, and the interaction of behavioral engagement and self-efficacy in math were all significant 

predictors of students’ certainty about their future career choices.  
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CHAPTER 1 

 

INTRODUCTION 

 
The purpose of this study is to determine racial/ethnic and gender similarities and differences in 

the relationships among student behavioral engagement, self-efficacy beliefs, academic achievement, and 

career plans among ninth grade students in the United States, specifically in mathematics. The analysis is 

based on the public file of the High School Longitudinal Study, 2009-2013 (Institute of Education 

Sciences, 2011) conducted in the United States, and funded by the Department of Education, Institute of 

Education Sciences, and the National Center for Education Statistics.    

School Dropout in the United States: Magnitude of the Problem and Related Factors 

Approximately one out of every five students between 16 and 24 years old in public and private 

schools in the United States dropped out without completing high school in 2011 (National Center for 

Education Statistics, 2015), and approximately one out of every twenty did so in 2012 (NCES, 2016). 

High school dropouts typically face constant underemployment (Rumberger & Lamb, 2003; NCES, 

2015), earn less money per year than high school and college graduates (Center for Labor Market Studies, 

2009), and represent billions of dollars in lost revenue per year for the country (Achieve, Inc., 2006, 

NCES, 2016). According to Achieve, Inc. (2006), the income gap between high school graduates and 

dropouts has increased. In 2004, families of high school dropouts had a median income approximately 

30% lower than they did in 1974. Individuals without a high school credential also more often live in 

poverty, are less healthy, and engage in more criminal behaviors than high school graduates (Burrus & 

Roberts, 2012; Fall & Roberts, 2012; Glennie, Bonneau, Vandellen & Dodge, 2012).  

Pharris-Ciurej, Hirschman and Willhoft (2012), and Appleton, Christenson and Furlong (2008) 

highlighted three major limitations of traditional research approaches to the school dropout phenomenon. 

First, most studies address different factors related to dropping out, but do not consider how these relate 

to each other. A second limitation is that students’ individual characteristics and family background are 
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usually studied as isolated from school settings and processes. Moreover, research usually focuses on 

“immutable” characteristics that, although important, are not modifiable. Thus, recent research focuses on 

more dynamic and malleable factors related to the school dropout, as well as how contextual and 

individual characteristics interact when students make the decision to stay in or leave school (Appleton, 

Christenson & Furlong, 2008; Archambault, Janosz, Fallu & Pagani, 2009; Burrus & Roberts, 2012; Fall 

& Roberts, 2012; Fan & Wolters, 2014; Fredricks, Blumenfeld & Paris, 2004).  

According to Archambault et al. (2009), Burrus and Roberts (2012) and Fan and Wolters (2014), 

some key factors associated with dropping out of high school are lack of school engagement, low self-

efficacy beliefs, poor achievement and engagement in core courses (especially mathematics and/or 

English), and being a member of a particular ethnic group or gender. The Center for Labor Market 

Studies (2009) indicated that men, African-Americans, and Hispanics are particularly likely to drop out of 

high school. Similarly, students who are not engaged with school and those with low self-efficacy beliefs 

in core courses are more likely to leave school (Archambault et al., 2009; Hacket & Betz, 1982).  

Student Engagement  

Although there is not a consensus yet about the definition of student engagement, some authors 

conceptualize engagement in academic setting as students’ voluntary investment of behavioral and 

psychological resources in order to enhance learning and master skills related to academic success 

(Newman, 1992; Trowler, 2010). According to Fredricks, Blumenfeld and Paris (2004), there are three 

different dimensions of engagement: behavioral, cognitive and emotional. Each of these dimensions refers 

to different indicators of students’ engagement with the class or school itself.   

Student engagement is considered the main model for predicting and understanding school 

completion and dropping out at different educational levels (Appleton et al., 2008; Archambault et al., 

2009; Fall & Roberts, 2012; Fredricks, Blumenfeld & Paris, 2004; Rumberger, 2004). Dropping out is not 

an abrupt event, but a gradual process that builds over time (Appleton et al., 2008; Rumberger, 2004). 
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From the moment students get into school, their individual and family characteristics interact with the 

school’s academic and social system. The way these factors interact together usually determines students’ 

levels of engagement with school goals, activities and learning itself (Tinto, 1975). Since engagement is 

associated with multiple academic outcomes and the entire academic and social experience at school 

(Appleton et al., 2008; Rumberger, 2004), it plays a key role in students’ decision to complete or drop out 

(Tinto, 1975).  

Fall and Roberts (2012) analyzed data from 14,781 tenth graders from the Educational 

Longitudinal Study: 2002 (ELS: 2002) in the U.S. Their regression results indicated that high behavioral 

engagement (β= -0.30, p <0.05) and achievement (β= -0.20, p < 0.05) significantly predicted less 

likelihood of dropping out. Archambault et al. (2009) obtained similar results among 11,827 Canadian 

students in seventh and ninth grade. Behavioral engagement was a significant predictor of dropping out 

(β= -0.15), while emotional (β= -0.11) and cognitive (β= 0.06) engagement were not. This is not 

surprising since behavioral indicators of disengagement such as absenteeism, not participating in class 

discussions or not completing homework are some of the most common motives of sanctions in school 

(Archambault et al., 2009; Fredricks et al., 2004). Considering that behavioral engagement is also 

strongly related to academic achievement (Klem & Connell, 2004; Lee, 2014), in the long term sanctions 

and poor academic outcomes become strong contributors for students’ decisions to drop out of school 

(Archambault et al., 2009).  

National statistics support the importance of engagement as well. One U.S. federal research 

project indicated that in 1990 51% of a sample of recent dropouts disliked school, while 44% said they 

were failing (Jordan, Lara & McPartland, 1999). Similarly, a national survey conducted in 2002, showed 

that 76% of students who had considered dropping out described school as “boring”, and 42% said they 

were not learning enough (Metropolitan Life Insurance Company, 2002). Achieve, Inc. (2006) suggested 

that students with low engagement in school were more likely to drop out.  
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Self-Efficacy Beliefs  

Self-efficacy beliefs are significantly related to students’ persistence in school and interests in 

pursuing post-secondary education programs (Bandura, 1986; Hackett & Betz, 1982). Gail Hackett and 

Nancy Betz pioneered the application of Bandura’s Social Cognitive theory (SCT), especially the 

construct of self-efficacy, to explain students’ academic and career-related behaviors. According to 

Hackett and Betz (1982, p. 6), “low or weak self-efficacy expectations with regard to behavioral domains 

important in career pursuits, e.g., mathematics, may restrict career options and/or otherwise influence 

career decisions”.  

Their research elicited further interest in how factors such as student engagement and self-

efficacy beliefs related to students’ completion of high school, and postsecondary education interests and 

choices (Franz-Odendaal, Blotnicky, French & Joy, 2016; Gasiewski, Eagan, Garcia, Hurtado & Chang, 

2011; Lent, Brown & Larkin, 1986; Myers, Starobin, Chen, Baul & Kollasch, 2015; Rowan-Kenyon, 

Swan & Creager, 2012). If school becomes a pleasant experience for students, they may be more likely to 

finish their secondary education, as well as consider postsecondary education possibilities in fields in 

which they feel both engaged and efficacious. Thus, research on the relationship among vocational 

interests and factors like engagement and self-efficacy may help prevent educational dropout, and 

increase the proportion of students willing to pursue college programs.  

Academic Achievement  

 Academic achievement is another important factor for predicting school dropout at different 

educational levels (Burrus & Roberts, 2012; Rumberger, 1995, 2004; Wood, Kiperman, Esch, Leroux & 

Truscott, 2017). Rumberger (1995) analyzed a sample of 17,424 eight-grade students from the National 

Education Longitudinal Survey of 1988. His results indicated that both GPA (β= 0.29, p < 0.01) and 

standardized composite test scores in reading and math (β= 0.31, p < 0.01) were significant predictors of 

dropping out of eight grade. Neild and Balfanz (2006) also focused on eight graders, enrolled in the class 
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of 2000 in public schools in Philadelphia. In this study, low school attendance and failing math and/or 

English during 8th grade made students approximately 75% more likely to drop out. Of those students 

who attended less than 80% of the classes, 78% dropped out. Similarly, 77% of those who failed math 

and/or English dropped out of school.  

More recent studies also support the importance of academic achievement for dropping out. 

Wood et al (2017) studied 14,106 sophomores from the ELS: 2002. A composite measure of math and 

reading standardized test scores was a significant predictor of the likelihood of dropping out of school (β= 

-0.044, p <0.001). This indicates that students with high achievement scores in math and reading were 

less likely to dropout compared to those with lower achievement scores.  

 Although the research is consistent about the strong relationship between achievement and risk of 

dropping out, Rumberger (2004) highlighted that academic achievement should not be addressed as an 

isolated predictor. Instead, researchers should consider the associations among achievement and other key 

factors such as student engagement, background, expectations and self-beliefs. Such a perspective would 

allow more accurate models to help explain why students drop out of high school.  

Demographics: Gender and Race/Ethnicity  

 Official reports have suggested significant differences in the rates of high school dropout among 

students from different ethnic and gender groups. African-Americans, Hispanics and American-Indians 

are significantly more likely to drop out than their peers from other ethnic groups (Burrus & Roberts, 

2012; NCES, 2017; Neild & Balfanz, 2006; Rumberger, 1995). Between 2000 and 2015, Hispanic 

students had the highest high school dropout rates in the U.S., followed by African-Americans. During 

this period, the rates of these two groups were significantly higher than White and Asian students, who 

reported the lowest dropout rates in the country (Burrus & Roberts, 2012; NCES, 2017; Pew Research 

Center, 2015). Consistently, in 2015 Asian (2.4%) and White (4.5%) students had the lowest dropout 
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rates, while African-Americans (7.2%), Hispanics (9.9%) and American-Indians (13.2%) had the highest 

rates (NCES, 2017).  

In terms of gender, research consistently indicates males are more likely to drop out of school 

than females. Results from eighth-grade students in Philadelphia between 1995 and 1996, showed that a 

higher percentage of males (35.6%) was classified as at-risk of dropping out compared with females 

(31.4%) (Neild & Balfanz, 2006). This gender gap, although small, has remained stable over the years. In 

2012, males between 16 and 24 years had higher dropout rates (7.3%) than females (5.9%) (Stark & Noel, 

2015). Similarly, in 2015 6.3% of males dropped out of high school, compared to 5.4% of females 

(NCES, 2017).  

Why Mathematics? 

According to the PISA (Program for International Student Assessment) results, in 2012 the 

United States performed below the average in mathematics and ranked 27th among the 34 countries that 

are members of the Organization for Economic Co-Operation and Development (OECD, 2014). American 

students particularly struggled solving high-level mathematics tasks, such as translating real-world 

situations into mathematical terms and recognizing mathematical aspects in daily life problems (OECD, 

2014). There was no significant change in math performance in the U.S. from 2012 to 2015 (OECD, 

2016).  

These results raise a red flag about math education in the U.S., especially since the high monetary 

investment per student does not necessarily translate into a better performance nor higher motivation 

towards mathematics (OECD, 2014). In 2013, the expenditure per full-time student per year on 

elementary and secondary education in the U.S. was $11,800 (National Center for Education Statistics, 

2017). In 2012, 50% of high school students in the country said they were not interested in learning math 

(OECD, 2014). This lack of motivation towards core subjects may lead to more general negative attitudes 

towards school itself, which might ultimately result in school dropout (Fan & Wolters, 2014).  
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 Mathematics are a strong basis for many college majors and professional careers. They are one of 

the most important foundations, and even a prerequisite, for majors in the fields of science, technology, 

and engineering (University of California, Davis, n.d.). Different studies have shown that high school 

exposure to math and science is a significant predictor of intent to pursue careers in science, technology, 

engineering and mathematics (STEM) (Sadler, Sonnert, Hazari & Tai, 2014; Wang, 2012). The 

importance of math is not limited to STEM careers, but extends to other fields such as the social sciences, 

where they have been a key element for measurement and evaluation components (Senn, 2000).  

Math preparation in high school relates to differences in the educational advantages students have 

access to as they advance through their education (Schneider, Swanson & Riegle-Crumb, 1998). For 

instance, if students are successful in courses like algebra, geometry or trigonometry, they can keep going 

forward and take more advanced courses such as calculus. On the contrary, students who do not 

successfully complete basic courses, cannot move to advanced courses (Schneider, et al., 1998; Riegle-

Crumb, 2006). Since mathematics preparation is one of the first filters to pursue an important variety of 

college majors (Sells, 1975) and an important basis for STEM majors, students who do not have a strong 

math sequence in high school have a limited chance of pursuing careers in math and science fields 

(Tyson, Lee, Borman & Hanson, 2007).  

Thus, if students’ experiences in core courses such as mathematics relate to their career interests, 

choices and possibilities, increasing students’ engagement, achievement and self-efficacy in math courses 

in school may be a way to help strengthen their interest in completing school. It may also be a way to help 

them increase their interest and expand their possibilities in terms of postsecondary education choices.  

Relevance of this Study 

This study focuses on some key factors related to the school dropout phenomenon, as well as the 

associations among these factors. The study addresses significant gaps in existing scholarship. For 

instance, the relationships among student engagement, self-efficacy, and academic achievement seem to 

be more important in middle school, high school, and college than in the elementary years (Multon, 
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Brown & Lent, 1991). Older students have greater school experience, and can make more accurate self-

efficacy judgments about their own strengths and weaknesses (Multon, Brown & Lent, 1991). Their 

identity and self-determination are also more developed than younger students, which allows them to 

make stronger decisions about which subjects they feel engaged with (Dogan, 2015). However, most 

research focuses on higher education (Bolkan, 2015; Dixson, 2010; Estepp & Roberts, 2013, 2015; 

Gibson, 2011; Gunuc, 2014; Karini, Kuh & Klain, 2004; Lane & Harris, 2015; Leach & Zepke, 2011; 

Leach & Butler, 2014; Trowler, 2013; Yin & Wang, 2016; Zhao & Kuh, 2004), while high school and 

middle school settings have been significantly neglected.  

Dogan (2015) and Martinez and Guzman (2013) highlighted the importance of using larger and 

more diverse samples (Akey, 2006) that allow generalizing results to broader populations with increases 

in statistical power (Bassi, Steca, Delle Fave & Caprara, 2007), and comparing results with those obtained 

outside the US. Brennan (2015) also suggested analyzing self-efficacy, engagement, performance, and 

achievement in specific subjects (e.g., mathematics or science) instead of the cumulative group of classes 

students have taken during their academic lives (Akey, 2006). Exploring the associations among the 

variables in specific subjects might generate more situated results on how students engage within 

particular fields (Brennan, 2015). 

Pajares (1996) suggested that cultural values and other context-related attributes might cause 

important variations in the relationships among engagement, achievement, self-efficacy, and vocational 

plans. However, very few studies focus on malleable factors in addition to demographics such as ethnicity 

and gender. More research is needed on how the relationship among engagement, self-efficacy, 

achievement and vocational plans may vary across different ethnic, gender, and social class groups 

(Pajares, 1996; Stevens et al., 2004). Another gap in the literature is that most studies about career-related 

behaviors focus on the importance of self-efficacy for school completion and future career interests 

(Hackett and Betz, 1982, 1989), but not many studies account for the role of engagement nor its 

interaction with self-efficacy when students develop career interests and make career choices.  



9 

Thus, it is important to generate more research on motivational factors related to math 

performance in schools, since these may help improve achievement in mathematics, increase the rates of 

students interested in pursuing post-secondary education, and decrease the risk of school dropout. In this 

sense, student engagement and self-efficacy beliefs have gained importance during the last few decades. 

When students believe they have the tools and abilities to perform well on a task and succeed, they more 

often engage and commit to the task, investing more resources on it (Bandura, 1997; Dogan, 2015), and 

become more likely to achieve positive outcomes. Higher engagement, achievement, and confidence in 

one’s ability of succeeding in core subjects increase the likelihood of completing high school and 

enrolling in post-secondary education (Fan & Wolters, 2014).  

In this study, I examined the nature and direction of the relationships among behavioral 

engagement, self-efficacy in mathematics, academic achievement in math and future career choice in a 

nationally representative sample of middle school students in the U.S. I also examined how the 

relationships among the variables varied by race/ethnicity and gender. The study addresses the following 

research questions: 

Research Question 1: What is the nature and direction of the relationships among behavioral 

engagement, self-efficacy in mathematics, academic achievement in math, and intentions to pursue math, 

science and technology careers in the future, among middle school students in the U.S.?  

Research Question 2: How do the relationships among students’ behavioral engagement, self-efficacy in 

mathematics and academic achievement vary across different race/ethnic groups? 

Research Question 3: How do the relationships between students’ behavioral engagement, self-efficacy 

beliefs in mathematics and academic achievement vary by students’ gender?   

Key Terms 

Behavioral Engagement. Refers to observable behaviors that indicate students’ engagement in an 

academic subject or activity. Some indicators of behavioral engagement are participation, effort, 

persistence, help seeking, completing homework, and time spent in homework.  



10 

Self-Efficacy. People judgments of their own abilities to achieve desired outcomes, or succeed in specific 

fields/domains.  

GPA. Students’ Grade Point Average during one or multiple academic year(s). It is the most common 

indicator of achievement in academic contexts.  

STEM. Abbreviation for careers in the fields of Science, Technology, Engineering and Mathematics.  
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CHAPTER 2 

 

LITERATURE REVIEW 

 
This chapter summarizes some of the most important research on the associations among student 

engagement, self-efficacy, academic achievement and future career choices. First, there is a discussion 

around the definition of engagement and a description of the behavioral, cognitive and emotional 

dimensions of the construct. This is followed by an analysis of the nature and direction of the 

relationships among the variables, as well as the variations of these relationships across ethnic and gender 

groups. The research questions and hypotheses addressed in this study are presented at the end of this 

chapter.  

Student Engagement 

Towards a Definition of Student Engagement  

Since the mid-1990s, student engagement has become one of the most extensively studied topics 

in education (Trowler, 2010). It is a major focus of governments and political agendas (Lawson & 

Lawson, 2013), since it appears to be an indicator of educational effectiveness (Zhao & Kuh, 2004), and a 

key element for high quality education, students’ active involvement (Leach, 2016), high level learning, 

personal development, and preventing school dropout (Appleton, Christenson & Furlong, 2008; 

Fredricks, Blumenfeld & Paris, 2004; Lawson & Lawson, 2013). Newman (1992) asserted that  

meaningful learning cannot be delivered to [...] students like pizza to be consumed or videos to be 

observed. Lasting learning develops largely through the labor of the student, who must be enticed 

to participate in a continuous cycle of studying, producing, correcting mistakes, and starting over 

again. Students cannot be expected to achieve unless they concentrate, work, and invest 

themselves in the mastery of school tasks. This is the sense in which student engagement is 

critical to educational success; to enhance achievement, one must first learn how to engage 

students. (p.3) 
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Newman (1992) initially defined engagement as “students’ psychological investment in and effort 

directed toward learning, understanding, or mastering the knowledge, skills, or crafts that academic work 

is intended to promote” (Newman, 1992, p. 12). More recent definitions offer a broader perception of the 

construct, considering engagement as something that relates to both students and institutions. Trowler 

(2010) stated that 

Student engagement is concerned with the interaction between the time, effort and other relevant 

resources invested by both students and their institutions intended to optimize the student 

experience and enhance the learning outcomes and development of students and the performance, 

and reputation of the institution. (p. 3)   

Despite the attempts to create consensus, conceptualizations vary by authors’ theoretical 

dispositions and the purposes of the studies. However, most researchers agree on the multidimensional 

nature of engagement (Appleton, Christenson & Reschly, 2006; Brennan, 2015; Chapman, 2003; Dotterer 

& Lowe, 2011; Fredricks, Blumenfeld & Paris, 2004; Frymier & Houser, 2016; Gunuc, 2014; Lane & 

Harris, 2015; Lee, 2014; Linnenbrink & Pintrich, 2003; Yin & Wang, 2016). Fredricks et al (2004) 

highlighted the potential of engagement as a “meta construct”, proposing a model of engagement with 

three dimensions: behavioral, emotional, and cognitive. From this perspective, engagement does not only 

involve behavioral cues, but also cognitive/emotional investments and reactions to the learning process 

(Gunuc, 2014), as well as awareness of affective connections established in academic settings (Appleton 

et al., 2006). 

Behavioral Engagement. It relates to participation (Fredericks et al., 2004), effort, persistence, 

and help seeking aimed at learning and understanding the material (Linnenbrink & Pintrich, 2003). It is 

usually associated with observable behaviors (Linnenbrink & Pintrich, 2003) such as involvement in 

academic and social or extracurricular activities, following rules, avoiding disruptive behavior, asking 

questions, participating in class discussions, participating in school-related activities (i.e., athletics, school 

governance, etc.) (Fredericks et al., 2004), completing homework, and the amount of time spent on 
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homework (Lawson & Lawson, 2013). It is important to consider that students can be behaviorally, but 

not cognitively or emotionally engaged. Behavioral indicators might suggest they are focused on the 

contents or activities, but their minds may be miles away (Linnenbrink & Pintrich, 2003).  

Cognitive Engagement. This dimension references investment of cognitive resources in 

academic tasks (Lawson & Lawson, 2013), as the willingness to make efforts to master complex ideas 

and/or skills. It involves self-regulation, metacognitive strategies (Fredericks et al., 2004; Lawson & 

Lawson, 2013), deep learning strategies (Fredericks et al., 2004; Linnenbrink & Pintrich, 2003), 

eliminating distractions (Fredericks et al., 2004), constructing meaning (Lawson & Lawson, 2013), 

critical thinking, persisting on difficult tasks (Brennan, 2015), and reflecting on what is known and 

unknown (Linnenbrink & Pintrich, 2003). Indicators of cognitive engagement can be the nature of 

students’ questions, answers, and comments in class discussions. In other words, “the quality of cognitive 

engagement reflects the quality of students’ effort in the task, while simple quantity of effort reflects 

behavioral engagement” (Linnenbrink & Pintrich, 2003, p. 124).  

Emotional Engagement. It refers to positive and negative affective reactions to school factors 

(i.e., teachers, peers, contents, learning, school itself). These reactions include interest, boredom, 

happiness, enjoyment, sadness, anxiety, belonging and relatedness to school, and value. Linnenbrink and 

Pintrich (2003) highlighted four aspects of emotional engagement that are important for students’ interest 

and value: Personal interest, utility value (how useful the student thinks the content/activity is), value 

beliefs (general importance of the content/area/activity for different goals in students’ lives), and positive 

emotional experiences while they are learning.  

These dimensions may vary in intensity and duration, and are interrelated to each other (Fredricks 

et al., 2004), which makes the dynamics of engagement much more complex. Behavioral, cognitive, and 

emotional components interact and coexist in so many ways that it may be hard to separate them. In this 

regard, Linnenbrink and Pintrich (2013) stated  
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[...] if students are cognitively and motivationally engaged, they are likely to be behaviorally 

engaged. However, there may be times when students are behaviorally engaged but not 

cognitively engaged, as when they would think about something else besides the lesson even 

though their eyes are on the teacher. [...] In addition, there may be times when students are 

actively engaged cognitively and behaviorally, but they are not particularly motivationally 

engaged. For example, older students may find occasions when they study and think hard about a 

subject but do not find it particularly interesting or useful to them (p.127) 

Appleton et al (2008), Fredricks et al (2004), and Lawson and Lawson (2013) summarized three 

general assumptions present in almost every definition of student engagement: engagement is malleable 

and, therefore, can increase; engagement is directly associated with learning and important learning 

outcomes; and engagement is not theoretically equivalent to motivation. While motivation is a more 

general disposition to strive and attain a goal, engagement relates to activating the energy to actually 

commit and invest resources on attaining that goal (Lawson & Lawson, 2013). Thus, engagement might 

either precede or presume motivation (Newman, 1992).  

HSLS: 09 contains indicators of behavioral (the scale of school engagement) and emotional 

engagement (the scale of school belonging and the scale of perceived utility of mathematics). However, 

due to constrains in the statistical procedures used to analyze the data (see page 52 for more details), the 

analysis and conclusions in this study can only account for the behavioral dimension of engagement.  

Student Engagement and Academic Achievement    

 Results among College Students. Student engagement relates directly and indirectly to academic 

achievement (Gunuc, 2014; Dotterer & Lowe, 2011; Fredericks et al., 2004) and school completion 

(Dotterer & Lowe, 2011; Fredericks, Blumenfeld & Paris, 2004). At the college level, results have 

consistently indicated a strong positive relationship between engagement and achievement (Bolkan, 2015; 

Carini, Kuh & Klein, 2004; Gunuc, 2014). Gunuc (2014) reported that behavioral, cognitive, and 

emotional dimensions of engagement explained 10% of the total variance in students’ GPA. This 
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relationship was especially strong for cognitive and behavioral engagement. Similarly, engagement has 

mediated the relationship between intellectual stimulation and intrinsic motivation (Bolkan, 2015). In this 

sense, the different activities, materials and strategies presented in the classroom (intellectual stimulation) 

contribute to developing intrinsic motivation is students are engaged. Students who are engaged in the 

classroom and enjoy the coursework are more likely to work harder, adopting a mastery-goal orientation. 

They work to gain an actual understanding of the material, instead of just for a grade. 

Results among K-12 Students. Research on K-12 settings supports the importance of early 

efforts to engage students (Appleton et al., 2008), since low behavioral engagement at early school levels 

may have negative effects on students’ academic achievement (Fredricks et al., 2004) and educational 

careers (Appleton et al., 2008). According to Fredricks et al. (2004) engagement in school activities and 

academic endeavors may also be a protective factor to prevent school dropout, since it relates to less 

involvement in risky behaviors such as skipping classes, early-age pregnancy, and belonging to gangs.  

At the kindergarten level, Robinson and Mueller (2014) found that higher levels of individual 

behavioral engagement related to higher achievement growth, controlling for family race/ethnicity, child 

gender, age at kindergarten entry, parents’ expectations of students’ higher level of education, and 

classroom contextual factors. Similarly, Park (2005) indicated that engagement predicted monthly 

academic growth in mathematics among first grade elementary students, after controlling for gender, 

minority status, SES, and interaction effects. It also mediated the relationship among some classroom 

social environment indicators (teacher-student relationships and beliefs about peers) and academic 

achievement among Latino and Anglo students in third and fifth grade in a study conducted by Casillas 

(2010).  

Analyses of data from the Study of Early Child Care and Youth Development (SECCYD) showed 

different results among fifth grade students in the U.S. (Dotterer & Lowe, 2011). Cognitive, emotional 

and behavioral engagement had significant relationships with academic achievement among students with 

no history of previous achievement difficulties. On the contrary, among students with previous 
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achievement difficulties, only emotional and cognitive engagement were significantly associated with 

achievement, while behavioral engagement was not (Dotterer & Lowe, 2011). One possible explanation is 

that Dotterer and Lowe (2011) used a measure of behavioral engagement that included in-classroom 

indicators (i.e., paying attention and being on-task) only, but did not consider non-classroom behaviors 

such as completing homework, which is a key indicator of behavioral engagement (Lawson & Lawson, 

2013). Another possibility is that the dynamics of engagement and its relationship with academic 

achievement are not the same across different groups of students with different characteristics. It cannot 

be assumed that everything works in the same way for all (Dotterer & Lowe, 2011), so more research is 

needed on which student characteristics might moderate the relationships between engagement and 

achievement.  

Results among middle and high school students indicate a positive relationship between 

behavioral engagement and academic achievement (Finn, 1993; Klem & Connell, 2004; Lee, 2014). Lee 

(2014) analyzed data from PISA 2000, and found behavioral and emotional engagement to be significant 

predictors of reading performance/literacy among 3,268 ninth and tenth grade students in the U.S., 

controlling for grade, gender, race/ethnicity, language spoken at home, individual SES, school-mean SES, 

and school type. Reading performance/literacy was measured in PISA 2000 as processing skills, 

knowledge and understanding, and context of application. Similarly, Klem and Connell (2004) reported a 

strong relationship between behavioral engagement and academic achievement (measured as a combined 

index of math and reading test scores and attendance to school) among middle school students. Those 

who reported high levels of behavioral engagement were 75% more likely to have high levels of 

achievement than were students with average levels of engagement.  

Schneidler (2012) also found significant correlations between students’ behavioral engagement 

and standardized scores in the reading and math scales of the Minnesota Comprehensive Assessment 

(MCA-II). Behavioral engagement (r= 0.32) was positively and significantly correlated to academic 

achievement in math and reading. One important limitation of this study is the combination of reading 

and math scores as a single achievement variable. Such a measure does not allow determining how 
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engagement actually related to the achievement in each of the subjects separately. Moreover, Schneidler 

(2012) did not specify how different levels of behavioral engagement related to achievement in reading 

and math. It is also important to consider that the sample of 650 eighth-grade students included in this 

study came from one school district in the U.S., which introduces considerable limitations to the external 

validity of the results.  

Robtoy (2017) used a hierarchical linear regression method to analyze data from 415 participants 

in ninth, tenth, and eleventh grades in the U.S. The results indicated that academic engagement (measured 

as a single index that combined indicators of behavioral and emotional engagement) significantly 

predicted students’ grades in English (β= 0.28, t= 3.51, p< 0.01) and social studies (β= 0.24, t= 2.81, 

p<0.01), but did not predict grades in math (β= 0.15, t= 1.68, p> 0.05) or science (β= 0.10, t= 1.17, p> 

0.05). In this study, students’ grades were obtained through students’ self-reports, which introduces the 

risk of the achievement data not being as accurate as needed. Besides, there was a considerable 

underrepresentation of African-American (15.9%), Asian (1.7%), and Hispanic/Latino (1%), students 

compared to White students (72.8%) in the sample. Future studies should aim at more representative 

samples so the results can be generalized to a broader variety of racial/ethnic groups.   

The findings on the associations between cognitive/emotional engagement and academic 

achievement have been more variable (Finn, 1993; Klem & Connell, 2008; Videen, 2009). Klem and 

Connell (2008) found emotional and cognitive engagement to have less strong relationships with 

achievement, performance and commitment in math than behavioral engagement. Similarly, Videen 

(2009) reported a weak overall relationship between emotional engagement and academic achievement in 

reading, as well as no relationship between emotional engagement and subsequent growth in reading 

among more than 500 elementary and middle school students. Videen (2009) used the Computerized 

Achievement Level Test (CALT) to measure achievement and growth in reading. The CALT controls for 

ability with an eight-question test called “locator”, which is used to determine the student’s ability level 

and assign items with the corresponding difficulty.  
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 One possible explanation is that most measures consider limited indicators of emotional 

engagement. Most studies operationalize emotional engagement as a sense of belonging to school, quality 

of teacher-student relationships, students’ personal interests and emotional reactions to school factors and 

learning  (Klem & Connell, 2008; Lee, 2014;  Videen, 2009). However, they leave out key indicators such 

as students’ perceived utility value of academic subjects, which has been found to have a stronger 

relationship with academic achievement in core subjects such as math, science and 

history/citizenship/geography (Finn, 1993). Fredrick et al (2004) and Lee (2014) suggested that the 

relationships between engagement and academic achievement might vary depending on the definitions 

and indicators of engagement considered in each study.   

 Another point of discussion is that behavioral indicators of engagement are much easier to 

identify than indicators of cognitive and emotional engagement (Fredricks et al., 2004). It is easier to 

notice that a student constantly participates in class discussions, than recognizing their emotional 

reactions to class events, or the cognitive strategies they use to solve a math problem. Therefore, 

measures that address emotional and cognitive indicators of engagement may be much trickier and less 

accurate than those that address behavioral components.   

 Although the positive significant association between behavioral engagement and achievement at 

the middle school and high school levels has been well-documented (Finn, 1993; Klem & Connell, 2004; 

Lee, 2014; Robtoy, 2017; Schneidler, 2012), there are still important limitations that should be addressed 

in further research. One of these limitations is the common tendency to combine measures of achievement 

in math and reading, making it hard to determine how behavioral engagement relates to achievement in 

each of the subjects separately (Klem & Connell, 2004; Schneidler, 2012). Other limitations are collecting 

achievement data through students’ self-reports, and the low representation of African-American, Asian, 

and Hispanic students compared to White students in some studies (Robtoy, 2017). Finally, many studies 

have measured academic achievement using standardized test scores (Klem & Connell, 2004; Lee, 2014; 

Schneidler, 2012). Since the relationships between the different dimensions of engagement and 

achievement may vary depending on how achievement is measured (Fredricks et al., 2004), the results of 
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studies using test scores and measures such as Grade Point Average (GPA) might differ from those using 

test scores.  

Student Engagement and Self-Efficacy Beliefs 

Researchers have paid special attention to different factors that might relate to engagement within 

academic settings. One factor is students’ self-efficacy beliefs, defined as “people’s judgments of their 

capabilities to organize and execute courses of action required, attaining designated types of 

performances” (Bandura, 1986, p. 391). These judgments are domain-specific (Pajares, 1996), which 

means that individuals perceive themselves as able to perform well or poorly regarding particular tasks 

that occur within specific domains and circumstances. Self-efficacy relates to the question “Can I do this 

task in this situation?” (Linnenbrink & Pintrich, 2003, p. 120).  

Self-efficacy is an important predictor of academic performance and persistence (Multon, Brown 

& Lent, 1991). It has positive relationships with learning and learning experiences (Bassi, Steca, Delle 

Fave & Caprara, 2008), problem solving (Pajares & Kranzler, 1995), perceived value of math (Hackett 

and Betz, 1989), teachers’ evaluations, perceived importance of achievement (Michaelides, 2008), and 

choosing math-related careers (Hackett & Betz, 1989; Multon, Brown & Lent, 1991; Pajares & Miller, 

1995). Self-efficacy negatively relates to math anxiety (Hackett & Betz, 1989; Pajares & Kranzler, 1995), 

and schoolwork-related anxiety (Michaelides, 2008).  

High self-efficacy beliefs relate to the increase of multiple indicators of engagement, such as 

taking challenges (Bandura, 1986), investing effort, task persistence when facing obstacles (Multon, 

Brown & Lent, 1991), time spent on homework (Bassi, Steca, Delle Fave & Caprara, 2007), and feeling 

motivated to succeed (Bandura, 1986). On the contrary, low self-efficacy beliefs relate to challenge 

avoidance, self-limitation, and lower task achievement. Michaelides (2008) asserted that “Perceptions of 

competence and non-competence might account for lack of motivation to engage in mathematical 

activities and persistence in the face of difficult problems, thus resulting in avoidance of the subject 

matter and low performance” (p. 229).   
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Brown (2008) studied the engagement experiences of eleventh and twelfth-grade high school 

students from a rural community in the US. Those with low self-efficacy usually displayed low levels of 

engagement as well, evidenced in behaviors like quitting, not completing homework, and not paying 

attention during class. The researcher analyzed the answers of three participants: 

1. In Trey’s case when he felt confident, when he “got it”, he was “happy”, he was “having fun” 

and he was engaged in class. However, when he was confused or when he felt “even 

stupider” because he did not feel competent, he would often disengage. (Brown, 2008, p. 141) 

2. For Beauty, when it was “easy”, she felt confident, she called out and answered questions, 

she was on task because she was interested and when she felt it was easy, she did not mind 

doing the work, because she knew she could do it. She said, “When I understand it, I want to 

do more.” On the other hand, when she suffered frustration and “didn’t understand some of 

the stuff in math”, all she wanted to do was sleep. (Brown, 2008, p. 142)  

3. Alisha experienced the same feelings. She said, “Didn’t understand it and didn’t want to do 

it”, when she did not feel she had the ability. (Brown, 2008, p. 142)   

The relationship among self-efficacy and engagement is not unidirectional. As presented in 

Figure 1, learning outcomes and achievement affect the construction of students’ self-efficacy beliefs. 

These beliefs might affect levels of student engagement, which at the same time affect learning outcomes 

and achievement (Linnenbrink & Pintrich, 2003). This cyclical relationship indicates a reciprocal 

determinism among the variables, so that personal factors (self-efficacy beliefs), behavior (engagement), 

and environment (learning outcomes and achievement experiences) interact with each other in multiple 

ways, shaping students’ decisions and actions (Bandura, 1986; Pajares, 1996; Schunk, 2016). 

Linnenbrink and Pintrich (2003) suggested a positive relationship between self-efficacy and 

students' behavioral engagement. Students with strong efficacy beliefs are more likely to put forth effort 

when facing difficulties, persist at tasks when they have the necessary skills, and seek help when 

necessary even after controlling for previous knowledge or ability. High self-efficacy beliefs also relate to 
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higher use of deeper processing (elaboration and organization) and metacognitive strategies (plan, 

monitor, and self-regulate), all indicators of cognitive engagement. Finally, self-efficacy positively 

correlates to adaptive motivational beliefs (interest, value, and utility), and positive affective reactions, 

which refers to emotional engagement. It also has a negative correlation with negative emotions.  

 

 

 

 

  

Figure 1. A general framework for self-efficacy, engagement, and learning. Adapted from “The Role of 
Self-Efficacy Beliefs in Student Engagement and Learning in the Classroom” (Linnenbrink & Pintrich, 
2003, p. 122).  

Relationships among Student Engagement, Self-efficacy, and Academic Achievement  

Multiple studies indicate strong correlations among student engagement (behavioral, cognitive 

and emotional), self-efficacy, and academic achievement and performance (Akey, 2006; Bolkan, 2015; 

Brennan, 2015; Carini, Kuh & Klein, 2004; Dotterer & Lowe, 2011; Fredericks et al., 2004; Gunuc, 2014; 

Hackett & Betz, 1989; Michaelides, 2008; Multon, Brown & Lent, 1991; Pajares & Graham, 1999; 

Pajares & Kranzler, 1995; Pajares & Miller, 1995; Stevens, Olivarez, Lan & Tallent-Runnels, 2004). 

Pajares and Graham (1999) reported self-efficacy as the only motivational variable that predicted math 

performance among middle school students at the beginning and end of the academic year, surpassing 

other motivational variables such as student engagement, mathematics self-concept, and perceived value 

of mathematics.  

Brennan (2015) explored whether, and how, students’ self-efficacy and engagement predicted 

academic achievement among 354 middle school students in a rural school district in Michigan. In a 

hierarchical multiple linear regression analysis, self-efficacy strongly predicted previous (β= .33, p < .05) 

and current (β= .38, p < .05) achievement and engagement (β= .41, p < .05), with the strongest 

relationship existing between self-efficacy and behavioral engagement (r = .44, p < .05). Contrary to prior 

Self-Efficacy Engagement 
Learning and 

Achievement 
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research results (Bolkan, 2015; Carini, Kuh & Klein, 2004; Casillas, 2010; Dotterer & Lowe, 2011; 

Fredericks et al., 2004; Gunuc, 2014; Linnenbrink & Pintrich, 2003), student engagement was not a 

significant predictor of academic achievement, nor a significant mediator between self-efficacy and 

achievement. The significant association between engagement and self-efficacy might have introduced 

multicollinearity issues that affected the relationship between engagement and achievement.  

Akey (2006) conducted an exploratory longitudinal study using data collected at three points in 

time from 449 high school students in the US. Her results were consistent with Brennan (2015). Self-

efficacy was a better predictor of academic achievement in both math and reading than engagement. 

Using path analysis modeling techniques, engagement had a significant positive relationship with 

subsequent levels of math achievement (β = 0.052), but had a negative relationship with reading 

achievement (β = -0.067). However, when self-efficacy was removed from the model, engagement 

became a slightly stronger predictor of reading achievement (β = 0.090). Besides, engagement was a 

strong predictor of reading achievement only among students with moderate perceived competence, and a 

weak predictor among students with high and low perceived competence.  

Based on these findings, engagement seems to be a strong predictor of achievement when 

students’ self-efficacy is not considered in the model (Finn, 1993; Fredricks et al., 2004; Klem & Connell, 

2004; Lee, 2014; Park, 2005; Robinson & Mueller, 2014). However, the relationship between 

engagement and achievement appears to become weak when self-efficacy is included as a predictor 

(Akey, 2006; Brennan, 2015). Akey (2006) and Brennan (2015) found self-efficacy and engagement to be 

significantly correlated to of each other. This means that when students perceive themselves as competent 

in a particular field, their levels of engagement may increase with the time and this might impact their 

academic achievement. In the same way, engaged students may work harder and invest more behavioral, 

cognitive and emotional resources on schoolwork, which might help them obtain better academic 

outcomes that strengthen high self-efficacy beliefs (Akey, 2006; Linnenbrink & Pintrich, 2013). Although 

there is a bidirectional relationship between self-efficacy and engagement, it seems that self-efficacy is 
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more likely to precede student engagement (Akey, 2006; Linnenbrink & Pintrich, 2013). Akey (2006) 

found that self-efficacy beliefs were a slightly stronger predictor of engagement (β= 0.159) than 

engagement of self-efficacy (β= 0.069).  

However, Akey (2006) only included students from three high schools in one urban school 

district, which considerably limits the generalizability of these results. The nature and direction of the 

relationships among engagement, self-efficacy and achievement in specific subjects should be studied 

across larger and more diverse samples that are state and nationally representative. This would strengthen 

the external validity of the findings, and would allow generalizing conclusions to much broader 

populations of students.   

Ethnic and Gender Differences  

During the last decade, researchers have become more interested in studying the role of factors 

such as students’ race/ethnicity and gender in the relationships among engagement, self-efficacy, and 

achievement (Brennan, 2015; Hackett & Betz, 1989; Bassi et al., 2008; Schneidler, 2012; Stevens, 

Olivarez, Lan & Tallent-Runnels, 2004).  

Results among College Students. Sontam and Gabriel (2002) indicated that African-American 

community college students displayed higher engagement than any other ethnic group, especially in terms 

of effort investment and perception of the coursework as academically challenging (both indicators of 

engagement in the Community College Survey of Student Engagement, CCSSE). However, higher 

engagement had no significant relationship with a higher GPA for African-American students. Sontam 

and Gabriel (2002) suggested engagement plays different roles across the different ethnic groups, and 

highlighted the need of further investigation on these ethnic discrepancies.  

In terms of gender, Alkhadrawi (2015), Sontam and Gabriel (2012) and Yin and Wang (2016) 

reported significant differences at the college level. In both studies female undergraduates showed higher 

and more adaptive patterns of motivation and engagement than males, investing more effort and time on 
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their coursework, and obtaining higher GPAs than men (Alkhadrawi, 2015; Sontam & Gabriel, 2012). 

Males were also more likely to attend class unprepared and rarely engaged in reading activities (Sontam 

& Gabriel, 2012). Yin and Wang (2016) explained that women usually care more than males about 

evaluations from others, and focus more on the learning processes and activities. On the contrary, males 

tend to focus more on learning results than on the process of engaging in learning activities.  

Hackett and Betz (1989) and Pajares and Kranzler (1995) did not find significant gender 

differences among college or high school students in terms of the relationships between self-efficacy and 

variables such as problem solving performance, math anxiety, effectance motivation, perceived value of 

math, and achievement. 

Results among K-12 Students. Some research has suggested significant differences in the 

relationships among engagement, self-efficacy and achievement across students from different ethnic 

groups (Pajares & Kranzler, 1995; Sciarra & Seirup, 2008; Sbrocco, 2009; Shernoff & Schmidt, 2008; 

Stevens et al., 2004). Sciarra and Seirup (2008) found significant interactions among students’ race and 

behavioral (F (5, 11, 105) = 8.26, p < 0.001), cognitive (F (5, 11, 105) = 2.31, p < 0.05) and emotional (F 

(5, 11, 105) = 2.76, p < 0.05) engagement in a nationally representative sample of tenth-graders drawn 

from the Educational Longitudinal Study 2002-2004. Behavioral and cognitive engagement were 

significant predictors of math achievement among White, African-American, American-Indian, Asian, 

and Latino students. However, emotional engagement significantly predicted math achievement only 

among White (β= 0.05, p < 0.001) and Latino (β= 0.11, p < 0.001) students.  

Cultural values and other context-related factors might contribute to important variations in the 

relationships between engagement and achievement across ethnic groups (Pajares, 1996). Students from 

different cultures and ethnicities tend to learn different motivational patterns, as well as different ways to 

cope with positive and negative events at academic settings. For instance, Latinos usually put a high value 

on interpersonal relationships and emotional connections with the surrounding environment and 
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significant others (Schwartz, 2009). This may be one reason why emotional engagement was a significant 

predictor of achievement among Latino students, but not among other ethnic groups.   

Shernoff and Schmidt (2008) reported the existence of an engagement-achievement paradox 

between White and African-American students. Based on analyses of the Sloan Study of Youth and 

Social Development (SSYSD), they found a significant inverse relationship between engagement and 

GPA for African-American students. Although African-Americans had higher levels of engagement, they 

had lower GPAs than Whites students. These findings reflect once again the importance of cultural 

backgrounds for the associations between engagement and achievement. For instance, students from 

African-American communities and other minority ethnic groups may learn resiliency skills that help 

them not to interpret conditions of poverty or low academic achievement as a personal failure (Blau, 

2003). This could strengthen their capacity to remain highly engaged despite obtaining low achievement 

outcomes.   

Another explanation of these differences among African-American and White students may be 

the existence of an internally stratified school system that limits the opportunities that African-Americans 

and students from other ethnic minorities such as Hispanics can access (Muller, Riegle-Crumb, Schiller, 

Wilkinson & Frank, 2010). Students from these ethnic groups are significantly underrepresented in 

intermediate and advanced courses of core subjects (i.e., mathematics) in early high school, and they 

continue to be until graduation. This is likely to hinder their subsequent achievement as they advance 

through school, since placement in low-achieving courses was related to lower GPAs, lower engagement 

with school, and lower rates of college enrollment (Muller et al., 2010).  

Sbrocco (2009) presented some contrary results in terms of ethnic differences. He studied a 

sample of eight-graders from one school district in the U.S., and found positive significant relationships 

between behavioral engagement and different measures of academic achievement (scores in the 

Computerized Achievement Level Test, the Minnesota Comprehensive Assessment II, and GPA) in core  
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subjects such as science, math, reading, social studies, and language arts for both White and African-

American students. As stated by Dogan (2015) and Multon et al. (1991), older students are able to make 

more accurate judgements about what they feel engaged with. Thus, the dynamics of the association 

engagement and achievement may become clearer with age. This could explain why the differences 

between White and African-American students were significant among tenth and twelfth-graders (Sciarra 

& Seirup, 2008; Shernoff & Schmidt, 2008), but not among eighth-graders (Sbrocco, 2008).  

It is also possible that the association between engagement and academic achievement across 

ethnic groups varies depending on how engagement is defined and measured. Shernoff and Schmidt 

(2008) explained that, in their study, emotional indicators of engagement accounted for most of the ethnic 

differences in terms of achievement. However, their definition of engagement as “the simultaneous 

perception of concentration, interest, and enjoyment” (p. 566) does not give much clarity as to which 

specific indicators were considered for behavioral, cognitive or emotional dimensions of engagement. 

With such a general measure, it is not easy to determine what dimensions of engagement are really 

contributing to the variations of achievement across ethnic groups.  

Stevens et al. (2004) evaluated the relationships among personal qualities (self-efficacy and 

motivational orientation) and variables related to achievement in math (performance and the intentions to 

take additional math courses in the future) across 417 ninth and tenth-graders from a public high school in 

west Texas. Ability, prior math achievement, and self-efficacy explained 29% of the variance in math 

performance among Hispanic students, and 50% among White students. Hispanic students reported that 

their difficulties in math achievement existed prior to the study, which explains why they showed 

significantly less self-efficacy about solving math problems than White students (Stevens et al., 2004).  

Scholars like Pajares and Miller (1995) and Sontam and Gabriel (2002) highlighted the 

importance of expanding the research on self-efficacy, engagement, and achievement to multicultural 

settings outside the U.S., in order to account for ethnic and cultural variations. Bassi et al. (2007) 

analyzed data from 130 Italian high school students as part of a longitudinal research with multiple 
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cohorts. The results resembled those obtained among American students. Self-efficacy was positively 

correlated with better teachers’ evaluations and grades, and more perceived efficacy about completing 

academic activities during their first, second, and third year of high school. Students with high self-

efficacy were also more engaged. They invested significantly more time on their homework and 

perceived school work as a positive experience because they considered themselves equipped with the 

skills necessary to be successful in challenging academic situations (i.e., exams and class work). On the 

contrary, low self-efficacy students mostly associated class work with anxiety, and perceived 

examinations as exceeding personal skills (Bassi et al., 2007).  

The literature offers some clarity on how the associations between engagement and achievement 

differ across ethnic groups. However, there are still limitations that raise further questions. For instance, 

most studies consider students from different ethnicities, but focus on the gap between White and 

African-American students. While this is definitely important, there is a need to generate further research 

that approaches the differences across students from other ethnic groups (i.e., Hispanics, Asians). There is 

also a need for more research on gender differences in the relationship between engagement and 

achievement at the middle school and high school levels. Finally, very few studies address possible 

gender and ethnic differences in the association between self-efficacy and achievement (Stevens et al., 

2004), which points out a need for further research.  

Student Behavioral Engagement, Self-efficacy in Mathematics, and Future Career Choice 

Results among College Students 

Gasiewski, Eagan, Garcia, Hurtado and Chang (2011) collected quantitative and qualitative data 

from 2,873 students across 15 community colleges in the U.S. and found that more engaged students 

usually participated more in class discussions, interacted more with professors after class, sought help, 

collaborated with peers, used all available resources, and developed stronger study skills. All this together 

increased their chances of obtaining positive academic outcomes in the course, and finally to complete 

their degrees. Moreover, enhancing aspects such as students’ preparation in high school, does not 
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necessarily improve STEM degree completion, unless engagement is addressed as well (Gasiewski et al., 

2011).  

The research on vocational interests in math and STEM related fields among college students 

focuses more on self-efficacy than engagement (Branch & Lichtenberg, 1987; Hackett & Betz, 1982; 

Gillespie & Hillman, 1993; Lent, Brown & Larkin, 1986; Lent, Paixão, Da Silva & Leitão, 2010; Tang, 

Pan & Newmeyer, 2008; Wang, 2012). Hackett and Betz (1982) reported that self-efficacy was a more 

important predictor than math scores for variables such as students’ vocational interests, perceived career 

options, and choice of science-based college majors (Lent, Brown & Larkin, 1986). However, Lent et al 

(1986) argued that self-efficacy alone was insufficient to explain the totality of students’ career-related 

behavior. They suggested considering other factors, such as student engagement, that might account for 

additional variance in performance and career choice.    

Results among K-12 Students 

Some studies in K-12 reported strong positive correlations between engagement and interest in 

pursuing math and STEM careers in the future (Franz-Odendaal, Blotnicky, French & Joy, 2016; 

Gasiewski, Eagan, Garcia, Hurtado & Chang, 2011; Perez-Felkner, McDonald, Schneider & Grogan, 

2012; Rowan-Kenyon, Swan & Creager, 2012). Rowan-Kenyon, Swan, and Creager (2012) conducted 

focus groups in the U.S. with 67 students enrolled in fifth, seventh, and ninth grades, three parents, and 

eight teachers. They concluded that early experiences of engagement and perceived support in math were 

early filters for future STEM vocational interests. Perez-Felkner et al. (2012) reported a significant and 

positive correlation among emotional (becoming absorbed in math) and cognitive engagement (studying 

even if the material is difficult) and majoring in the fields of physics, engineering, mathematics, or 

computer science. Thus, engagement seems to be one of the key factors for students to consider when 

making life-changing decisions as what career to pursue.  

According to Gillespie and Hillman (1993), Perez-Felkner, Nix and Thomas (2017) and Wang 

(2012), self-efficacy is another key predictor of major and career choices. Wang (2012) analyzed data of 

middle and high school students in the U.S. from the Education Longitudinal Study of 2002. Self-efficacy 
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in mathematics significantly predicted students’ intentions to pursue STEM careers, explaining 16% of 

the variance in career decidedness among 225 high school students. More recent studies have reported 

similar results supporting a positive strong association between self-efficacy in mathematics and future 

career choice (Perez-Felkner et al., 2017).  

The results in the U.S. resemble findings obtained in other countries. Franz-Odendaal, Blotnicky, 

French, and Joy (2016) indicated that engagement in highly interactive STEM activities (i.e., special 

science programs, science fairs or competitions, and science camps) and teacher influence were the most 

important educational predictors of career plans among 568 middle school students in three Canadian 

provinces. Lent, Paixão, Da Silva and Leitão (2010) also found self-efficacy to be a powerful predictor of 

students’ vocational interests and occupational choices, and a moderator among these two variables and 

other factors such as learning experiences, and environmental support and barriers among 600 Portuguese 

high school students. 

Ethnic and Gender Differences 

Several studies support significant gender differences in terms of self-efficacy and career choice 

(Gillespie & Hillamn, 1993; Perez-Felkner et al., 2017; Sha, 2012; Tang, Pan & Newmeyer, 2008; 

Unfried, Faber & Wiebe, 2014). At the high school and college levels males tend to judge themselves as 

equally capable for both “traditionally male” 1and “traditionally female” 2occupations3, while women 

mostly consider themselves as capable for traditionally female occupations (Branch & Lichtenberg, 

1987). Similarly, high school males usually report higher self-efficacy beliefs in math than females 

(Perez-Felkner et al., 2012). More high school males intend to pursue college majors related to physics, 

                                                 
1 Air force officer, farmer, minister, agribusiness manager, dentist, forester, banker, engineer, architect, geographer, 
physicist, police officer, chamber of commerce executive, chiropractor, IRS agent, investment fund manager, 
optometrist, accountant, mathematician, lawyer, physician.  
2 Licensed nurse, registered nurse, beautician, dental assistant, executive housekeeper, flight attendant, secretary, 
dietician, librarian, dental hygienist, elementary education teacher, interior decorator, home economist, special 
education teacher, English teacher, art teacher, speech pathologist, social worker, nursing home administrator. 
 



30 

engineering, and data, while more females intend to pursue majors related to non-science fields (Sha, 

2012; Tang et al., 2008).  

There also seems to be significant gender differences within the math and science-related fields. 

Unfried et al., (2014) studied a sample of upper elementary and middle school students in the U.S. 

Among those students interested in pursuing STEM careers, males had higher interest in engineering and 

other core STEM careers than females, while females showed higher interest than males in pursuing 

biological and medical science careers. Perez-Felkner et al. (2012) obtained similar results among tenth 

grade students. Females were more likely to major in biological, social, behavioral and health sciences, 

while males were more likely to major in engineering, math and computer science.  

Perez-Felkner et al. (2017) stated that these differences do not relate to actual ability levels, but 

self-perceived ability. They reported significant gender differences in self-perceived mathematics ability 

among tenth and twelfth graders. The biggest difference was observed in tenth grade, when males rated 

their own math ability 27% higher than females did, even when the ability level was the same for both 

males and females. Consequently, males were 3.6 times more likely than females to major in physics, 

engineering, mathematics and computer science, but only three quarters as likely as females to major in 

health fields. Lindberg, Hyde, Petersen and Linn (2010) explained that math and science are usually 

considered as “male domains”, which stimulates stereotypes regarding the inferiority of females in these 

fields. These stereotypes usually held by “significant others”, such as parents, peers, and even teachers, 

can be key sources of self-efficacy beliefs in different subjects/domains (Bandura, 1986; Lindberg et al., 

2010). This is relevant because, as discussed earlier, self-efficacy in math is a strong predictor of career 

choice (Gillespie & Hillman, 1993; Perez-Felkner et al., 2017; Wang, 2012).  

However, there seems to be no significant gender differences in the relationship between self-

efficacy in mathematics and future career choice. Perez-Felkner et al. (2017) indicated that math self-

perceived ability in tenth and twelfth grade significantly and positively predicted males and females’ 

chances of entering physics, engineering, mathematics or computer science fields. Similarly, Wang 
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(2012) reported self-efficacy as a significant predictor of intentions to pursue STEM careers across 

different gender, ethnic, and SES groups. It seems that, at the middle school and high school levels, both 

males and females need strong self-efficacy to actually decide to pursue non-traditional occupations 

(Tang, Pan & Newmeyer, 2008). 

On the other hand, the ethnic gap in STEM fields in the U.S. is also well documented. In 2011, 

Asian and White Non-Hispanic populations held approximately 15% and 71% of STEM jobs, 

respectively. On the contrary, American-Indians, African-Americans, Hispanics, and those from any other 

race were significantly underrepresented, holding approximately 14% of STEM jobs in the country (U.S. 

Department of Commerce, 2013). The literature on the importance of role models offers an interesting 

framework to analyze these racial differences in occupation choices. Role models play an important role 

in identity construction (Sealy & Singh, 2009), and may be thought as lighthouses that “offer a steady 

point of reference as we travel through complicated waters” (Goodman & Damour, 2011, p. 2). Since 

individuals tend to identify themselves with others who are similar to them (Bandura, 1986), it is possible 

that Asian and White students have significantly more role models they can identify with as scientists, 

engineers, physicists, computer scientists, etc. than African-American and Hispanic students.  

However, most studies do not report significant ethnic differences in the relationship between 

self-efficacy and future career choice (Branch & Lichtenberg, 1987; Franz-Odendaal, Blotnicky, French 

& Joy, 2016; Gasiewski, Eagan, Garcia, Hurtado & Chang, 2011; Hackett & Bentz, 1982; Lent, Brown & 

Larkin, 1986; Lent, Paixão, Da Silva & Leitão, 2010; Gillespie & Hillman, 1993; Sha, 2012; Rowan-

Kenyon, Swan & Creager, 2012; Tang, Pan & Newmeyer, 2008). Sha (2012) did not find significant 

differences in self-efficacy, expectancy for success, achievement in physics, intended college major, and 

planned career choice among Asian and non-Asian high school students. In this regard, Fouad and Byars-

Winston (2005) stated that students’ individual characteristics interplay with how their racial groups are 

portrayed in society. They suggested that in order to understand students’ vocational interests, researchers 

should take into consideration how students’ cultural values interact with their surrounding environments. 
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Thus, considering just the construct of students’ race may not be enough to account for the differences in 

career choices among different ethnic groups. It is also necessary to focus on how aspects such as parental 

education and gendered beliefs, family relationships, and other variables related to the students’ 

microsystem connect to their likelihood to choose one career or another (Fouad & Bryars-Winston, 2005).  

Summary of Literature Review 

The literature suggests reciprocal relationships among student engagement, self-efficacy beliefs 

and academic achievement (Akey, 2006; Linnenbrink & Pintrich, 2003). Multiple studies have 

consistently reported positive associations among behavioral engagement, self-efficacy and different 

indicators of achievement (Bassi et al., 2007; Klem & Connell, 2004; Lee, 2014; Pajares & Graham, 

1999; Park, 2005; Robinson & Mueller, 2014; Stevens et al., 2004). On the contrary, findings on the 

relationships between cognitive and emotional engagement and achievement have been less consistent 

(Klem & Connell, 2008; Videen, 2009). It is possible that most measures of engagement include sense of 

belonging as the only indicator of emotional engagement, and do not consider other key indicators such as 

perceived utility of academic subjects, which seems to be significantly related to achievement (Finn, 

1993). Moreover, behavioral indicators of engagement may be much easier to identify than emotional and 

cognitive indicators. Thus, measures of emotional and cognitive engagement may not be accurate enough 

to reflect the real dynamics between these two dimensions and academic achievement.  

The relationships among behavioral, cognitive and emotional engagement and achievement seem 

to vary across ethnic groups (Sciarra & Seirup, 2008; Shernoff & Schmidt, 2008). Cultural values, 

context-related factors and the broad nature of some measures of engagement might contribute to these 

differences (Pajares, 1996; Schernoff & Schmidt, 2008). In terms of gender, females tend to show higher 

engagement in academic subjects than males, investing more effort and time on their coursework, and 

obtaining higher GPAs (Sontam & Gabriel, 2012; Yin & Wang, 2016). Most studies on ethnic differences 

focus on African-American and White students (Shernoff & Schmidt, 2008; Sbrocco, 2009; Sciarra & 

Seirup, 2008), while other ethnic groups receive significantly less attention. Similarly, very few studies 
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explore gender differences at the K-12 level. This thesis also takes into consideration students from other 

ethnic groups such Asian and Hispanic. Moreover, the racial/ethnic and gender differences are studied 

among K-12 students.   

Some studies have suggested a significant association between self-efficacy and engagement, 

which tends to weaken the relationship between engagement and achievement when self-efficacy is 

considered in the model (Akey, 2006; Brennan, 2015; Linnenbrink & Pintrich, 2013).However, not many 

studies address this issue, and the few that do either have limited external validity due to the 

characteristics of their samples (Akey, 2006; Brennan, 2015), or they approach the issue from a more 

theoretical perspective (Linnenbrick & Pintrich, 2013). In this thesis research the association between 

engagement and self-efficacy is tested in a nationally representative sample, which enhances the external 

validity of the results and allows generalizing findings to a broader populations of students.  

Student engagement and self-efficacy are also two of the most important predictors of future 

major and career choices across different ethnic and gender groups (Franz-Odendaal, Blotnicky, French & 

Joy, 2016; Gasiewski, Eagan, Garcia, Hurtado & Chang, 2011; Hackett & Betz, 1982; Lent, Brown & 

Larkin, 1986; Perez-Felkner et al, 2017; Rowan-Kenyon, Swan & Creager, 2012). At the middle and high 

school levels males tend to report higher self-efficacy beliefs in mathematics than females (Branch & 

Lichtenberg, 1987), which relates to more males intending to pursue science and math-related majors and 

careers compared to females (Perez-Felkner et al., 2012; Sha, 2012; Tang et al., 2008; Unfried et al., 

2014). Similarly, Asian and White populations are overrepresented in STEM majors and career paths, 

while American-Indians, African-Americans, Hispanics and those from other races are significantly 

underrepresented (U.S. Department of Commerce, 2013).  

Finally, most of the research on engagement, self-efficacy, achievement and career choices 

focuses on higher education environments (Bolkan, 2015; Dixson, 2010; Estepp & Roberts, 2013; Estepp 

& Roberts, 2015; Gibson, 2011; Gunuc, 2014; Karini, Kuh & Klain, 2004; Lane & Harris, 2015; Leach & 

Zepke, 2011; Leach & Butler, 2014; Trowler, 2013; Yin & Wang, 2016; Zhao & Kuh, 2004), while K-12 
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settings have been significantly less addressed (Dogan, 2015; Multon, Brown & Lent, 1991). The sample 

used for the analyses in this study corresponds to ninth grade students. Thus, the findings are a significant 

contribution to the literature on the relationships among the variables in K-12 environments.  

This study addresses the following questions: 

Research Question 1 

What is the nature and direction of the relationships among behavioral engagement, self-efficacy 

in mathematics, academic achievement in math, and intentions to pursue math, science and technology 

careers in the future, among middle school students in the U.S.?  

Hypothesis 1. Students with high behavioral engagement will be more likely to have high GPAs 

in mathematics, and choose math, science and technology careers than students with low behavioral 

engagement. 

Hypothesis 2. Students with high self-efficacy beliefs in mathematics will be more likely to have 

high GPAs in math and choose math, science and technology careers than those with low self-efficacy in 

math. 

Research Question 2 

How do the relationships among students’ behavioral engagement, self-efficacy in mathematics 

and academic achievement vary across different race/ethnic groups? 

Hypothesis 3. Behavioral engagement will be a significant predictor of GPA in math for both 

overrepresented and underrepresented racial/ethnic groups. However, even if their behavioral engagement 

is low, students from overrepresented groups will be more likely to have high GPAs in math as compared 

to students from underrepresented groups.  

Hypothesis 4. Self-efficacy in mathematics will be a significant predictor of GPA in math for 

both overrepresented and underrepresented racial/ethnic groups. However, students from overrepresented 

groups will be more likely to have high self-efficacy and GPAs in math as compared to students from 

underrepresented groups. 
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Research Question 3. 

How do the relationship between students’ behavioral engagement, self-efficacy beliefs in mathematics 

and academic achievement vary by students’ gender?   

Hypothesis 5. Behavioral engagement will be a significant predictor of students’ GPA in 

mathematics for both males and females, but females will be more likely to have high behavioral 

engagement and GPAs in math than males.  

Hypothesis 6. Males will be more likely to have high self-efficacy in mathematics than females, 

but females will be more likely to have high GPAs in math than males.  
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CHAPTER 3 

 

METHODOLOGY 

 
The High School Longitudinal Study 2009-2013 (HSLS: 09) 

 

The High School Longitudinal Study (HSLS:09) (Institute of Education Sciences, 2011) was 

conducted in the United States by the National Center for Education Statistics (NCES) of the Institute of 

Education Sciences (IES). Data were first collected in the fall of 2009 (Base year), spring of 2012 and 

summer of 2013. The main purpose of HSLS:09 was to monitor and understand students’ plans and 

trajectories from high school to postsecondary education, with a special emphasis on career paths related 

to science, technology, engineering, and mathematics (STEM) (IES, 2011).  

Participants  

This study included data from 23,450 ninth grade students enrolled in both public and private 

schools in the U.S. in 2009. The sample is nationally representative, and it is also representative of ten 

states. A total of 11,626 students were females (49.6%) and 11,824 were males (50.4%). In terms of 

race/ethnicity, 22.3% of the students identified themselves as members of underrepresented racial groups 

in math and science-related fields (Hispanics and African-American non-Hispanics), and 77.7% identified 

themselves as members of groups with considerable representation in math and science fields (White non-

Hispanic and Asian non-Hispanic). Approximately 21.9% of the students in the sample identified 

themselves as Hispanics. Approximately 8.5% of students had at least one parent with less than a high 

school degree, 35.1% had a parent with a high school degree or General Education Diploma (GED), 

29.6% had a parent with either an associate’s or bachelor’s degree, and 8.1% of the students had a at least 

one parent who earned either a specialist’s, master’s or PhD degree.  

In terms of parental occupation, 11% of the ninth-graders had at least one parent with math, 

science and technology occupations (computers and mathematics, architecture and engineering; life, 

physical and social sciences, and healthcare and technical), 54.8% had a parent with another white-collar 
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occupations (management; business and finances, community and social services; legal; education, 

training and library; arts, design, entertainment, sports and media; sales; and other office and 

administrative occupations), and 34.2% had at least one parent with predominantly blue-collar 

occupations (healthcare support, protective services, food preparation and serving, personal care and 

service; farming, fishing and forestry; construction and extraction, installation, maintenance and repair, 

production, transportation and material moving, military, building and grounds cleaning) (IES, 2011).  

Approximately 39.8% of the students were classified in a low socio economic status, 19.9% were 

classified in a medium SES, and approximately 40.3% were classified in a high socio economic status. 

The students’ socio economic status (SES) composite for 2009 in HSLS: 09 was created using inputs such 

as parents’ education, parents’ occupation, and total family income in 2008 (IES, 2011).  

Sample Design 

 
The target population of HSLS: 09 included schools providing instruction in ninth and eleventh 

grade, and all ninth-grade students enrolled in eligible public (regular and charter) and private schools in 

all the 50 states and the District of Columbia during the fall of 2009. The HSLS: 09 base-year school and 

student data are nationally representative. They are also state representative for the states of California, 

Florida, Georgia, Michigan, North Carolina, Ohio, Pennsylvania, Tennessee, Texas, and Washington. 

(IES, 2015). 

First-Stage Sample Design and School Sample Size. Schools were selected by stratified 

random sampling. Forty-eight mutually exclusive strata were created by cross-classification among three 

variables: School type/sector (public, private-Catholic, private-other), Region of the US (Northeast, 

Midwest, South, West), and Locale (city, suburban, town, rural).  

Potentially participating schools were drawn from NCES files, and this frame was ordered before 

sample selection to guarantee representation across the country and sizes of schools. Schools considered 

ineligible met one of these criteria: Bureau of Indian Affairs schools, special education schools, technical 

schools, Department of Defense schools outside of the US, schools without ninth and eleventh grade, 
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schools that were not operating during the fall 2009, correction/detention schools, ungraded schools, 

home-schooled students, and schools that do not require daily attendance from students. 

Once the initial sample was collected, NCES augmented the sample size of 10 states, so that their 

samples would also become state-representative. In order to be considered for augmented samples, states 

had to have an in-state longitudinal recordkeeping system; demonstrate willingness to work with NCES, 

NSF, and the RTI (Research Triangle Institute); demonstrate ability to combine HSLS: 09 with state 

administrative data; provide explicit guidelines on how to deal with confidentiality issues; and have 

enough public schools eligible for the study, with limited or no oversampling (IES, 2011, p. 40).  

At the end of this first stage, 1,973 schools were sampled for the base-year study, 1,889 were 

classified as eligible, and 944 actually participated in the study, corresponding to an overall response rate 

of 50.0% (unweighted) and 55.5% (weighted) (see Appendix B1).   

Second-Stage Sample Design and Student Sample Size. Student participants were randomly 

selected from the lists provided by a school coordinator located at each facility. These lists contained 

information regarding students’ name, ID number, gender, date of birth, race/ethnicity, and participation 

in an Individualized Education Program (IEP) (IES, 2011). For those lists that included strata equivalent 

to four categories of race/ethnicity (Hispanic, Asian, African-American, and Other), a stratified 

systematic random sample was drawn. Sampling rates for Asian students were inflated in order to 

guarantee a large enough sample size for the study.  

A total of 26,305 students were selected from the 944 schools, including approximately 26 

students per private school and 28 per public school (see Appendix B2). Ineligible students were all those 

initially included in the enrollment lists but who transferred to another school or dropped out before data 

collection. Foreign exchange students were not considered in the sample.  

Depending on school/district regulations, schools chose to request explicit or implicit parental 

consent. Explicit consent required a signed form authorizing the student’s participation in the study. In the 

case of implicit consent, the form was only returned if parents did not authorize students to participate. 

All consent forms were two-sided, written in English, Spanish or any other language if required by the 
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school district. A total of 3,534 students provided explicit parental consent to participate, and 17,910 

provided implicit parental consent.    

A total of 1,099 students (less than 5%) were classified as ineligible, and 548 of the eligible 

students (2.2%) were classified as questionnaire-incapable due to physical limitations, cognitive 

disabilities, or limited English proficiency. Finally, 21,444 students (eligible and questionnaire-capable) 

completed the base-year questionnaire, which corresponds to a response rate of 85.1% (unweighted), and 

85.7% (weighted). For this study, I only considered data from the base year (2009) because most research 

on the relationships among engagement, self-efficacy, achievement and career choice focuses on higher 

education, while there are significantly fewer studies on middle school and high school settings. Ninth 

grade may be a good time to identify early patterns in the relationships among the variables, which could 

help develop strategies to help students obtain better academic outcomes and make more accurate career 

decisions from early educational stages.  

  After applying the corresponding weight (W3W1STUTR) to make the data nationally 

representative, the sample size was approximately four million students. This would have been 

problematic for the analyses, since all the estimates based on such a large sample size would have been 

statistically significant, introducing important bias to the results. In order to obtain a sample size that was 

smaller than four million but still representative of the ninth grade cohort in the U.S. in 2009, the weight 

was rescaled by the factor it was originally inflated (about 177). After rescaling the weight, the final 

sample size of the study were 23,450 ninth grade students. The data were reweighted in order to reflect 

the original sample size and the representative proportions of the population (see page 41 for more details 

about the weight rescaling).  

Measures and Administration Procedures 

Students, parents, teachers, school administrators, and school counselors completed 

questionnaires for HSLS: 09. The analyses in this study are based on information retrieved from the 

students’ questionnaire and students’ academic transcripts (students’ cumulative math GPA). For further 
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information on the mathematics assessment of algebraic reasoning, as well as the parents, 

administrators and counselors questionnaires, see IES (2011).  

Student Questionnaire 

The student questionnaire was self-administered by computer during school sessions. 

When students were not available during school time, a telephone survey was conducted instead. 

The questionnaire contained seven different substantive sections. In this study, I considered 

information regarding students’ demographics (i.e., ethnicity/race, gender, birth date, 

native/primary language) (Section A); self-efficacy, identity and experiences in mathematics 

(Section C); home and school experiences (Section E); and expectations and plans after high 

school, college plans, and expected occupation at the age of 30 (Section G).  

Students were randomly assigned to two different groups, each of which completed the 

sections in a different order. Since participants had the option to skip and go back to any question, 

students’ questionnaires were considered complete only if the respondents reached the end of 

Section C, and responded to a significant amount of items (normally 15 or more).  

Survey administrators gave each student an index card with a unique user ID and 

password to access the questionnaire and the math assessment. Before starting, the administrator 

read the instructions to the students and informed them that participation was voluntary. Once 

participants had started the survey, the administrator could not answer any kind of mathematical 

questions or other questions directly related with the content of the questionnaire, but could 

provide guidance on technical navigation issues. Students had 35 minutes to complete the survey, 

and then they took the math assessment. After completing the session, students received a “goody 

bag” as an appreciation for their participation.  

Students’ Grade Transcripts 

In 2013, schools were asked to submit “basic enrollment testing, and course taking 

information for each student, as well as information about school’s grading and graduation 

policies/requirements” (IES, 2015, p. 54). A total of 21,928 of 23,415 transcripts were received, 
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which represents an 87.7% (weighted) and 87.1% (unweighted) response. For this study, students’ 

cumulative math GPAs at the moment of graduation (2012) were obtained from the transcripts as an 

indicator of academic achievement in mathematics. Since the transcripts were collected during the first 

follow-up of HSLS:09, the math GPA does not correspond to the students’ GPA in ninth grade only, but 

to the cumulative GPA in mathematics during middle school and high school.  

Analytic Weights 

HSLS:09 offers one school-level weight and four student-level weights for the base year data, as 

well as five weights for students’ transcript data (for more detailed information, refer to U.S. Department 

of Education, NCES, 2011). The analyses in this study were conducted using the weight W3W1STUTR, 

which is appropriate for analyses that include base year student data combined with high school 

transcripts data, and no data related to the first follow-up. This weight accounts for base-year school non-

response, high school transcript non-response and student non-response in either the base year or the 2013 

update. The estimates produced using this weight are representative of the HSLS: 09 ninth grade cohort.   

In this study, the weight W3W1STUTR was rescaled by a factor of 177, resulting from dividing 

the total weighted sample size by the total unweighted sample size. This corresponds to the factor used to 

inflate the sample size by using the weight. By rescaling the W3W1STUTR weight, I preserved the 

original sample size and, at the same time, restored the probability proportionate to size.  
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CHAPTER 4 
 

DATA ANALYSIS AND RESULTS 

This analysis starts by describing some relevant characteristics of the participants in the study, 

such as demographics (gender, race/ethnicity, and socio economic status), parental education, and 

parental occupation. After this, I describe in detail the construction and univariate frequencies of the 

variables of interest: students’ behavioral engagement, self-efficacy in mathematics, gender, 

race/ethnicity, GPA in mathematics, and future career choices. This is followed by an explanation of why 

students’ GPA in mathematics and future career choice were selected as the outcome variables for the 

study as well as why Log Linear Model Selection and Multinomial Logistic Regression were selected as 

the statistical procedures to analyze the data. Finally, the results of the Model Selection analysis and the 

Multinomial Logistic Regression are used to explain how the predictors relate to the outcome variables. 

The results of the Multinomial Logistic Regression are presented and discussed by the research questions 

and hypotheses of the study.  

Description of Participants 

This study included data from 23,450 ninth grade students enrolled in both public and private 

schools in the U.S. in 2009. The sample is nationally representative and representative of ten states. A 

total of 11,626 students were females (49.6%) and 11,824 were males (50.4%). Students’ races/ethnicities 

were originally coded separately in HSLS: 09. Based on this initial classification, 0.6% of the students 

were American-Indians, 3.5% were Asians, non-Hispanics, 13.6% were African-American, non-

Hispanics, 1.6% were Hispanics (no race specified), 20.3% were Hispanics (race specified), 0.5% were 

Pacific-Islanders, non-Hispanics, 52.0% were Whites, non-Hispanic, and 7.9% indicated more than one 

race (IES, 2011). The race/ethnicity composite was recoded for this study, splitting students into two 

groups based on the racial/ethnic representation in math, science and technology careers: Overrepresented 

racial/ethnic groups (77.7%), and underrepresented racial/ethnic group (22.3%).  The detailed procedures 

to construct the recoded race/ethnicity composite are explained in the following section of the chapter).   
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 A mentioned in chapter three, most students had at least one parent with a high school or GED 

degree (35.1%), and fewer students had a parent with either an associate’s or bachelor’s degree, or any 

kind of graduate degree (8.1%) (IES, 2011). Approximately 39.8% of the students were classified in a low 

SES, 19.9% were classified in a medium SES, and 40.3% were classified in a high SES (IES, 2011).  

In terms of parental occupation, the majority of students had at least one parent with other white-

collar occupations (54.8%) and predominantly blue-collar occupations (34.2%), while fewer of them had 

at least a parent with math or science-related occupations (11%).  

Variables Construction and Description  

Students’ Behavioral Engagement 

The scale of school engagement in HSLS: 09 was renamed students’ behavioral engagement for 

this study. The inputs for the scale of school engagement were how often the ninth-grader went to class 

without their homework done, without pencil or paper, without books, and how often they went to class 

late. Since completing homework, attending classes and bringing necessary materials to class are all 

behavioral indicators of engagement, this scale was treated as a measure of the behavioral dimension of 

engagement rather than a general measure of the construct for this study. Only students who provided all 

the answers received a scale value. Higher scores in the scale of school engagement indicate higher 

behavioral engagement.  

The original scale of school engagement in HSLS: 09 was created from four items4, using 

principal components factor analysis. It has a reliability (α) of 0.65 and the values range from -3.38 to 

1.39. In this study, the values of the scale were recoded into quartiles in order to have a norm-referenced 

measure of students’ levels of behavioral engagement. Students with the lowest behavioral engagement 

were located in the first quartile, and students with the highest behavioral engagement were located in the 

fourth quartile. The second quartile contains students with low (but not the lowest) behavioral 

engagement, and the third quartile contains students with moderate behavioral engagement.   

                                                 
4 The univariate frequencies of the four input variables used to create the original scale of school engagement in 
HSLS: 09 are presented in the Appendix D of this document.  



44 

Table 4.1 shows the frequencies for the composite of students’ behavioral engagement. The 

frequencies are based on the weighted total sample size.  

Table 4.1  

Frequencies of Students’ Behavioral Engagement 

 Frequency Percent Valid Percent 

Valid 1st Quartile (lowest) 5947 25.4 26.0 

2nd Quartile (low) 5514 23.5 24.1 

3rd Quartile (moderate) 5976 25.5 26.1 

4th Quartile (highest) 5438 23.2 23.8 

Total 22874 97.5 100.0 

Missing Missing 576 2.5  

Total 23450 100.0  

 

Students’ Self-efficacy in Mathematics 

The original scale of students’ self-efficacy in mathematics in HSLS: 09 was created from four 

items5, using principal components factor analysis. These items focused on the ninth-grader’s confidence 

about doing an excellent job on the 2009 math test, their certainty of being able to understand the fall 

2009 math textbook, their certainty of being able to master the skills required for the fall 2009 math 

course, and their confidence about doing an excellent job on their fall 2009 math assignments. The 

original scale has a reliability (α) of 0.65 and the values range from -2.92 to 1.62.  

Whenever students said they were not taking a class math in fall 2009, the value of the scale was 

coded as -7 in HSLS: 09 (legitimate skip, considered as missing in this study) (12.2% of the sample). 

Only students who provided all the answers received a scale value. Higher scores in the scale indicate 

higher self-efficacy in mathematics. In this study, the values of the scale were recoded into quartiles in 

order to have a more clear classification of students’ self-efficacy beliefs. Students with the lowest self-

efficacy in math were located in the first quartile, while students with the highest self-efficacy in math 

                                                 
5 The univariate frequencies of the four input variables used to create the original scale of self-efficacy in 

mathematics in HSLS: 09 are presented in the Appendix D of this document. 
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were located in the fourth quartile. The second quartile contains students with low (but not the lowest) 

self-efficacy in math, and the third quartile contains students with moderate self-efficacy in math.   

Table 4.2 shows the frequencies for the composite of students’ self-efficacy beliefs in 

mathematics. The frequencies are based on the weighted total sample size.  

Table 4.2 

Frequencies of Students’ Self-efficacy in Mathematics  

 Frequency Percent Valid Percent 

Valid 1st Quartile (lowest) 4961 21.2 24.1 

2nd Quartile (low) 3817 16.3 18.5 

3rd Quartile (moderate) 6511 27.8 31.6 

4th Quartile (highest) 5332 22.7 25.9 

Total 20621 87.9 100.0 

Missing Missing 615 2.6  

 Not taking math class in fall 2009 2214 9.4  

 Total 2829 12.1  

Total 23450 100.0  

 

Students’ Academic Achievement in Mathematics 

 In this study, academic achievement in mathematics was measured as each student’s cumulative 

GPA in mathematics from 2009 to 2012 (ninth grade to graduation). Students’ GPAs were obtained from 

the academic transcripts and recoded into quartiles in order to have a norm-referenced measure of 

academic achievement. The first quartile represents the lowest-achieving group of students, while the 

fourth quartile represents the highest-achieving group of students.  

Table 4.3 shows the univariate frequencies for students’ cumulative GPA in mathematics. The 

frequencies are based on the weighted total sample size.  

Students’ Future Career Plans   

 Students’ future career plans indicate the jobs students expect to have when they turn 30. In the 

HSLS: 09 student questionnaire, students answered the question “As things stand now, what is the job or 

occupation that you expect or plan to have at the age of 30?” Since the complete list of job codes (6-digit 



46 

code version) is not available in the public use dataset, the available reduced version (2-digit code 

version) (IES, 2011) was used and recoded for the purposes of this study. In this reduced version, 

occupations with very low frequencies were set as uncodeable for the public use archive and, therefore, 

are not considered in the analyses and conclusions of this research.   

 The original 2-digit code version variable in HSLS: 09 contained twenty-four occupation 

categories (see Appendix K of IES, 2011 for the complete list of original occupation categories available 

in the 2-digit version, public use file of HSLS: 09). For this study, occupations from the original 2-digit 

code version were collapsed into three final categories, taking as a reference the occupations code list 

established by the U.S. Census Bureau (U.S. Department of Commerce, 2013, Table 1). The three 

occupation categories (and missing data) used in this study are described below: 

 Math, Science and Technology Occupations: computers and mathematics, architecture and 

engineering; life, physical and social science, and healthcare and technical occupations.  

 Other White-Collar 6Occupations: management, business and finances, community and social 

services, legal; education, training and library; arts, design, entertainment, sports, and media; and 

sales occupations.  

 All Predominantly blue-collar 7Occupations: healthcare support; protective service; food 

preparation and serving; personal care and service; farming, fishing, and forestry; construction 

and extraction; installation, maintenance and repair; production; transportation and material 

moving; and military.  

 Missing data (approximately 31% of the sample): Students who did not answer the question 

(1.8%), students who indicated they did not know what career to pursue (27.8%), and 

occupations that were set as uncodeable for the public use version of the data file (1.4%).  

                                                 
6 White-collar: occupations that imply working in an office or professional environment. Usually do not involve 

manual labor or excessive physical effort. 
7 Blue-collar: occupations that usually do not require professional instruction, and involve physical labor.  
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Table 4.4 shows the univariate frequencies for students’ career choice. The frequencies are based 

on the weighted total sample size.  

Table 4.3  

Univariate Frequencies for Students’ GPA in Mathematics 

 
 Frequency Percent Valid Percent 

Valid 
1st Quartile (lowest-achieving) 7226 30.8 31 

 
2nd Quartile (low) 4148 17.7 17.8 

3rd Quartile (medium) 7719 32.9 33.1 

4th Quartile (highest-achieving) 4223 18 18.1 

Total 23316 99.4 100 

Missing Missing 134 0.6  

Total 23450 100  

 

Table 4.4 

Univariate Frequencies of Students’ Future Career Choice  

 
 Frequency Percent Valid Percent 

Valid 
Math, Science & Technology Occupations 6023 25.7 37.2 

 
Other White-Collar Occupations 7051 30.1 43.6 

 
All Predominantly Blue-collar Occupations 3104 13.2 19.2 

Total 16178 69 100.0 

Missing Missing 420 1.8  

 Uncodeable 329 1.4  

 “I Don’t Know” 6523 27.8  

 Total 7272 31  

Total 23450 100.0  

 

Data from students who did not know what occupation to pursue in the future were used to create 

a dummy variable differentiating students who indicated an occupational choice (0) from those who did 

not know (1). Since this study focuses on ninth-graders, it is possible that a considerable proportion of 

students are not certain about their career choices yet. Exploring how the predictors in this study relate to 

students’ certainty or uncertainty in future career choice might be an interesting addition to the results. 
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Table 4.5 shows the univariate frequencies for the recoded “I don’t Know” dummy variable regarding 

future career choice. The frequencies are based on the weighted total sample size. 

Table 4.5 

Univariate Frequencies for the Recoded “I don’t know” Dummy Variable  

 Frequency Percent Valid Percent 

Valid Indicated an Occupational Choice 16507 70.4 71.7 

“I Don’t Know” 6523 27.8 28.3 

Total 23030 98.2 100 

Missing Missing 420 1.8  

Total 23450 100  

 

 An important limitation to be considered when interpreting the results of this study is the way 

occupations were originally coded in the public use version of HSLS: 09. Life, physical and social 

sciences were all coded in the same category. Thus, fields where females are majority such as biology, 

medicine and social sciences could not be separated from fields where males are overrepresented such as 

astronomy, chemistry and physics. Moreover, careers with a strong foundation of math such as physics 

and astronomy could not be separated from careers with less strong mathematical background such as 

biology, nursing, medicine and psychology. Life, physical and social sciences were coded as math, 

science and technology occupations for this study (see page 46).   

Students’ Race/Ethnicity Composite   

 In this study, students’ ethnicity was measured as a race/ethnicity-composite. The original 

variable in HSLS: 09 summarized six different dichotomous variables where students indicated if they 

considered themselves Hispanics, Whites, African-Americans, Asians, Native Hawaiian/Pacific Islanders, 

or American-Indians (most of these variables are not available in the public use data file of HSLS: 09). 

The univariate frequencies of the original race/ethnicity composite in HSLS: 09 are presented in Table 

4.6.  

For this study, the race/ethnicity composite in HSLS: 09 was recoded as a dummy variable, based 

on racial/ethnic groups’ overrepresentation or underrepresentation in math, science and technology fields. 
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A value of “0” was assigned to overrepresented racial/ethnic groups (White, non-Hispanic and Asian 

non-Hispanic), and a value of “1” was assigned to underrepresented racial/ethnic groups (Hispanic and 

African-American non-Hispanic). Pacific-Islanders were coded as Asians, based on the common 

classification proposed by the U.S. Census Bureau (U.S. Department of Commerce, 2012, 2013). 

American-Indians were not considered for the analyses due to the significantly low representation of this 

ethnic group in the sample, even after applying the analytic weight (only 146 students, 0.6% of the total 

sample). Students from more than one race were set as missing, since there is no available information in 

the public use data file about the race/ethnicity combinations for these students. Table 4.7 shows the 

univariate frequencies of the recoded students’ race/ethnicity composite. The frequencies are based on the 

weighted total sample size.  

Table 4.6 

Univariate Frequencies for the Original Students’ Race/Ethnicity Composite in HSLS: 09  

 Frequency Percent Valid Percent 

Valid 
American-Indian, non-Hispanic 

146 0.6 0.6 

Asian, non-Hispanic 
825 3.5 3.5 

African-American, non-Hispanic 
3188 13.6 13.6 

Hispanic, no race specified 
387 1.6 1.6 

 Hispanic, race specified 
4749 20.3 20.3 

 More than One Race, non-Hispanic 
1861 7.9 7.9 

 Pacific-Islander, non-Hispanic 
108 .5 .5 

 White, non-Hispanic 
12187 52.0 52.0 

 Total 
23450 100.0 100.0 

 

Table 4.7  

Univariate Frequencies of Recoded Students’ Race/Ethnicity Composite 

 Frequency Percent Valid Percent 

Valid Not underrepresented 17949 76.5 77.7 

Underrepresented 5137 21.9 22.3 

Total 23087 98.5 100.0 

Missing  363 1.5  

Total 23450 100.0  
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Students’ Gender 

Student’s gender was drawn from the base year student questionnaire, parents’ questionnaire, 

and/or the school roster. When information from the different sources was inconsistent, gender was coded 

in HSLS: 09 based on the student’s first name. Table 4.8 shows the univariate frequencies of students’ 

gender. The frequencies are based on the weighted total sample size.  

Table 4.8 

Univariate Frequencies of Students’ Gender  

 Frequency Percent Valid Percent 

Valid Female 11626 49.6 49.6 

Male 11824 50.4 50.4 

Total 23450 100.0 100.0 

 

GPA in Mathematics and Future Career Choice as Outcome Variables 

As discussed in chapters one and two, academic achievement in core subjects is one of the most 

important factors for predicting school dropout and graduation rates at different educational levels 

(Burrus & Roberts, 2012; Rumberger, 1995; Rumberger, 2004; Wood et al., 2017). Students’ math 

preparation and GPA are some of the first filters for even considering pursuing a broad variety of majors 

in college, especially those with strong foundations of math and science (Sadler et al., 2014; Sells, 1975; 

University of California, Davis, n.d.; Wang, 2012). Based on this theoretical background, this study 

addressed how students’ motivational experiences (behavioral engagement and math self-efficacy) predict 

students’ GPA in mathematics and future career choice at the middle school level. Since the study also 

looks at gender and racial differences in the relationships among engagement, self-efficacy in math, and 

academic achievement, gender and race/ethnicity were treated as predictors as well.  

The Log Linear Model Selection and Multinomial Logistic Regression 

Students’ career choice was coded in HSLS: 09 as a nominal variable with multiple categories 

indicating students’ preferred job at the age of 30. Similarly, GPA in mathematics was rounded in such 

ways that the variable could not be treated as continuous, since it only contained integers and 0.5s (the 
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original variable in HSLS: 09 included the following values: 0.25, 1.5, 2.0, 2.5, 3.0, 3.5, and 4.0). Due to 

these characteristics of the two outcome variables, the Log-linear Model Selection program and 

Multinomial Logistic Regression methods in IBM SPSS Statistics 23 were used to analyze the data.  

Log-linear models focus on the relationships among two or more categorical (as opposed to 

continuous) response variables, predicting how the size of a specific cell count varies depending on the 

categories of the variables in the model (Agresti, 2007). Log-linear models can be used with almost any 

kind of variables that are or can be transformed into categorical. The Model Selection program in SPSS 

allows testing the significance of all the possible parameters included in a Log-linear model. The Model 

Selection starts testing a “saturated model” that includes all possible parameters, and it reproduces the 

observed frequencies of each cell exactly, having a perfect fit to the data (Agresti, 2007). Then each of the 

highest-order terms are removed from the model, in order to see if the model still reproduces the observed 

table of cell frequencies. The purpose of the Model Selection is to identify a simpler model with fewer 

parameters that still has a good fit (Losh, 2017).  

Once the best-fitting model has been identified, Multinomial Logistic Regression can be used to 

describe how a set of variables predict an outcome (Agresti, 2007). Multinomial regression is an 

extension of the Binary Logistic Regression that allows for more than two categories in the outcome 

variable (Starkweather & Moske, 2011). The Beta (β) coefficients in Multinomial Regression indicate the 

difference or log-odds of the outcome to be in a comparison category compared to being in a reference 

category (Agresti, 2007; Losh, 2017). Moreover, SPSS only generates output for those predictors’ 

parameters that can be independently estimated. Thus, if a predictor has K number of categories, the 

output will only show K-1 beta (β) coefficients, and the β for the Kth category will be set to zero in the 

output (Losh, 2017).  

While the SPSS output generated for the Model Selection includes all possible parameters in the 

model, the only terms included in the Multinomial Regression output are those that contain the outcome 

variable, such as the “constant” term for the outcome variable, and the interactions between each 

predictor (or combination of predictors) and the outcome variable. All other terms that do not include the 
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outcome variable will be canceled through subtraction of the logged parameters on the predictor variables 

(Losh, 2017).   

Initially, variables such as students’ emotional engagement (perceived math utility and sense of 

belonging to school), and ability in math (scores in the Mathematics Assessment of Algebraic Reasoning 

in HSLS: 09) were considered to be included in this study as well. However, including these additional 

predictors would have rendered the model unworkable, since it would contain well over 1000 cells and 

several structural zeros. These “structural zeros” or “zero expected frequency cells” appear when some 

subpopulations of participants are not at risk of being in the category of interest (He, Tang, Wang & Crits-

Christoph, 2014). The problem with structural zeros is that one cannot divide by zero. Even when a value 

of 0.5 was added to each cell with a zero expected frequency, SPSS refused to converge for my model 

run, and could not generate any output for such models. In case the output was generated despite the large 

number of the structural zeros, the results could be highly misleading (He et al., 2014).  

For this study, two models were constructed. The first model examined how behavioral 

engagement, self-efficacy in math, gender, and race/ethnicity predicted students’ GPAs in math. The 

second model examined how the same predictors related to students’ future career choices. From a 

statistical perspective it would have been better to test one model with all the variables, but this was not 

possible due to the large number of structural zeros generated when all the variables were considered at 

once. Moreover, when all the variables were all included in the model at the same time, the number of 

valid cases in the study significantly decreased due to missing data in each of the variables. Splitting the 

variables in two different models allowed keeping as many students as possible in the sample.  

Log Linear Analysis-Model Selection Results  

Model Predicting Students’ GPA in Mathematics 

First, the Model Selection program was used to examine a saturated model including students’ 

race/ethnicity, gender, behavioral engagement, self-efficacy in math and math GPA. When the five-way 
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interaction among the variables was removed, the model had a significantly worse fit (𝐺28= 123.37, p < 

0.001), indicating that the interaction was statistically significant and must be included for the model to fit 

the data. Since the Model Selection is a hierarchical program, the best-fitting Log-linear model to predict 

GPA must include the five-way interaction and all lower-order terms embedded in it. Table 4.9 shows the 

non-linear and non-monotonic associations among the variables in this first model.  

Table 4.9 

Non-Linear and Non-Monotonic Associations for the Model Including Students’ GPA in Mathematics 

(Model Selection Program in SPSS) 

Effect df Partial 𝑮𝟐 p 

Race/ethnicity*Gender*Behavioral engagement*Math GPA9 9 44.80 <.001 

Race/ethnicity*Gender*Math self-efficacy*Math GPA 9 29.50 .001 

Race/ethnicity*Behavioral engagement*Math self-efficacy*Math GPA 27 185.09 <.001 

Gender*Behavioral engagement*Math self-efficacy*Math GPA 27 144.98 <.001 

Race/ethnicity*Gender*Math GPA 3 14.74 .002 

Race/ethnicity*Behavioral engagement*Math GPA 9 20.39 .016 

Gender*Behavioral engagement*Math GPA 9 39.07 <.001 

Race/ethnicity*Math self-efficacy*Math GPA 9 84.38 <.001 

Gender*Math self-efficacy*Math GPA 9 37.33 <.001 

Behavioral engagement*Math self-efficacy*Math GPA 27 95.17 <.001 

Race/ethnicity*Math GPA 3 940.11 <.001 

Gender*Math GPA 3 406.88 <.001 

Behavioral engagement*Math GPA 9 781.04 <.001 

Math self-efficacy*Math GPA 9 1815.67 <.001 

 

Model Predicting Students’ Future Career Choice 

Next, the Model Selection program was used to examine a second saturated model that included 

and tested all possible interactions among behavioral engagement, self-efficacy in mathematics, 

race/ethnicity, gender, and future career choice. The five-way interaction among the variables was also 

                                                 
8 𝑮𝟐 is a likelihood ratio statistic, a sample approximation to Chi-square. Called the Deviance statistic, since it 
indicates the overall difference between the model being examined and the saturated model. A 𝐺2 of zero indicates a 
perfect fit to the data (Losh, 2017).  
9 Only the parameters that include the outcome variable (Math GPA) are presented in the Model Selection output. 
The complete list of parameters is presented in Table D.1 in Appendix D. 
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statistically significant for this model (𝐺2= 85.04, p < 0.001). Thus, the best-fitting Log-linear model for 

future career choice also included the five-way interaction and all lower terms. Table 4.10 shows the non-

linear and non-monotonic associations among the variables in the second model. Only parameters that 

include the outcome variable (future career choice) will be included in the Multinomial Regression 

output.  

Table 4.10 

Non-linear and Non-monotonic Associations for the Model Including Students’ Future Career Choices 

(Model Selection Program in SPSS)  

Effect df Partial 𝑮𝟐  p 

Race/ethnicity*Gender*Behavioral engagement*Career choice10 6 22.963 .001 

Race/ethnicity*Gender*Math self-efficacy*Career choice  6 26.614 <.001 

Race/ethnicity*Behavioral engagement*Math self-efficacy*Career choice 18 158.147 <.001 

Gender*Behavioral engagement*Math self-efficacy*Career choice 18 43.559 .001 

Race/ethnicity*Gender* Career choice  2 40.142 <.001 

Race/ethnicity*Behavioral engagement*Career choice 6 30.900 <.001 

Gender*Behavioral engagement*Career choice 6 12.960 .044 

Race/ethnicity*Math self-efficacy*Career choice  6 63.077 <.001 

Gender*Math self-efficacy*Career choice 6 52.968 <.001 

Behavioral engagement*Math self-efficacy*Career choice 18 97.523 <.001 

Race/ethnicity*Career choice 2 8.328 .016 

Gender*Career choice 2 750.950 <.001 

Behavioral engagement*Career choice 6 104.820 <.001 

Math self-efficacy*Career choice 6 126.553 <.001 

 

Multinomial Logistic Regression Results  

The best-fitting Log-linear models for GPA in math [Race/ethnicity*Gender*Behavioral 

engagement*Self-efficacy in math*GPA in math] and future career choice 

[Race/ethnicity*Gender*Behavioral engagement*Self-efficacy in math*Future career choice] obtained 

from the Model Selection were used to conduct two separate Multinomial Logistic Regressions in SPSS. 

                                                 
10 Only the parameters that include the outcome variable (future career choice) are presented in the Model Selection 
output. The he complete list of parameters is presented in Table D.2 in Appendix D. 
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The model for math GPA had a pseudo 𝑅211 of 0.84, a Chi-square of 123.37 with 27 degrees of freedom 

(p < 0.001). The model for future career choices had a pseudo 𝑅2 of 0.73, a Chi-square of 85.04 with 18 

degrees of freedom (p < 0.001). Tables 9 and 10 show the beta coefficients, standard errors, Wald tests, 

degrees of freedom, and significance levels for each Log-linear model.  

For the model including GPA in math as the outcome variable, the highest-achieving group 

(fourth quartile) was selected as the reference category. The other three quartiles of GPA (comparison 

categories) were compared with the reference category. For the model including future career choice, 

math, science and technology careers were selected as the reference category. Other white-collar and 

predominantly blue-collar careers (comparison categories) were compared to the reference category. As 

explained before, the β coefficients indicate the increase or decrease in the log-odds of the outcome to be 

in the specific comparison category rather than in the reference category. The parameter estimates of the 

Multinomial Logistic Regression for each entire hierarchical model are presented in Appendix D, and are 

used to answer the research questions and hypotheses of this study. Tables 4.11 and 4.12 contain only the 

parameters different from zero and significant at the p < 0.05 level.  

Table 4.11 

Significant Parameter Estimates of the Multinomial Regression for the Model Including GPA as Outcome 

Variable  

Math 

GPA 

 β 
Std. 

Error 
Wald df p 

1st 

Quartile 
Intercept .22 .22 .97 1 .32 

 Race/ethnicity -2.77 .29 91.18 1 < .001 

 Sex  .93 .38 5.94 1 .01 

 Behavioral engagement (1st Quartile) 1.48 .42 12.45 1 < .001 

 Math self-efficacy (1st Quartile) 1.69 .45 14.02 1 < .001 

 Race/ethnicity* Behavioral engagement (2nd Quartile) 1.59 .59 7.13 1 .008 

 Race/ethnicity * Math Self-efficacy (1st Quartile) 1.16 .51 5.14 1 .02 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) 2.13 .43 23.82 1 < .001 

                                                 
11 The pseudo-𝑅2 was calculated by dividing the final Likelihood Ratio Chi-square of the best-fitting model by the 
Likelihood Ratio Chi-square of the intercept model.  
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Table 4.11 Continued 

Math 

GPA 

 
β 

Std. 

Error 
Wald df p 

 Race/ethnicity* Math Self-efficacy (3rd Quartile) 1.23 .39 10.08 1 .001 

 Sex* Behavioral engagement (2nd Quartile) 1.93 .73 6.89 1 .009 

 Sex* Behavioral engagement (3rd Quartile) -1.36 .60 5.11 1 .02 

 Behavioral engagement (2nd Quartile) * Math Self-

efficacy (2nd Quartile) 
3.41 .80 18.08 1 < .001 

 Behavioral engagement (2nd Quartile) * Math Self-

efficacy (3rd Quartile) 
3.04 .68 20.01 1 < .001 

 Race/ethnicity* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.87 .74 6.36 1 .01 

 Race/ethnicity* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (2nd Quartile) 
-3.21 .89 13.01 1 < .001 

 Race/ethnicity* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (3rd Quartile) 
-2.84 .77 13.51 1 < .001 

 Sex* Behavioral engagement (2nd Quartile) * Math 

Self-efficacy (2nd Quartile) 
-3.49 1.36 6.55 1 .01 

 Sex* Behavioral engagement (2nd Quartile) * Math 

Self-efficacy (3rd Quartile) 
-4.83 1.01 22.89 1 < .001 

 Sex* Behavioral engagement (3rd Quartile) * Math 

Self-efficacy (3rd Quartile) 
2.19 .99 4.85 1 .02 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) * Math Self-efficacy (3rd Quartile) 
3.83 1.10 12.02 1 .001 

2nd 

Quartile  
Intercept .03 .23 .01 1 .88 

 Race/ethnicity -2.09 .27 57.76 1 < .001 

 Behavioral engagement (1st Quartile) .86 .45 3.58 1 .05 

 Behavioral engagement (2nd Quartile) .85 .38 4.88 1 .02 

 Behavioral engagement (3rd Quartile) 1.22 .39 9.60 1 .002 

 Race/ethnicity* Math Self-efficacy (1st Quartile) 1.19 .54 4.73 1 .03 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) 1.86 .43 18.13 1 < .001 

 Race/ethnicity* Math Self-efficacy (3rd Quartile) 1.41 .40 12.20 1 < .001 

 Sex* Behavioral engagement (3rd Quartile) -1.41 .68 4.32 1 .03 

 Sex* Math Self-efficacy (3rd Quartile) 1.70 .72 5.59 1 .01 

 Behavioral engagement (3rd Quartile) * Math Self-

efficacy (2nd Quartile) 
-1.55 .63 6.07 1 .01 
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Table 4.11 Continued  

 Behavioral engagement (3rd Quartile) * Math Self-

efficacy (3rd Quartile) 
1.22 .57 4.54 1 .03 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) 
-1.82 .78 5.43 1 .02 

 Race/ethnicity* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (1st Quartile) 
-2.10 1.09 3.72 1 .05 

 Race/ethnicity* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.61 .81 3.86 1 .04 

 Race/ethnicity* Sex* Behavioral engagement (3rd 

Quartile) 
1.61 .73 4.77 1 .02 

 Race/ethnicity* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (3rd Quartile) 
-1.44 .63 5.13 1 .02 

 Sex* Behavioral engagement (2nd Quartile) * Math 

Self-efficacy (3rd Quartile) 
-2.63 1.07 6.00 1 .01 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) * Math Self-efficacy (2nd Quartile) 
3.22 1.48 4.73 1 .03 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) * Math Self-efficacy (3rd Quartile) 
2.82 1.14 6.06 1 .01 

 Intercept .53 .20 6.67 1 .01 

 Race/ethnicity -.95 .22 18.44 1 < .001 

 Sex .97 .36 7.10 1 .008 

 Behavioral engagement (1st Quartile) .83 .42 3.91 1 .04 

 Behavioral engagement (3rd Quartile) 1.46 .36 16.03 1 < .001 

 Race/ethnicity* Sex -.83 .38 4.72 1 .03 

 Race/ethnicity* Behavioral engagement (3rd Quartile) -1.15 .38 8.81 1 .003 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) .88 .36 5.92 1 .01 

 Sex* Behavioral engagement (3rd Quartile) -1.56 .54 8.13 1 .004 

 Behavioral engagement (3rd Quartile) * Math Self-

efficacy (2nd Quartile) 
-1.47 .54 7.42 1 .006 

 Race/ethnicity* Sex* Behavioral engagement (3rd 

Quartile) 
2.01 .57 12.17 1 < .001 

 Sex* Behavioral engagement (2nd Quartile) * Math 

Self-efficacy (2nd Quartile) 
-4.17 1.33 9.72 1 .002 

 Sex* Behavioral engagement (2nd Quartile) * Math 

Self-efficacy (3rd Quartile) 
-2.25 .95 5.66 1 .01 
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Table 4.11 Continued 

Math 

GPA 

 
β 

Std. 

Error 
Wald df p 

 Sex* Behavioral engagement (3rd Quartile) * Math 

Self-efficacy (1st Quartile) 
1.91 .47 16.18 1 < .001 

 Sex* Behavioral engagement (3rd Quartile) * Math 

Self-efficacy (2nd Quartile) 
.38 1.10 .12 1 .72 

 Sex* Behavioral engagement (3rd Quartile) * Math 

Self-efficacy (3rd Quartile) 
1.56 .95 2.68 1 .10 

 Race/ethnicity* Sex* Behavioral engagement (1st 

Quartile) * Math Self-efficacy (2nd Quartile) 
-1.33 1.40 .90 1 .34 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) * Math Self-efficacy (2nd Quartile) 
4.14 1.39 8.81 1 .003 

 Race/ethnicity* Sex* Behavioral engagement (2nd 

Quartile) * Math Self-efficacy (3rd Quartile) 
2.31 .99 5.44 1 .02 

 Race/ethnicity* Sex* Behavioral engagement (3rd 

Quartile) * Math Self-efficacy (1st Quartile) 
-3.37 < .001 .  1 . 

 Race/ethnicity* Sex* Behavioral engagement (3rd 

Quartile) * Math Self-efficacy (2nd Quartile) 
-1.40 1.16 1.44 1 .23 

 Race/ethnicity* Sex* Behavioral engagement (3rd 

Quartile) * Math Self-efficacy (3rd Quartile) 
-2.0 .99 4.12 1 .04 

 

Table 4.12 

Significant Parameter Estimates of the Multinomial Regression for the Model Including Future Career 

Choice as Outcome Variable  

Future career 

choice 
 β 

Std. 

Error 
Wald df 

p 

Other White-

collar 
Intercept .29 .17 2.97 1 .08 

 Race/ethnicity -.60 .19 9.75 1 .002 

 Sex .88 .34 6.44 1 .01 

 Behavioral engagement (2nd Quartile) -.63 .30 4.53 1 .03 

 Race/ethnicity * Sex -1.0 .37 8.70 1 .003 

 
Race/ethnicity * Behavioral engagement (1st 

Quartile) 
.97 .34 7.99 1 .005 
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Table 4.12 Continued  

Future career 

choice 
 β 

Std. 

Error 
Wald df 

p 

 
Race/ethnicity * Behavioral engagement (2nd 

Quartile) 
.992 .345 8.27 1 .004 

 Race/ethnicity * Math self-efficacy (2nd Quartile) .99 .32 9.23 1 .002 

 
Behavioral engagement (1st Quartile) * Math self-

efficacy (3rd Quartile) 
.74 .38 3.66 1 .05 

 
Behavioral engagement (3rd Quartile) * Math self-

efficacy (1st Quartile) 
-1.34 .38 12.00 1 .001 

 
Behavioral engagement (3rd Quartile) * Math self-

efficacy (3rd Quartile) 
-2.12 .38 30.88 1 <.001 

 
Race/ethnicity * Sex * Math self-efficacy (1st 

Quartile) 
1.56 .61 6.41 1 .01 

 
Race/ethnicity * Behavioral engagement (1st 

Quartile) * Math self-efficacy (3rd Quartile) 
-1.60 .46 11.88 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (1st Quartile) 
1.01 .44 5.31 1 .02 

 
Race/ethnicity * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (2nd Quartile) 
-1.69 .51 10.94 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (3rd Quartile) 
1.20 .42 7.94 1 .005 

 
Sex * Behavioral engagement (1st Quartile) * Math 

self-efficacy (1st Quartile) 
2.70 .73 13.51 1 <.001 

 
Sex * Behavioral engagement (1st Quartile) * Math 

self-efficacy (2nd Quartile) 
1.74 .75 5.34 1 .02 

 
Sex * Behavioral engagement (3rd Quartile) * Math 

self-efficacy (1st Quartile) 
2.66 .73 13.19 1 <.001 

 
Sex * Behavioral engagement (3rd Quartile) * Math 

self-efficacy (3rd Quartile) 
1.55 .73 4.54 1 .03 

 
Race/ethnicity * Sex * Behavioral engagement (1st 

Quartile) * Math self-efficacy (1st Quartile) 
-2.91 .84 11.82 1 .001 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (1st Quartile) 
-2.44 .84 8.42 1 .004 

Predominantly 

Blue- Collar 
Intercept -.85 .23 12.91 1 <.001 

 Race/ethnicity -.99 .282 12.302 1 <.001 
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Table 4.12 Continued  

Future Career 

Choice 
 β 

Std. 

Error 
Wald df 

p 

 Sex 1.50 .404 13.908 1 <.001 

 Math self-efficacy (1st Quartile) -1.90 .791 5.824 1 .016 

 Math self-efficacy (2nd Quartile) -1.32 .560 5.608 1 .018 

 Math self-efficacy (3rd Quartile) -1.47 .494 8.949 1 .003 

 Race/ethnicity * Sex -.984 .451 4.757 1 .029 

 
Race/ethnicity * Behavioral engagement (1st 

Quartile) 
1.010 .479 4.438 1 .035 

 
Race/ethnicity * Behavioral engagement (2nd 

Quartile) 
1.350 .541 6.239 1 .012 

 Race/ethnicity * Math self-efficacy (1st Quartile) 1.836 .840 4.778 1 .029 

 Race/ethnicity * Math self-efficacy (2nd Quartile) 1.553 .611 6.462 1 .011 

 Race/ethnicity * Math self-efficacy (3rd Quartile) 1.378 .546 6.357 1 .012 

 Sex * Math self-efficacy (3rd Quartile) 1.615 .705 5.252 1 .022 

 
Behavioral engagement (2nd Quartile) * Math self-

efficacy (1st Quartile) 
2.009 .950 4.472 1 .034 

 
Behavioral engagement (2nd Quartile) * Math self-

efficacy (3rd Quartile) 
2.502 .684 13.384 1 <.001 

 
Behavioral engagement (3rd Quartile) * Math self-

efficacy (1st Quartile) 
2.062 .875 5.552 1 .018 

 
Behavioral engagement (3rd Quartile) * Math self-

efficacy (2nd Quartile) 
2.004 .770 6.772 1 .009 

 
Race/ethnicity * Sex * Behavioral engagement (1st 

Quartile) 
1.282 .664 3.731 1 .053 

 
Race/ethnicity * Sex * Math self-efficacy (2nd 

Quartile) 
3.155 1.323 5.691 1 .017 

 
Race/ethnicity * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (3rd Quartile) 
-2.59 .778 11.073 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (2nd Quartile) 
-2.31 .858 7.249 1 .007 

 
Sex * Behavioral engagement (1st Quartile) * Math 

self-efficacy (2nd Quartile) 
3.698 1.403 6.947 1 .008 

 
Sex * Behavioral engagement (2nd Quartile) * Math 

self-efficacy (2nd Quartile) 
6.413 2.938 4.765 1 .029 
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Table 4.12 Continued 

Future Career 

Choice 
 β 

Std. 

Error 
Wald df 

p 

 
Sex * Behavioral engagement (2nd Quartile) * Math 

self-efficacy (3rd Quartile) 
-2.85 .933 9.381 1 .002 

 
Sex * Behavioral engagement (3rd Quartile) * Math 

self-efficacy (3rd Quartile) 
-2.48 .953 6.804 1 .009 

 
Race/ethnicity * Sex * Behavioral engagement (1st 

Quartile) * Math self-efficacy (1st Quartile) 
-2.86 1.306 4.815 1 .028 

 
Race/ethnicity * Sex * Behavioral engagement (1st 

Quartile) * Math self-efficacy (2nd Quartile) 
-3.66 1.507 5.904 1 .015 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (2nd Quartile) 
-6.74 2.983 5.117 1 .024 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (3rd Quartile) 
3.130 1.038 9.099 1 .003 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (3rd Quartile) 
2.415 1.048 5.313 1 .021 

 

Research Question 1 

What is the nature and direction of the relationships among behavioral engagement, self-efficacy 

in mathematics, academic achievement in math, and intentions to pursue math, science and technology 

careers in the future, among middle school students in the U.S.?  

Hypothesis 1 

Students with high behavioral engagement will be more likely to have higher GPAs in 

mathematics, and choose math, science and technology careers than students with low behavioral 

engagement.  

Behavioral Engagement and Students’ GPAs in Math. Based on the results from the 

Multinomial Logistic Regression, behavioral engagement was a significant predictor of GPA in 

mathematics only for the first (the lowest-achievers) and second (the low-achievers) quartiles of GPA. 

For the students in the lowest-achieving group, only the first quartile (the lowest) of behavioral 

engagement was significant (β= 1.5, p < 0.001). The beta coefficient indicated that having the lowest 



62 

levels of behavioral engagement raised by 1.5 the log-odds of being in the lowest-achieving group as 

compared to the highest-achieving group of students in mathematics (the first and fourth quartiles of math 

GPA, respectively). In other words, those students with the lowest behavioral engagement were also more 

likely to have the lowest GPAs in math.  

For those students with low GPAs in math (second quartile of math GPA), only low (β= 0.8, p= 

0.03) and moderate (β= 1.2, p= 0.002) levels of behavioral engagement were significant (second and third 

quartiles of engagement). Having low and moderate behavioral engagement raised by 0.8 and 1.2 the log-

odds of having a low GPA (second quartile of math GPA) as compared to having the highest GPA in 

math (fourth quartile). Behavioral engagement was not a significant predictor for medium GPAs in math 

(third quartile of GPA in math). Thus, while very low and low behavioral engagement significantly related 

to very low and low GPAs in math, behavioral engagement overall was not a significant predictor of 

medium or higher GPAs in mathematics.  

Behavioral Engagement and Students’ Future Career Choice. Only low behavioral 

engagement (second quartile) was a significant predictor for white-collar careers (β= -0.64, p= 0.03), 

suggesting that low behavioral engagement only increased the likelihood of choosing math, science and 

tech careers over other white-collar careers by 0.6. However, neither the lowest (β= -0.22, p= 0.43) or 

moderate (β= 0.36, p= 0.14) levels of behavioral engagement (first and third quartiles) were significant 

predictors of students’ likelihood to choose other white-collar careers as compared to math, science and 

technology careers. Similarly, neither the lowest (β= -0.007, p= 0.98), low (β= -0.82, p= 0.07) or 

moderate (β= -0.37, p= 0.33) levels of behavioral engagement (first, second, and third quartiles) were 

significant predictors of students’ likelihood to choose any other type of careers rather than math, science 

and technology careers.  

Hypothesis 2 

Students with high self-efficacy beliefs in mathematics will be more likely to have higher GPAs 

in math and choose math, science and technology careers than those with low self-efficacy in math.  
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Self-Efficacy in Math and Students’ GPA in Math. Only the lowest quartile of self-efficacy in 

math was significant for predicting the lowest-achieving group of students in mathematics (first quartile 

of math GPA) (β= 1.7, p < 0.001), which might indicate that very low self-efficacy in mathematics 

significantly related to an increase in the likelihood of obtaining a very low GPA in math. However, self-

efficacy was not a significant predictor for any of the other quartiles of math GPA.  

Self-efficacy in Math and Students’ Future Career Choice. The lowest (β= -1.9, p= 0.016), 

low (β= -1.3, p= 0.02), and moderate (β= -1.5, p= 0.003) levels of self-efficacy in math (first, second, and 

third quartiles) were significant predictors of students’ likelihood to choose predominantly blue-collar 

careers. Table 4.13 shows that as students’ self-efficacy in mathematics increased, they became less likely 

to choose predominantly blue-collar careers over math, science and tech careers. Approximately 21.4% of 

students with the lowest math self-efficacy (first quartile) chose predominantly blue-collar occupations, 

compared to 18.9% and 18.5% of students with low and moderate self-efficacy in math (second and third 

quartiles) who chose predominantly blue-collar occupations over math, science and tech occupations.  

Table 4.13 

Cross Tabulation of Students’ Self-Efficacy in Mathematics and Future Career Choice 

  Student Self-Efficacy in Mathematics 

  1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4rth 

Quartile  
Total 

Students' Future 

Career Choice 

Math, Science and 

Technology careers 31.1% 37.7% 40.6% 41.3% 38.1% 

 Other White-collar 

careers 47.5% 43.5% 40.8% 42.8% 43.4% 

 Predominantly blue-

collar careers 21.4% 18.9% 18.5% 15.9% 18.5% 

Total  
100.0% 100.0% 100.0% 100.0% 100.0% 

 

Although behavioral engagement and self-efficacy in math were not as important predictors of 

GPA in math and career choice as had been expected, there were significant interactions among students’ 

behavioral engagement and self-efficacy beliefs for both math GPA and students’ career choices. The 
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interaction between engagement and self-efficacy was significant for the two lowest quartiles of math 

GPA (first and second quartile). Having low behavioral engagement and low self-efficacy in math 

significantly raised the log-odds of being in the lowest-achieving group in math (first quartile of math 

GPA) (β= 3.4, p < 0.001). When students’ behavioral engagement was low but self-efficacy was 

moderate, students were still more likely to be in the lowest-achieving group than in the highest-achieving 

group in math (β= 3.0, p < 0.001), but the proportion of students in the lowest-achieving group 

significantly decreased. Table 4.14 shows that 32.4% of students were in the lowest-achieving group in 

math (first quartile of math GPA) when their behavioral engagement and self-efficacy were both low, 

compared to 25.2% of students in the lowest-achieving group when their behavioral engagement was low 

but their self-efficacy was moderate.  

When students had moderate behavioral engagement they were less likely to have a low (second 

quartile) rather than a high GPA in math (fourth quartile) when their self-efficacy in math was either low 

(second quartile) (β= -1.5, p= 0.014) or moderate (third quartile) (β= 1.2, p= 0.03). Among students with 

moderate behavioral engagement and low self-efficacy in math, 18.7% obtained low GPAs in math, while 

18.9% obtained high GPAs. Among students with moderate behavioral engagement and moderate self-

efficacy, 18.9% obtained low GPAs in math, while 20.8% obtained high GPAs (Table 4.14). The 

interaction between behavioral engagement and self-efficacy in mathematics was not significant for 

students with medium GPA in mathematics (third quartile).  

In other words, the interaction between behavioral engagement and self-efficacy in math 

significantly predicted students’ GPA in math only among students with low achievement in math. Low 

behavioral engagement and low self-efficacy in math significantly related to the lowest GPAs in math. 

Moderate behavioral engagement and moderate self-efficacy in math significantly decreased the 

likelihood of having a low GPA in math. A summary of these findings is presented in Figure 2.  

The interaction between behavioral engagement and math self-efficacy was also significant for 

other white-collar and predominantly blue-collar careers. When students had moderate behavioral 

engagement (third quartile) and the lowest self-efficacy in math (first quartile), they were more likely to 
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choose other white-collar careers rather than math, science and technology careers (β= -1.3, p= 0.001). 

Table 4.15 shows that when behavioral engagement was moderate and self-efficacy was at the lowest 

levels, 46.3% of students chose white-collar occupations and 32.5% chose math, science and technology 

careers. On the contrary, when both behavioral engagement and self-efficacy were moderate (β= -2, p < 

0.001), students were more likely to choose math, science and technology (50.5%) over other white-collar 

(34.9%) careers.  

 On the other hand, low behavioral engagement (second quartile) combined with the lowest (β= 2, 

p= 0.03) and moderate (β= 2.5, p < 0.001) self-efficacy in mathematics (first and third quartile, 

respectively), increased the likelihood of choosing predominantly blue-collar careers over math, science 

and technology careers. Similarly, moderate levels of behavioral engagement (third quartile) combined 

with the lowest (first quartile) (β= 2.1, p= 0.02) or low (second quartile) (β= 2, p= 0.009) self-efficacy in 

math significantly increased students’ likelihood to choose predominantly blue-collar careers over math, 

science and technology careers (see Table 4.15). A summary of these results is presented in Figure 3. 

Table 4.14 

Cross Tabulation of Students’ Behavioral Engagement, Self-Efficacy in Mathematics, and GPA in 

Mathematics 

   Student Behavioral Engagement 

Math self-

efficacy 

  
1st Quartile 

(lowest)  

2nd 

Quartile 

(low) 

3rd Quartile 

(moderate) 

4th 

Quartile 

(highest)  

Total 

1st Quartile 

(lowest) 

GPA in 

Math 

1st Quartile 

(lowest)  
58.4% 48.3% 43.6% 33.0% 48.7% 

  2nd Quartile 

(low)  
18.6% 18.8% 19.0% 19.8% 18.9% 

 3rd Quartile 

(medium) 
18.2% 27.8% 30.8% 34.4% 25.9% 

 4th Quartile 

(highest)  
4.8% 5.1% 6.6% 12.8% 6.5% 

 Total 100.0% 100.0% 100.0% 100.0% 100.0% 

2nd Quartile 

(low) 

GPA in 

Math 
1st Quartile  41.3% 32.4% 25.3% 17.6% 29.6% 

  2nd Quartile 18.3% 22.3% 18.7% 17.6% 19.3% 

  3rd Quartile 31.0% 33.7% 37.1% 40.0% 35.3% 
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Table 4.14 Continued 

   Student Behavioral Engagement 

Math self-

efficacy 

  
1st Quartile 

(lowest)  

2nd 

Quartile 

(low) 

3rd Quartile 

(moderate) 

4th 

Quartile 

(highest)  

Total 

  4th Quartile  9.4% 11.5% 18.9% 24.8% 15.8% 

 Total  100% 100% 100% 100% 100% 

3rd Quartile 

(moderate) 

GPA in 

Math 
1st Quartile  37.5% 25.2% 22.1% 15.8% 24.8% 

  2nd Quartile 19.1% 21.3% 18.9% 14.6% 18.5% 

  3rd Quartile 34.2% 32.7% 38.2% 41.4% 36.7% 

  4th Quartile  9.2% 20.7% 20.8% 28.3% 20.0% 

 Total   100.0% 100.0% 100.0% 100.0% 100.0% 

4th Quartile 

(highest) 

GPA in 

Mathem

atics 

1st Quartile  35.0% 18.0% 13.2% 10.5% 17.1% 

  2nd Quartile 16.4% 14.5% 13.5% 9.9% 13.0% 

  3rd Quartile 32.5% 39.2% 43.8% 36.0% 38.3% 

  4th Quartile  16.1% 28.3% 29.5% 43.6% 31.6% 

 Total   100.0% 100.0% 100.0% 100.0% 100.0% 

 

Table 4.15 

Cross Tabulation of Students’ Behavioral Engagement, Self-Efficacy in Math, and Future Career Choice  

   Students’ Behavioral Engagement 
Math Self-

efficacy 

  1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4rth 

Quartile  
Total 

1st Quartile 

(lowest) 

Career 

Choice 

Math, Science 

and Tech  
27.4% 30.1% 32.5% 38.6% 31.1% 

  

Other White-

collar  
48.6% 46.8% 46.3% 48.3% 47.6% 

  Predominantly 

blue-collar  
24.0% 23.1% 21.2% 13.1% 21.3% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 

2nd Quartile 

(low) 

Career 

Choice 

Math, Science 

and Tech 35.8% 37.2% 36.8% 42.7% 38.1% 

  Other White-

collar  40.9% 42.2% 46.3% 45.3% 43.7% 

  Predominantly 

blue-collar  
23.3% 20.6% 16.9% 12.0% 18.3% 

 Total   100.0% 100.0% 100.0% 100.0% 10.00% 

3rd Quartile 

(Moderate) 

Career 

Choice 

Math, Science 

and Tech 
30.0% 38.3% 50.5% 41.9% 40.9% 
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Table 4.15 Continued  

   Students’ Behavioral Engagement 
Math Self-

efficacy 

  1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4rth 

Quartile  
Total 

  Other White-

collar  45.7% 39.2% 34.9% 45.1% 40.9% 

  Predominantly 

blue-collar  
24.3% 22.6% 14.6% 13.0% 18.2% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 
4th Quartile 

(Highest) 

Career 

Choice 

Math, Science 

and Tech 32.6% 40.0% 38.0% 49.1% 41.3% 

  Other White-

collar  43.2% 44.3% 46.9% 38.0% 42.7% 

  Predominantly 

blue-collar  
24.1% 15.7% 15.1% 12.9% 16.0% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 

 

 

 

Figure 2. Results of the Interaction among Behavioral Engagement, Math Self-efficacy and Math GPA.  
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Figure 3. Results of the Interaction among Behavioral Engagement, Math Self-Efficacy and Future 
Career Choice.  
 

Research Question 2 

How do the relationships among students’ behavioral engagement, self-efficacy in mathematics 

and academic achievement vary across different race/ethnic groups?  

Hypothesis 3 

Behavioral engagement will be a significant predictor of GPA in math for both overrepresented 

and underrepresented racial/ethnic groups. However, even if their behavioral engagement is low, students 

from overrepresented groups will be more likely to have high GPAs in math as compared to students from 

underrepresented groups.  

 Asian and White students were significantly less likely than African-American and Hispanic 

students to obtain the lowest (β= -2.8, p < 0.001), low (β= -2.1, p < 0.001), and medium (β= -0.9, p < 

0.001) GPAs in math as compared to the highest GPAs in math. However, there was a significant 

interaction among students’ race/ethnicity, behavioral engagement and GPA in mathematics for low 

behavioral engagement and the lowest-achieving group of students in math (first quartile of math GPA) 

(β= 1.6, p= 0.008). The interaction was also significant for moderate behavioral engagement and students 
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with medium GPAs in math (third quartile) (β= -1.15, p= 0.003). This suggests that Asian and White 

students with low behavioral engagement were more likely to be in the lowest-achieving group in math. 

On the contrary, Asian and White students with moderate behavioral engagement were more likely to be 

in the highest-achieving group.  

Similarly, African-American and Hispanic students with low behavioral engagement were also 

more likely to be in the lowest-achieving group in math. However, even when students from these ethnic 

groups had moderate or high behavioral engagement, a higher proportion of them still obtained the lowest 

and low GPAs in math. Table 4.16 shows that when behavioral engagement was moderate (third quartile), 

39.6% of African-Americans and Hispanics were in the lowest-achieving group in math (first quartile of 

math GPA), while only 7% were in the highest-achieving group (fourth quartile of GPA). When 

behavioral engagement was high (fourth quartile), 34.3% of African-Americans and Hispanics were in the 

lowest-achieving group in math, while 14.8% were in the highest-achieving group.  

Table 4.16 

Cross Tabulation of Students’ Behavioral Engagement, Race/Ethnicity, and GPA in Mathematics 

   Student Behavioral Engagement  

Race/Ethnicity   1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4th 

Quartile  
Total 

Not underrepresented 

race/ethnic groups 

Math 

GPA  1st Quartile  41.8% 26.6% 23.3% 13.4% 26.2% 

 2nd Quartile  18.7% 18.8% 16.0% 13.9% 16.8% 

 3rd Quartile 29.1% 35.3% 38.1% 39.1% 35.4% 
 

4th Quartile  10.4% 19.3% 22.5% 33.6% 21.5% 

 Total 
100.0% 100.0% 100.0% 100.0% 100.0% 

Underrepresented 

race/ethnic groups 

Math 

GPA 
1st Quartile  59.3% 48.2% 39.6% 34.3% 46.6% 

  2nd Quartile 17.8% 19.7% 22.6% 17.6% 19.5% 

  3rd Quartile 18.8% 26.1% 30.8% 33.2% 26.5% 

  4th Quartile  4.1% 5.9% 7.0% 14.8% 7.4% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 
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Hypothesis 4 

Self-efficacy in mathematics will be a significant predictor of GPA in math for both 

overrepresented and underrepresented racial/ethnic groups. However, students from overrepresented 

groups will be more likely to have high self-efficacy and GPAs in math as compared to students from 

underrepresented groups. 

The interaction among students’ race/ethnicity, self-efficacy in mathematics and GPA in math 

was significant for students with the lowest and low GPAs in math (first and second quartiles of GPA). 

When the math self-efficacy of Asian and White students was very low (first quartile), they were more 

likely to obtain the lowest (β= 1.2, p= 0.02) and low (β= 1.2, p= 0.03) GPAs in math rather than high 

GPAs. When their self-efficacy was low (second quartile), they were also more likely to have the lowest 

(β= 2.1, p< 0.001) and low (β= 1.9, p<0.001) GPAs in math. However, when their self-efficacy was 

moderate (third quartile), they were significantly less likely to obtain the lowest (β= 1.2, p= 0.001) and 

low (β= 1.4, p<0.001) GPAs in math. Table 4.17 shows that when self-efficacy was very low or low, a 

higher proportion of Asians and Whites obtained the lowest and low GPAs compared to high GPAs. On 

the contrary, when self-efficacy was moderate and high, a higher proportion of these students obtained 

high GPAs in math compared to the lowest and low GPAs in math. In other words, Asian and White 

students were more likely to have a low GPA in math when their self-efficacy in math was very low and 

low, but as their self-efficacy increased, they became more likely to have a higher GPA in math.  

The pattern was different for African-American and Hispanic students. As Asians and Whites, 

when self-efficacy was very low (first quartile) and low (second quartile), African-Americans and 

Hispanics were more likely to have the lowest and low GPAs in math rather than high GPAs in math 

(fourth quartile). However, even when their self-efficacy was moderate and high, these students were still 

more likely to be in the lowest-achieving groups (first and second quartiles of GPA in math) compared to 

a high GPA in math (fourth quartile).  
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Table 4.17 

Cross Tabulation of Students’ Race/Ethnicity, Self-Efficacy in Mathematics and GPA in Math 

   Student Self-Efficacy in Mathematics  

   1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4rth 

Quartile  
Total 

Not 

underrepresented 

race/ethnic groups 

GPA in 

Mathematics 1st Quartile  44.9% 24.0% 20.4% 13.8% 25.2% 

 2nd Quartile  18.0% 20.4% 18.0% 11.3% 16.7% 

 3rd Quartile 29.3% 37.9% 38.7% 37.3% 36.0% 

 
4th Quartile  7.8% 17.7% 22.9% 37.6% 22.1% 

 Total 100.0% 100.0% 100.0% 100.0% 100.0% 

Underrepresented 

race/ethnic groups 

GPA in 

Mathematics 
1st Quartile  63.9% 48.6% 41.8% 28.2% 44.9% 

  2nd Quartile 20.3% 18.0% 19.5% 18.9% 19.3% 

  3rd Quartile 13.9% 24.2% 29.8% 42.6% 28.3% 

  4th Quartile  1.9% 9.1% 8.9% 10.3% 7.6% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 

 

Research Question 3 

How do the relationships between students’ behavioral engagement, self-efficacy beliefs in 

mathematics and academic achievement vary by students’ gender?   

Hypothesis 5 

Behavioral engagement will be a significant predictor of students’ GPA in mathematics for both 

males and females, but females will be more likely to have higher behavioral engagement and GPAs in 

math than males.  

 The interaction among students’ gender, behavioral engagement and GPA in mathematics was 

significant for students with the lowest, low, and medium GPAs in math (the first, second, and third 

quartiles of math GPA). Being male and having low behavioral engagement significantly increased the 

likelihood of being in the lowest-achieving group in math (β= 1.9, p= 0.009). On the contrary, having 
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moderate behavioral engagement significantly decreased males’ likelihood of having the lowest (β= -1.4, 

p= 0.024), low (β= -1.4, p= 0.04), and medium (β= -1.6, p= 0.004) GPAs in math as compared to having 

high GPAs. Thus, less behaviorally engaged males were more likely to have low GPAs in math, while 

males with moderate behavioral engagement were more likely to obtain high GPAs in math.  

 Table 4.18 shows that females were also more likely to have higher GPAs in math when their 

behavioral engagement was moderate as compared to low. However, fewer females (28.8%) than males 

(33.4%) were located in the lowest-achieving group when their behavioral engagement was low. In the 

same way, fewer females (21.9%) than males (32%) were located in the lowest-achieving group when 

their behavioral engagement was moderate. Thus, it seems that although both males and females were 

more likely to obtain a higher GPA in mathematics when their behavioral engagement was moderate, 

females were still more likely than males to obtain high GPAs in math. Females were also more likely 

than males to have higher behavioral engagement. Approximately 58.3% of males had the lowest 

behavioral engagement compared to 41.7% of females. Similarly, 59.8 of females had the highest 

behavioral engagement compared to 40.2% of males (see Table 4.19). A summary of these results are 

presented in Figure 4.  

Table 4.18 

Cross Tabulation of Students’ Behavioral Engagement, Gender, and GPA in Mathematics 

   Student Behavioral Engagement  

Gender   1st 

Quartile  

2nd 

Quartile 

3rd 

Quartile 

4rth 

Quartile  
Total 

Males GPA in 

Mathematics 
1st 

Quartile  
50.8% 33.4% 32.0% 20.1% 35.8% 

 2nd 
Quartile  

18.1% 18.2% 16.7% 16.7% 17.5% 

 3rd 
Quartile 

24.4% 33.2% 35.5% 37.9% 32.0% 

 4th 
Quartile  

6.7% 15.3% 15.8% 25.3% 14.7% 

 Total 
100.0% 100.0% 100.0% 100.0% 100.0% 

Females GPA in 

Mathematics 

1st 
Quartile  

40.2% 28.8% 21.9% 16.4% 25.8% 

  2nd 
Quartile 

19.2% 21.5% 18.3% 13.3% 17.8% 
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Table 4.18 Continued  

   Student Behavioral Engagement 

Gender   1st 

Quartile  
2nd 

Quartile 
3rd 

Quartile 
4rth 

Quartile  
Total 

  3rd 
Quartile 

29.2% 32.6% 37.4% 37.5% 34.6% 

  4th 
Quartile  

11.5% 17.2% 22.4% 32.8% 21.8% 

 Total  100.0% 100.0% 100.0% 100.0% 100.0% 

 

Table 4.19 

Cross Tabulation of Students’ Gender and Behavioral Engagement 

 Student Behavioral Engagement 

Students’ Gender 1st Quartile 2nd Quartile 3rd Quartile 4rth Quartile Total 

Males 58.3% 53.2% 48.1% 40.2% 50.1% 

Females 41.7% 46.8% 51.9% 59.8% 49.9% 

Total 100.0% 100.0% 100.0% 100.0% 100.0% 

 

 

 

Figure 4. Gender Differences in the Relationships among Behavioral Engagement, Self-Efficacy and 
GPA in Mathematics.  

Hypothesis 6 

Males will be more likely to have higher self-efficacy in mathematics than females, but females 

will be more likely to have higher GPAs in math than males.  
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There was not a significant interaction among students’ gender, self-efficacy in mathematics, and 

GPA in math for any of the quartiles of GPA in math. However, the Model Selection results indicated a 

significant association between students’ gender and self-efficacy in math (𝐺2= 541.1, df= 3, p< 0.001). 

Table 4.20 shows that 57.7% of females reported having the lowest self-efficacy in mathematics 

compared to 42.3% of males. On the contrary, 55.9% of males reported the highest levels of self-efficacy 

in math compared to 44.1% of females. This suggests that males were more likely to have higher self-

efficacy in mathematics than females.  

Table 4.20 

Cross Tabulation of Students’ Gender and Self-Efficacy in Mathematics 

 Student Self-Efficacy in Mathematics 

Students’ Gender 1st Quartile 2nd Quartile 3rd Quartile 4rth Quartile Total 

Males 42.3% 47.3% 51.6% 55.9% 49.7% 

Females 57.7% 52.7% 48.4% 44.1% 50.3% 

Total 100.0% 100.0% 100.0% 100.0% 100.0% 

 

On the other hand, results from the Multinomial Regression (see Table 9) indicated that males 

were significantly more likely than females to obtain the lowest (β= 0.9, p = 0.15) and medium (β= 0.97, 

p < 0.001) GPAs in mathematics rather than the highest GPAs in math. Thus, males were more likely to 

have very low and medium GPAs than females. 

Interaction among Students’ Race/Ethnicity, Behavioral Engagement and Future Career Choice 

There was also a significant interaction between students’ race/ethnicity and behavioral 

engagement on their future career choices. Having either the lowest (β= 0.9, p= 0.005) or low (β= 0.9, p= 

0.004) behavioral engagement significantly increased the likelihood of Asian and White students to 

choose other white-collar careers rather than math, science and technology careers. In the same way, the 

lowest (β= 1, p= 0.03) and low (β= 1.3, p= 0.01) behavioral engagement also increased the likelihood of 

Asians and Whites to choose predominantly blue-collar occupations over math, science and technology 
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related occupations. Moderate and high levels of behavioral engagement did not have a significant 

interaction with students’ race/ethnicity in terms of future career choices. 

Interaction among Students’ Race/Ethnicity, Self-Efficacy in Math and Future Career Choice 

In the same way, there was a significant interaction among race/ethnicity, math self-efficacy and 

career choice. Having the lowest (β= 1.8, p= 0.03), low (β= 1.5, p= 0.01) or moderate (β= 1.4, p= 0.01) 

self-efficacy in math increased the likelihood of Asian and White students to choose predominantly Blue-

collar careers over math, science and technology. However, the beta coefficients indicate that as self-

efficacy increased, their likelihood of choosing predominantly blue-collar careers decreased.  

Five-way Interactions 

Although not considered initially in the research questions or hypotheses, the results from the 

Model Selection and the Multinomial Regression suggested significant five-way interactions among the 

predictors and the two outcome variables in the study. These five-way interactions are key to 

understanding how all the variables work together and are explained in more detail below.  

Five-way Interaction for Future Career Choice 

As expected, Asian and White students were significantly less likely than African-Americans and 

Hispanics to choose other white-collar (β= -0.6, p= 0.002) or predominantly blue-collar (β= -0.9, p < 

0.001) careers over math, science and technology careers. Males were also more likely than females to 

choose other white-collar (β= 0.9, p= 0.01) and predominantly blue-collar (β= 1.5, p < 0.001) careers over 

math, science and technology careers. However, these results became more complex due to the existence 

of a significant five-way interaction among students’ race/ethnicity, gender, behavioral engagement, self-

efficacy in mathematics and the likelihood of choosing predominantly blue-collar careers over math, 

science and technology careers.  

This interaction was significant for the lowest behavioral engagement and the lowest self-efficacy 

in math (β= -2.9, p= 0.03), the lowest behavioral engagement and low self-efficacy (β= -3.7, p= 0.01), low 

engagement and low self-efficacy (β= -6.7, p= 0.02), and low engagement and moderate self-efficacy (β= 

3.1, p= 0.003). Asian and White males with either very low or low behavioral engagement were more 
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likely to choose predominantly blue-collar careers over math, science and technology careers. One 

interesting result is that even when these students had low behavioral engagement and low self-efficacy, 

they were more likely to choose math, science and technology careers over blue-collar careers. The 

pattern was different for African-American and Hispanic males. When their behavioral engagement was 

low and their self-efficacy in mathematics was either very low or low, more African-American and 

Hispanic males chose predominantly blue-collar careers over math, science and technology careers. Only 

when their behavioral engagement was low and their self-efficacy was moderate, more students from 

these racial/ethnic groups chose math, science and technology (51.3%) over predominantly blue-collar 

(25.5%) occupations.  

As compared to males, females with low behavioral engagement from both represented and 

underrepresented racial/ethnic groups were more likely to choose math, science and technology careers 

over predominantly blue-collar careers even if their self-efficacy in mathematics was the lowest, low, or 

moderate levels of self-efficacy. One explanation for this finding could be related to how occupations 

were coded in this study. As mentioned before, life, physical and social sciences were classified in this 

research as math, science and technology careers. Since females tend to be majority in the life and social 

sciences (Perez-Felkner et al., 2012, 2017), it is possible that coding these occupations as math, science 

and technology could relate to girls being more likely than males to choose math, science and tech 

careers.  A summary of the results of the five-way interaction for career choice are presented in Figure 5. 

Five-way Interaction for GPA in Mathematics 

There was also a significant interaction among students’ race/ethnicity, gender, behavioral 

engagement, and math self-efficacy for students with low and medium GPAs in math (second and third 

quartiles of math GPA). Low levels of behavioral engagement and low self-efficacy in math significantly 

increased the likelihood of Asian and White males to obtain a low (β= 3.2, p= 0.03) and moderate (β= 4.1, 

p= 0.003) GPA in math, rather than a high GPA in math. Having low behavioral engagement and 

moderate self-efficacy in math also increased the likelihood of Asian and White males to have a low (β= 
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2.8, p= 0.01) and moderate (β= 2.3, p= 0.02) GPA rather than a high GPA, but not as much as having a 

low self-efficacy did.  

 When students’ behavioral engagement and math self-efficacy were both low, 20.9% of Asian 

and White males obtained low GPAs in math (second quartile), 41.8% obtained medium GPAs (third 

quartile), and only 8.3% obtained high GPAs (fourth quartile). However, when their behavioral 

engagement was low, but their math self-efficacy was moderate, 19.8% of Asian and White males 

obtained low GPAs (second quartile), 36.6% obtained medium GPAs (third quartile), and 20.2% obtained 

high GPAs (fourth quartile). Thus, it seems that among Asian and White males with low behavioral 

engagement, a higher proportion of students obtained medium and high GPAs in math when their self-

efficacy was moderate as compared to low.   

 This interaction was similar for underrepresented racial/ethnic groups. A larger proportion of 

African-American and Hispanic males obtained low (27.1%) compared to medium (8.4%) and high 

(3.7%) GPAs in math when their behavioral engagement and self-efficacy in math were both low. They 

were also more likely to obtain medium GPAs (34.1%) than low GPAs in math (15.9%) when their 

engagement was low but their self-efficacy in math was moderate.  

 Females from both represented and underrepresented racial/ethnic groups were also more likely 

to obtain low and medium GPAs in math rather than high GPAs when their behavioral engagement and 

self-efficacy were low. Approximately 23% of Asian and White females with low engagement and low 

self-efficacy in math obtained low GPAs, 35.3% obtained medium GPAs, and 19.3% obtained high 

GPAs. Among African-American and Hispanic females, 25% obtained low GPAs in math, 25% obtained 

medium GPAs, and only 4.5% obtained high GPAs in math when both their behavioral engagement and 

self-efficacy were low. However, significant differences appeared when behavioral engagement was low 

but self-efficacy in math was moderate. In this case, Asian and White females became more likely to 

obtain high GPAs in math, while African-American and Hispanic females remained more likely to obtain 

low GPAs in math. Approximately 22.7% of Asian and White females obtained low GPAs when 

behavioral engagement was low but self-efficacy was moderate, 31.8% obtained medium GPAs, and 
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27.5% obtained high GPAs. On the contrary, 6.8% African-American and Hispanic females obtained low 

GPAs, 25.4% obtained medium GPAs, and 5.9% obtained high GPAs in math. A summary of the results 

of the five-way interaction in terms of math GPA is presented in Figure 6.  

 

 

Figure 5. Summary of Results for the Five-way Interaction among Race/Ethnicity, Gender, Behavioral 
Engagement, Math Self-Efficacy and Future Career Choice.  
 

Certainty vs. Uncertainty in Students’ Future Career Choice 

 

Figure 6. Summary of Results for the Five-way Interaction among Race/Ethnicity, Gender, Behavioral 
Engagement, Math Self-Efficacy and GPA in Math 
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As explained in chapter four, the data of students who indicated they did not know what career to 

pursue in the future were considered as missing data in HSLS: 09 (IES, 2011). In this study, the data from 

those students were used to create a dummy variable to analyze how the predictors in the study related to 

students’ certainty or uncertainty about their career choices. This is important because this portion of the 

data may not just be missing by chance, and it is worth exploring how the variables in this study relate to 

students’ certainty about their futures.  

A third model including behavioral engagement, self-efficacy in math, gender, race/ethnicity, and 

the “I don’t know” dummy variable was used to run a final Multinomial Regression in SPSS. The answer 

“I don’t know” was set as the reference category, while providing a career choice was the comparison 

variable and was compared to the reference category. The pseudo-𝑅2 for this model was 0.61. The model 

was significant with a Chi-square of 19.44 and 9 degrees of freedom (p= 0.02). Students’ gender, self-

efficacy in math, the interaction between behavioral engagement and self-efficacy; and the five-way 

interaction among race/ethnicity, gender, engagement, self-efficacy and career choice were significant 

predictors of students’ certainty about their career decisions. Table 4.21 contains only the parameters 

different from zero and significant at the p ≤ 0.05 level. Table D.3 in Appendix D contains the full set of 

parameters of the Multinomial Regression for this model.  

Males (β= -0.64, p= 0.03) and students with low self-efficacy (β= -0.75, p= 0.02) were less likely 

than females and students with high self-efficacy to be certain about what career to pursue in the future. 

Students with moderate self-efficacy in math were still more likely to be uncertain (β= -0.69, p= 0.01) 

than those with high self-efficacy, but the beta coefficient was smaller than the coefficient for those with 

low self-efficacy. This may indicate that when self-efficacy in mathematics increased, they became 

slightly more certain about their career choices. Although behavioral engagement was not a significant 

predictor of career certainty, the interaction between engagement and self-efficacy in math was (β= -1.96, 

p < 0.001). Having very low behavioral engagement and very low self-efficacy significantly reduced the 

likelihood of knowing what career to pursue.  
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Finally, the five-way interaction between students’ race/ethnicity, gender, behavioral 

engagement, self-efficacy in math and career certainty was significant (β= 2.4, p= 0.03). Table 4.22 

shows that when engagement was very low and self-efficacy was low, more Asian and White males were 

certain as compared to African-American and Hispanic males, who were more likely to be uncertain 

about their careers.  The contrary occurred for females. When behavioral engagement was very low and 

self-efficacy in math was low, African-American and Hispanic women were more likely to know what 

they wanted to pursue in the future than Asian and White women.  

Table 4.21 

Significant Parameter Estimates of the Multinomial Regression for the Model Including the “I Don’t 
Know” Dummy Variable as Outcome Variable 

Career Choice vs. “I don’t know” β 
Std. 

Error 
Wald df p 

Indicated a 

career choice 

Intercept 1.876 .214 76.923 1 .000 

Gender -.645 .300 4.629 1 .031 

Math self-efficacy (2nd Quartile) -.757 .318 5.647 1 .017 

Math self-efficacy (3rd Quartile) -.691 .276 6.259 1 .012 

Behavioral engagement (3rd Quartile)*Math self-
efficacy (1st Quartile) 

-1.166 .556 4.400 1 .036 

Race/Ethnicity*Behavioral engagement (1st 
Quartile)*Math self-efficacy (1st Quartile) 

1.766 .608 8.419 1 .004 

Gender*Behavioral engagement (1st Quartile)* Math 
self-efficacy (2nd Quartile) 

-2.077 .746 7.742 1 .005 

Race/Ethnicity*Gender*Behavioral engagement (1st 
Quartile)*Math self-efficacy (2nd Quartile) 

2.424 .823 8.666 1 .003 

 

Table 4.22 

Cross Tabulation of Students’ Behavioral Engagement, Self-efficacy in Math, Gender, Race/Ethnicity, 

and Uncertainty in Future Career Choice 

  
Asian and White 

Total 

African-American and 

Hispanic Total 

  Certain Uncertain Certain Uncertain 

Very Low Behavioral 

Engagement and Low Self-

Efficacy 

Males 60.4% 39.6% 100.0% 55.1% 44.9% 100.0% 

Females 70.7% 29.3% 100.0% 88.2% 11.8% 100.0% 
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CHAPTER 5 

DISCUSSION, LIMITATIONS AND PRACTICAL IMPLICATIONS 

 Discussion of Results 

Students’ GPA in Mathematics 

Students’ Behavioral Engagement and GPA in Mathematics. The results in this study were 

consistent with prior research indicating a significant positive association between behavioral engagement 

and academic achievement in mathematics at the middle school level (Finn, 1993; Klem & Connell, 2004; 

Lee, 2014; Schneidler, 2012). However, as opposed to the study conducted by Klem and Connell (2004), 

the results did not support a significant association between high behavioral engagement and high 

achievement in math. On the contrary, only very low and low levels of behavioral engagement 

significantly predicted an increase in students’ likelihood to obtain very low and low GPAs in math. 

These differences in the results might be associated with the differences in measures of academic 

achievement. While Klem and Connell (2004) measured achievement as test scores in math/reading, and 

attendance to school, in this study achievement in mathematics was measured as students’ GPAs in math. 

As explained by Fredricks et al. (2004), the different dimensions of engagement may relate differently to 

academic achievement depending on how the latter is measured. Moreover, Klem and Connell (2004) 

treated attendance to school as an indicator of achievement, while in this study attendance was considered 

an indicator of behavioral engagement.  

Moreover, Klem and Connell (2004) combined measures of math and reading achievement in one 

single index, while this study focused on math achievement only. As suggested by Akey (2006) and 

Brennan (2015), the dynamics of variables such as behavioral engagement and academic achievement 

may be different for different academic subjects. The results in this study also differed from Robtoy’s 

(2017), who did not find behavioral engagement to be a significant predictor of students’ grades in math 

or science. It is important to note that Robtoy (2017) collected the achievement data through students’ 

self-reports, while students’ math GPA in this study was obtained from academic grade transcripts 
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provided by the schools. Students’ GPA might be a more accurate and “less biased” measure of 

achievement than self-reports. Another possible source of the differences in results might be the higher 

representation of Asian and Hispanic students in this study as compared to Robtoy (2017). Since cultural 

values and other attributes related to race and ethnicity might cause important variations in the 

relationships between engagement and achievement (Pajares, 1996), variations in the proportion of 

students from different racial/ethnic groups included in the sample may relate to variations in the results.  

Students’ Self-Efficacy in Mathematics and GPA in Math. Self-efficacy in mathematics was 

not as important to predict students’ achievement as suggested in prior studies (Akey, 2006; Brennan, 

2015; Pajares & Graham, 1999). Only very low levels of self-efficacy in mathematics were significantly 

related to an increase in the likelihood of obtaining very low GPAs in math. However, self-efficacy was 

not a significant predictor for either low, medium or high GPAs in math. The significant association 

(multicollinearity) between behavioral engagement and math self-efficacy in this study could be one of 

the causes for such a small importance of both self-efficacy and behavioral engagement as independent 

predictors of achievement in mathematics (Akey, 2006; Brennan, 2015). 

Association between Behavioral Engagement and Self-Efficacy in Mathematics. The 

relationship between the two predictors was supported by the data, indicating a significant interaction 

between behavioral engagement, math self-efficacy and GPA in math. Similar to prior studies (Akey, 

2006), students with low behavioral engagement and low self-efficacy in mathematics were more likely to 

obtain the lowest GPAs in math, while students with moderate behavioral engagement and moderate self-

efficacy in math were less likely to obtain low GPAs in math. It is possible that when students do not 

perceive themselves as competent in a field or subject, their behavioral engagement may decrease as well, 

increasing the likelihood of obtaining negative academic outcomes. On the contrary, when they feel 

competent and efficacious, they may invest more behavioral resources (bringing homework to class, 

attending classes on time, bringing necessary materials to class), which contributes to achieving better 

academic results (Akey, 2006). Linnenbrink and Pintrich (2013) proposed a cyclical relationship among 

engagement, self-efficacy, and learning outcomes. Building on Bandura’s (1986) Social Cognitive 
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Theory, the negative or positive academic/learning outcomes reinforce students’ self-efficacy, continuing 

the cycle.   

Racial/Ethnic Differences. In terms of racial/ethnic differences, behavioral engagement and self-

efficacy in mathematics were significant predictors of math achievement for both represented and 

underrepresented racial/ethnic groups, but the dynamics of the relationship between the predictors and the 

outcome varied across these two groups of students. Asian and White students were more likely to have 

moderate and high behavioral engagement and self-efficacy in math than African-American and Hispanic 

students. Asians and Whites were also more likely to have high GPAs in mathematics, while African-

Americans and Hispanics were more likely to obtain very low, low, and medium GPAs in math. 

However, when Asian and White students had either low behavioral engagement or low self-efficacy in 

math, their likelihood of being in the lowest-achieving groups in math significantly increased. On the 

contrary, when their behavioral engagement or self-efficacy was moderate, their likelihood of being in the 

highest-achieving group increased. 

The pattern was quite different for African-American and Hispanic students, and supported the 

findings of Shernoff and Schmidt (2008) regarding an engagement-achievement paradox for African-

American students. When their behavioral engagement was low, their likelihood of being in the lowest-

achieving group in math also increased (similar to Asians and Whites). However, even when African-

Americans and Hispanics had moderate or high behavioral engagement, they were still more likely to be 

in the lowest-achieving groups in math rather than in the high-achieving groups.  

The results were similar for self-efficacy in math, and supported findings of prior studies that 

indicated self-efficacy as a more important predictor of achievement for White compared to Hispanic 

students (Stevens et al., 2004). When self-efficacy was low, African-Americans and Hispanics were more 

likely to obtain low GPAs in math, but even when their self-efficacy was moderate and high, these 

students were still more likely to be in the lowest-achieving groups rather than in the high-achieving 

groups in math. These results may suggest that, among African-American and Hispanic students, 

behavioral engagement and self-efficacy in mathematics were only significant predictors for the lowest-
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achieving group of students. On the contrary, among Asian and White students, behavioral engagement 

and math self-efficacy were also significant predictors for students with moderate and high GPAs in 

mathematics.  

Muller, Riegle-Crumb, Schiller, Wilkinson and Frank (2010) proposed that differences in the 

academic opportunities that African-Americans and Hispanics can access in schools may be a big 

contributor to this achievement gap. Hispanic and African-American students are usually 

underrepresented in math advanced courses since early high school, and this becomes a pattern until 

graduation. This early placement in low-performance courses is likely to hinder their subsequent GPA, as 

well as their enrollment in four-year majors in college (Muller et al., 2010). Once again, taking Bandura’s 

Social Cognitive Theory as a reference, being constantly placed in low-achieving groups in math in 

school builds environmental conditions that may elicit low levels of engagement in students, as well as 

low self-efficacy beliefs in mathematics. 

One characteristic of low-achieving classes are the low achievement expectations, since teachers 

usually do not expect students in these classes to have “remarkable” grades or test scores (Muller et al., 

2010). This may make students feel they are not efficacious in math, and their interest in attending 

classes, bringing homework and other necessary materials may decrease as well, leading to lower 

academic achievement (Linnenbrink & Pintrich, 2013). Parental education may be a protective factor in 

this regard. More educated parents are usually more involved in school decisions (i.e., students’ course 

placement) and are “better advocates of their children’s education” (Muller et al., 2010, p. 13). Further 

research should explore more in depth these racial/ethnic differences between represented and 

underrepresented groups, as well as how parental education and math preparation in high school relate to 

racial/ethnic differences in students’ achievement in mathematics at the middle and high school levels.  

Gender Differences. There were also significant gender differences in term of the relationships 

between behavioral engagement and achievement in math. Although both males and females were more 

likely to obtain high GPAs in mathematics when their levels of behavioral engagement were moderate as 

compared to low, females were still more likely than males to obtain high GPAs in math even at low 
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levels of behavioral engagement. It is important to consider that the measure of behavioral engagement 

used in this study was not specifically related to the math course(s) students were taking when they 

completed the questionnaire. Thus, it is not clear if the low levels of students’ behavioral engagement 

reported in HSLS: 09 refer to the math classes or any other class or group of classes. Moreover, there are 

some important indicators of behavioral engagement that were not considered in the measure used in this 

study. It is possible that females who arrived late to class, did not bring materials, and did not complete 

homework still participated in class discussions, asked questions, and sought help. This may have helped 

them obtain high GPAs even if they their behavioral engagement in this study were low.   

Females were also more likely to have higher behavioral engagement than males. These results 

resemble prior studies (Alkhadrawi, 2015; Sontam & Gabriel, 2012; Yin & Wang, 2016). Women usually 

care more about their academic work than men. Thus, females are more likely than males to invest more 

effort and time on their coursework and go to class prepared with the necessary materials, which 

contributes to obtaining higher GPAs in mathematics (Alkadrawi, 2015; Sontam & Gabriel, 2012).  

The results in this study suggested that self-efficacy in mathematics related to students’ GPA in 

mathematics in the same way for males and females. However, males were more likely to have higher 

self-efficacy in mathematics than females, even though they were significantly more likely than females 

to obtain low and medium GPAs as compared to high GPAs in math. Prior research has also indicated 

that males usually report higher self-efficacy beliefs in mathematics than females, even when the levels of 

math ability for both males and females are the same (Branch & Lichtenberg, 1987; Perez-Felkner et al., 

2012).  

Math and science are usually considered as “male domains” and, therefore, there are strong and 

widely spread stereotypes regarding the inferiority of females in these fields. In some cases, these 

stereotypes are shared by parents, peers, and even teachers (Lindberg et al., 2010). This is important 

because gendered stereotypes held by significant others can be a key source of students’ self-efficacy 

beliefs in different subjects/domains (Bandura, 1986). These stereotypes favoring males over females in 



86 

terms of math ability may be one of the reasons why males in this study felt significantly more confident 

in mathematics than females, even when females performed significantly better in terms of math GPAs.  

Students’ Future Career Choice  

Students’ Behavioral Engagement, Self-Efficacy in Mathematics and Future Career Choice. 

Both behavioral engagement and self-efficacy in mathematics were significant predictors of students’ 

future career choice. When each predictor was considered independently, students with low behavioral 

engagement were more likely to choose other white-collar careers over math, science and technology 

careers. Students with high self-efficacy in mathematics were less likely to choose predominantly blue-

collar careers over math, science and technology careers. However, the interaction between behavioral 

engagement and self-efficacy in math in terms of career choice yielded more interesting results.  

Only students with moderate behavioral engagement and moderate self-efficacy in math 

considered choosing math, science and technology careers over other type of careers in the future. 

Engagement experiences in school and highly interactive activities in math and science fields (i.e., special 

science programs, science fairs or competitions, and science camps), are a key factor that stimulates 

future vocational interests in math and science (Franz-Odendaal et al., 2016; Perez-Felkner et al., 2012; 

Rowan-Kenyon et al., 2012). In the same way, high self-efficacy beliefs in math are a strong predictor of 

career decidedness and intentions to pursue math and science-related careers in the future among 

American and International students (Gillespie & Hillman, 1993; Lent et al., 2010; Perez-Felkner et al., 

2017; Wang, 2012). Thus, it is not surprising that being behaviorally engaged in school and feeling 

capable of succeeding in math boosted students’ interests in pursuing math, science and technology 

careers in the future.   

On the other hand, students with moderate behavioral engagement and either very low or low 

self-efficacy in math were more likely to choose other white-collar or predominantly blue-collar careers 

over math, science and technology related careers. As mentioned in chapter one, mathematics are one of 

the most important bases for several majors and careers in college, not only those related to math and 

technology, but also many careers in the social, biological and health sciences (Sadler et al., 2014; Sells, 
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1975; Wang, 2012). Math performance and preparation in high school are also two of the earliest filters 

for college admission in the U.S. Thus, it is likely that these students who did not feel efficacious in math 

also perceived a very limited set of career possibilities, even if they were behaviorally engaged with 

school. This may be an important threat for these students’ chances of completing high school and 

enrolling in higher education programs.  

Similarly, students with low behavioral engagement and either very low or moderate self-efficacy 

in mathematics were more likely to choose predominantly blue-collar careers over math, science and 

technology careers. Based on how behavioral engagement was measured in this study, these were students 

who usually did not complete their homework, did not bring the basic necessary materials to work in class 

(i.e., books, pencils, notebook/paper), and usually arrived late to class (see page 43). They were not 

committed to their academic work and were not likely to invest time or effort on it. Lent et al (1986) 

stated that self-efficacy alone was insufficient to explain the totality of students’ career-related behaviors. 

They suggested that other factors, such as student engagement, should be considered in order to account 

for additional variance in career choice. Therefore, it is possible that even if these students felt confident 

of succeeding in math, they were less likely to choose math, science and technology careers or other 

white-collar careers in the future because these require formal instruction, commitment, and effort 

investment during an extended period of time.  

Gender Differences. An interesting finding of this study was that males were more likely than 

females to choose other white-collar and predominantly blue-collar careers, while females were more 

likely to choose math, science and technology careers. While these results are opposed to prior research 

that indicates a gender gap in science and math fields that favors men (Perez-Felkner et al., 2012; 

Unfriedet al., 2014), it is important to remember that in this study life, physical and social sciences were 

included within the math, science and technology careers category due to the impossibility of separating 

social and biological sciences from careers like physics or astronomy. This is important because men have 

usually more representation in engineering, computer science and math careers, but women are 

significantly overrepresented in the biological, social, and medical sciences (Perez-Felkner, 2012; 



88 

Unfriedet al., 2014). Thus, the way life, physical and social sciences were coded in this study may be 

related with the obtained results, and must be taken into consideration when interpreting these 

conclusions.    

Consistent with prior research (Perez-Felkner et al., 2017; Wang, 2012), there was not significant 

gender differences in the relationship between self-efficacy in mathematics and students’ future career 

choice, nor in the relationship between behavioral engagement and future career choice. Both males and 

females were more likely to choose math, science and technology careers as their behavioral engagement 

and self-efficacy in mathematics increased. Contrary to prior studies (Branch & Lichtenberg, 1987; 

Franz-Odendaal, Blotnicky, French & Joy, 2016; Gasiewski, Eagan, Garcia, Hurtado & Chang, 2011; 

Hackett & Bentz, 1982; Lent, Brown & Larkin, 1986; Lent, Paixão, Da Silva & Leitão, 2010; Gillespie & 

Hillman, 1993; Sha, 2012; Rowan-Kenyon, Swan & Creager, 2012; Tang, Pan & Newmeyer, 2008), the 

results in this study suggested significant racial/ethnic differences in the relationships of both behavioral 

engagement and math self-efficacy, and students’ future career choice.  

Racial/Ethnic Differences. In agreement with prior findings (U.S. Department of Commerce, 

2013), in this study Asian and White students were more likely than African-Americans and Hispanics to 

choose math, science and technology careers. However, even when Asian and White males had low 

behavioral engagement and low self-efficacy, they still chose math, science and technology careers over 

predominantly blue-collar careers. On the contrary, when African-American and Hispanic males had low 

behavioral engagement and low self-efficacy in math, they chose predominantly blue-collar careers over 

math, science and technology careers. Only when their self-efficacy in math was moderate, they became 

more likely to choose math, science and technology over predominantly blue-collar careers.  

As mentioned in chapter 2, approximately 86% of the STEM jobs in the U.S. are held by Asian 

and White non-Hispanic populations, while only 14% are held by African-American, Hispanic and people 

from other races (U.S. Department of Commerce, 2013). Role models are an important factor in identity 

construction (Sealy & Singh, 2009), and individuals tend to identify themselves with others who are 

similar to them (Bandura, 1986). Goodman and Damour (2011, p. 2) suggested that “Role models may be 
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thought as lighthouses: they offer a steady point of reference as we travel through complicated waters”. 

Asian and White students have significantly more role models they can identify with as scientists, 

engineers, physicists, computer scientists, etc., and this may be one of the reasons why these students still 

considered math, science and technology careers as a strong option for their futures, even if they were not 

engaged with school and did not feel confident in math. It was a safe path for them. Considering that 

African-Americans and Hispanics have considerably fewer role models in math and science, they may 

only be able to overcome this implicit social stereotype if they feel confident and capable enough to 

succeed in mathematics.  

As compared to males, females with low behavioral engagement from both overrepresented and 

underrepresented racial/ethnic groups were more likely to choose math, science and technology careers 

over predominantly blue-collar careers, even when their self-efficacy in mathematics was very low or 

low. As explained before, life, physical and social sciences were coded as math, science and technology 

careers in this study. It is possible that women who chose careers in the life, physical and social sciences 

fields had low self-efficacy in mathematics, but high self-efficacy in other subjects such as biology or 

chemistry, which are also important bases of these careers, increasing their likelihood to choose life, 

physical and social sciences occupations.  

Students’ Certainty vs. Indecision about Future Career Choice 

Students’ gender and self-efficacy in mathematics were significant predictors of students’ 

certainty about what career to pursue in the future. In this study, males were more likely than females to 

be uncertain about what career to pursue in the future. Prior research suggested that females were more 

uncertain than males about their career choice at all ages (Patton & Creed, 2001). Patton and Creed 

(2001) explained that while males were introduced to the work world from a very young age, young 

women still faced the dilemma of pursuing careers or being full-time mothers. According to the 

researchers, these differences in the exposure to careers as lifestyle possibilities may contribute to the 

gendered differences in career certainty. However, the proportion of women that join the labor force in 

the U.S. has increased from 1948 to 2015, getting closer to the proportion of men that join the labor force. 
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In 1948, 71% of the individuals in the labor force were males, while 28.6% were females. In 2015, 53.2% 

were males, and 46.8% were females (U.S. Department of Labor, 2016). There has been also an important 

increase in the proportion of women enrolled in higher education programs. In 1960, 54% of male recent 

high school graduates in the U.S. enrolled in college, compared to only 37.9% of females. This situation 

switched in 2000, when more females (66.2% ) than males (59.9%) who graduated from high school 

enrolled in higher education programs. The difference was even higher in 2014, with 72.6% of females 

enrolled in college compared to 64% of males (IES, 2016). These social and educational changes indicate 

that the gender gap in terms of considering a career as an option after graduating high school may be 

shortening. It is possible that as more women choose to join the labor force or go to college instead of just 

dedicating themselves to home duties, young girls have significantly more role models of professional 

careers being an option for females. This may lead them to consider possible career options from early 

years in middle school and high school.  

Students with low levels of self-efficacy in math and low behavioral engagement were also less 

likely to know what careers they wanted to pursue after graduating high school. This is not surprising 

since these were students who were not committed to their academic work at school, and did not feel they 

could succeed in math courses. Most careers require at least a minimum level of commitment and effort, 

and several careers (even many of the non-professional, blue-collar ones) require at least basic math 

skills. Thus, these students had a significantly reduced set of possibilities in terms of career choice, and 

were likely to doubt about it.  

Moreover, Asian and White males were less likely than African-American and Hispanic males to 

be uncertain about what career to choose in the future. However, the pattern changed for females. 

African-American and Hispanic females were significantly more likely than Asian and White females to 

be certain about what they wanted to pursue. Taking into consideration the differences in opportunities 

that individuals from different racial/ethnic groups can access, it is possible that African-American and 

Hispanic women know from early ages that they will have to either get a job and work, or enroll in 

postsecondary education after graduating high school in order to have a good lifestyle. This may make 
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them think more and harder about what they are going to do after high school as compared to Asian and 

White females, who may have a broader set of options and opportunities in the American society.  

Fouad and Byars-Winston (2005) highlighted that students’ individual characteristics interplay 

with how certain racial groups are portrayed in society. They suggested that in order to understand 

students’ vocational interests and how certain they feel about making career decisions, researchers must 

take into consideration how the cultural values of students interact with their surrounding environments. 

In this sense, it is not enough to consider just how African-American, Hispanic, Asian and White 

individuals are presented in the society. It is also necessary to focus on how aspects such as parental 

education and gendered beliefs, family relationships, and other variables related to the students’ 

microsystem connect to their certainty to make clear career decisions (Fouad & Bryars-Winston, 2005).  

Limitations of the Study 

Measure of Student Engagement  

Lack of Specificity. An initial limitation is the broad nature of the measure of behavioral 

engagement used in the study. As explained in chapter four (see page 43), the original scale of school 

engagement in HSLS: 09 used to create the behavioral engagement variable, focused on general academic 

behaviors such as completing homework, attending classes and bringing necessary materials. These are 

not indicators of engagement with the specific math courses students were taking during the fall of 2009, 

but more general indicators that could be related to any other group of classes. Future research should use 

more situated measures that allow exploring how students’ behavioral engagement and achievement 

interact within particular fields (Akey, 2006; Brennan, 2015).  

Negative Wording. Another limitation associated with the measurement of behavioral 

engagement is the use of negative wording in the original items used to construct the scale of school 

engagement in HSLS: 09. The items asked how frequently students came to class without their homework 

done and without necessary materials. Only one of the items was direct and asked how frequently 

students went to class late (IES, 2011). This kind of items introduce the risk of ending up measuring a 
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construct that is different from the desired one. For instance, these items may be more a measure of 

disengagement rather than engagement itself.  

Limited Scope. This study only considered students’ behavioral engagement, and did not include 

measures of cognitive and emotional engagement due to limitations of the Log-Linear Model selection 

and Multinomial Logistic Regression procedures (see page 52). Since the three dimensions of engagement 

do not operate separately, but coexist and interact to each other, which makes it hard to separate them 

(Fredricks et al., 2004; Linnenbrink & Pintrich, 2013). Therefore, further research on engagement should 

also include measures of cognitive and emotional engagement, in order to account for a larger variation in 

students’ GPA. Moreover, future research should not only focus on students’ sense of belonging to school 

as a unique indicator of students’ emotional engagement, but also include other indicators such as 

perceived utility of specific academic subjects, which has a stronger relationship with students’ academic 

achievement (Finn, 1993).  

Students’ Ability in Mathematics 

Another limitation is that I did not control for students’ ability in mathematics. Prior research has 

highlighted the importance of controlling for students’ ability or aptitude in mathematics when examining 

the relationships of engagement and self-efficacy with students’ academic achievement and future career 

choices (Dotterer & Lowe, 2011; Perez-Felkner et al., 2017). Initially I planned to use the scores of the 

Mathematics assessment of Algebraic Reasoning in HSLS: 09 as a measure of students’ ability/aptitude in 

math. However, this was not possible because when the variable was included in the Model Selection 

program as a factor, there were too many zeros cells that prevented SPSS to converge and generate an 

output (see page 52). Similarly, when students’ ability was included as a covariate (either continuous or 

categorical) in the Multinomial Logistic Regression program, SPSS failed to converge and no output was 

generated.    

One possible alternative to overcome the statistical limitations of Log-linear and Multinomial 

Regression methods could be the Multiple Discriminant analysis. This technique is very similar to the 

multinomial regression since it allows to classify individuals into groups of interest, and examine the 
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differences between groups with respect to multiple predictors (Klecka, 1980). Using discriminant 

analysis, it could have been possible to include all the predictors initially considered in the study. Future 

studies should explore the benefits of using this statistical technique to analyze these kinds of data.  

Measure of Students’ Future Career Choices 

The fact that the Life, physical and social sciences were coded in the public use version of HSLS: 

09 as one single category caused important limitation for the study. It was not possible to separate fields 

were women have become majority during the last decades (i.e., biological, social and medical sciences) 

from fields were males are significantly overrepresented (i.e., physics) (Perez-Felkner et al., 2012; 

Unfried et al., 2014). Since Life, physical and social sciences were coded in this study as Math, science 

and technology careers, results regarding gender differences in career choice must be interpreted with 

caution.  

Measure of Students’ Race/Ethnicity  

The original coding of the students’ Race variable in the public version of HSLS: 09 is also a 

limitation of this study. As discussed before, the HSLS: 09 public file does not provide information of 

which races or combinations of races were marked by students who reported “More than one race”. Thus, 

these data were treated as missing in this study. Future research should explore the restricted version of 

HSLS: 09, which provides much more detailed information about students’ characteristics and 

educational experiences (IES, 2011).  

The way students’ race was recoded in this study is both a strength and a limitation. Different to 

prior studies (Branch & Lichtenberg, 1987; Franz-Odendaal, Blotnicky, French & Joy, 2016; Gasiewski, 

Eagan, Garcia, Hurtado & Chang, 2011; Hackett & Bentz, 1982; Lent, Brown & Larkin, 1986; Lent, 

Paixão, Da Silva & Leitão, 2010; Gillespie & Hillman, 1993; Sbrocco, 2009; Sciarra & Seirup, 2008; 

Shernoff & Schmidt, 2008; Stevens et al., 2004; Sha, 2012; Rowan-Kenyon, Swan & Creager, 2012; 

Tang, Pan & Newmeyer, 2008) where each race was coded as a separate category, I put African-

American and Hispanic students in the underrepresented group in STEM, and Asians and Whites in the 

Overrepresented group. This could have had an effect on my results, and may be one of the reasons why I 
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found significant interactions between race, behavioral engagement, self-efficacy in math and future 

career choice. It is important to remember that each racial/ethnic group has different cultural dynamics, 

and faces different social realities and opportunities. Thus, results must be interpreted taking these 

differences into consideration.   

Measure of Students’ GPA in Mathematics 

Students’ GPAs in math correspond to a cumulative measure of students’ final GPA in 

mathematics obtained in 2013, after the 2009 cohort had graduated from high school (IES, 2015). Since 

this is not a measure of students’ GPA in ninth grade, many factors different from the ones considered in 

this research could have interacted with students’ GPA. Moreover, engagement and self-efficacy are not 

fixed factors, instead they can increase or decrease depending on a considerable number of conditions and 

stimuli (Bandura, 1986; Fredricks et al., 2004). Having a measure of math GPA that gathers students’ 

achievement during almost three school years, introduces the risk of not accounting for possible 

fluctuations in the levels of students’ behavioral engagement and self-efficacy in math.  

Racial/Ethnic and Gender Differences in Achievement and Future Career Choice 

Although the racial/ethnic and gender differences found in this study in terms of students’ 

achievement in math and future career choices were analyzed from multiple perspectives, no explanation 

is ever complete. Variables related with the immediate context of students such as parental education, 

parental expectations, family relationships, teacher-student relationships, and students’ identification with 

role models, were not considered in this study and have been found to be important to understand the 

variation of students’ academic achievement and future career choices (Fouad & Byars-Winston, 2005; 

Goodman & Damour, 2011; Sealy & Singh, 2009).  

Students’ Behavioral Engagement, Self-Efficacy in Mathematics and School Dropout  

Finally, as highlighted in the first chapter of the study, students’ academic achievement, self-

efficacy and engagement are important predictors of students’ drop out and permanence in school 

(Appleton et al., 2008; Archambault et al., 2009; Bandura, 1986; Burrus & Roberts, 2012; Hacket & Betz, 

1982; Fall & Roberts, 2012; Fan and Wolters, 2014; Fredricks, Blumenfeld & Paris, 2004; Rumberger, 
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2004). The first follow-up of HSLS: 09, conducted in 2012 (the year of students’ graduation), contains 

information about which students of the base-year sample dropped out of school before graduation (IES, 

2011). Future studies should use these data to explore how behavioral engagement, self-efficacy in math, 

gender, and race/ethnicity related to students’ decisions of dropping out or completing high school. Such 

an approach would provide richer results on the school dropout rate dynamics.  

Practical Implications of Results 

Despite the discussed limitations, the findings of this study have important practical implications. 

The results of this research indicated that low behavioral engagement and low self-efficacy in 

mathematics increased the risk of students obtaining poor GPAs in math, and reduced the likelihood of 

choosing math, science and tech careers as an option for their futures. It is important to develop strategies 

within schools to identify less engaged and less confident students, making efforts to get them engaged 

with school again, and enhancing their confidence in their own math abilities. It is possible that as these 

students feel more capable of doing a good job in math courses, they may also become willing to put 

more behavioral resources in their school work, increasing their chances of obtaining better academic 

outcomes and their interest in pursuing careers in fields they feel both engaged with and confident.   

On the other hand, African-American and Hispanic students were more likely to obtain low GPAs 

in math as compared to Asian and White students, even when their behavioral engagement and self-

efficacy were both moderate. This elicits a critical reflection on aspects such as the kind of opportunities 

that students from different ethnic groups have access to, how the school environment may differ for 

them, and how the academic experience may be different depending on the racial group a student comes 

from. Prior research has shown that African-American and Hispanic students are overrepresented in low-

achieving math and science classes in middle school and high school (Muller et al., 2010). Thus, it is 

necessary to develop strategies to get these students to progress and make their way into advanced 

classes, increasing their chances of obtaining high GPAs in core courses and eventually graduating. Such 

strategies should not focus only on mastering academic contents, but strengthening aspects related to 

students’ school experience, such as engagement and self-efficacy beliefs.  
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The gender gap in terms of self-efficacy in mathematics found in this study is also a key finding 

for educational policies and school programs. The results suggested that females had significantly lower 

self-efficacy in math than males even though they usually had equal or even higher GPAs in math than 

males. Schools and institutions of educational administration should address the stereotypes that portrait 

women as “less capable” or “less suitable” for math and science domains. Doing this implies not only 

focusing on the students, but only reaching to parents, teachers, school staff, and other relevant 

individuals girls are surrounded by. Focusing on progressively modifying the attitudes of members of the 

school community could be a first step to strengthen an equality message that protects young girls from 

gendered stereotypes in terms of their math abilities.  

Finally, the findings in this study could also pertain research and practice in the fields of career 

counseling and advising at the middle school level. Starting the assessment of career interests at early 

school stages (i.e., ninth grade) could offer the opportunity to identify emerging patterns in students’ 

preferences in terms of what they want to do after graduating, and even identify students who are not 

certain about their futures. The findings of this study support the need of more robust assessments that 

look not only at students’ certainty or uncertainty about career choices, but also explore factors such as 

their engagement with the academic work and school, and their self-efficacy in core subjects. Such an 

approach could generate richer information about why these students could be having doubts, and could 

help developing more effective strategies to help them make accurate decisions.  
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APPENDIX A 

IRB APPROVAL LETTER  

 

  
Office of the Vice President for Research  

Human Subjects Committee  

Tallahassee, Florida 32306-2742  

 (850) 644-8673 ·  FAX (850) 644-4392  

  

APPROVAL MEMORANDUM  

  

Date:    04/05/2017 

  

To:  Julieth Diaz <jpd15@my.fsu.edu> 

  

Address:    

  

Dept.:        EDUCATIONAL PSYCHOLOGY AND LEARNING SYSTEMS  

  

From:      Thomas L. Jacobson, Chair  

  

Re: Use of Human Subjects in Research  

         Relationships among Student Engagement, Self-efficacy, Academic Achievement, and Future Career Plans in   Mathematics: Ethnic 

and Gender Differences among Middle School Students in the U.S. 

  

The application that you submitted to this office in regard to the use of human subjects in the proposal 

referenced above have been reviewed by the Secretary, the Chair, and two members of the Human 

Subjects Committee. Your project is determined to be and has been approved Expedited per 45 CFR § 46.110(7) by 

an expedited review process.  

  

The Human Subjects Committee has not evaluated your proposal for scientific merit, except to weigh the 

risk to the human participants and the aspects of the proposal related to potential risk and benefit. This 

approval does not replace any departmental or other approvals, which may be required.  
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If you submitted a proposed consent form with your application, the approved stamped consent form is 

attached to this approval notice.  Only the stamped version of the consent form may be used in recruiting 

research subjects.  

  

If the project has not been completed by you must request a renewal of approval for continuation of 

04/04/2018 the project. As a courtesy, a renewal notice will be sent to you prior to your expiration date; 

however, it is your responsibility as the Principal Investigator to timely request renewal of your approval 

from the Committee.  

  

You are advised that any change in protocol for this project must be reviewed and approved by the 

Committee prior to implementation of the proposed change in the protocol. A protocol 

change/amendment form is required to be submitted for approval by the Committee.  In addition, federal 

regulations require that the Principal Investigator promptly report, in writing any unanticipated problems 

or adverse events involving risks to research subjects or others.   

  

By copy of this memorandum, the chairman of your department and/or your major professor is reminded 

that he/she is responsible for being informed concerning research projects involving human subjects in the 

department, and should review protocols as often as needed to insure that the project is being conducted 

in compliance with our institution and with DHHS regulations.  

  

This institution has an Assurance on file with the Office for Human Research Protection. The Assurance 

Number is IRB00000446.  

  

Cc:             

HSC No.   2017.20547 
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APPENDIX B 

HSLS: 09 SCHOOL AND STUDENT SAMPLING DETAILS  

 
Table B.1 

Post Sampling Eligibility and Response Status for Schools by Sampling Stratum  

 Sampled Schools Eligible Schools Responding Schools 

School Sampling Stratum n Percent n Percent n percent 

          Total 1,973 100.0 1,889 95.7 944 50.0 

School type       

    Public 1,550 78.6 1,495 96,5 767 51.3 

    Private 423 21.4 394 93.1 177 44.9 

        Catholic 198 10.0 194 98.0 102 52.6 

        Other private 225 11.4 200 88.9 75 37.5 

Region        

    Northeast 357 18.1 340 95.2 149 43.8 

    Midwest 493 25.0 474 96.1 251 53.0 

    South 729 36.9 702 96.3 380 54.1 

    West 394 20.0 373 94.7 164 44.0 

Locale       

    City 667 33.8 626 93.9 272 43.5 

    Suburban 715 36.2 693 96.9 335 48.3 

    Town 204 10.3 198 97.1 117 59.1 

    Rural 387 19.6 372 96.1 220 59.1 

Table adapted from the HSLS:09 Base-Year Data File Documentation file.  

 
Table B.2 

Student Enrollment List, Total Number Sampled and Average Sampled by Sample Design Characteristics  

 
Frame list counts 

Enrollment list 

counts 
Sampled students 

Average 

sampled per 

school 

School sampling 

stratum n Percent n Percent n Percent 

         Total 4,197,72

4 

100.0 309,36

0 

100.0 26,305 8.5 27.9 

School type        

    Public 3,899,77

5 

92.9 287,87

3 

93.1 21,689 7.5 28.3 
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Table B.2 Continued  

 
Frame list counts 

Enrollment list 

counts 
Sampled students 

Average 

sampled per 

school 

School sampling 

stratum n Percent n Percent n Percent 

    Private 297,949 7.1 21,487 6.9 4,616 21.5 26.1 

      Catholic 153,224 3.7 17,101 5.5 2,857 16.7 28.0 

      Other private 144,725 3.4 4,386 1.4 1,759 40.1 23.5 

Region        

    Northeast 731,058 17.4 44,011 14.2 4,182 9.5 28.1 

    Midwest 927,756 22.1 69,670 22.5 6,959 10.0 27.7 

    South 1,578,55

9 

37.6 129,61

4 

41.9 10,618 8.2 27.9 

    West 960,351 22.9 66,065 21.4 4,546 6.9 27.7 

Locale        

City 1,338,54

9 

31.9 97,612 31.6 7,607 7.8 28.0 

Suburban 1,399,61

5 

33.3 131,33

7 

42.5 9,551 7.3 28.5 

Town 492,894 11.7 23,979 7.8 3,062 12.8 26.2 

Rural 966,666 23.0 56,432 18.2 6,085 10.8 27.7 

Table adapted from the HSLS:09 Base-Year Data File Documentation file.  
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APPENDIX C 

FREQUENCIES OF INPUT VARIABLES FOR COMPOSITE MEASURES  

Table C.1.  
 
Input for Scale of School Engagement: How Often the Ninth Grader Goes to Class without their 

Homework Done (S1NOHWDN) 

 

 Frequency Percent Valid Percent 

Valid  

(0.88)12 

Never 4212 18.0 18.2 

Rarely 10072 42.9 43.6 

Sometimes 6255 26.7 27.1 

Often 2585 11.0 11.2 

Total 23123 98.6 100.0 

Missing Missing 327 1.4  

Total 23450 100.0  

 
Table C.2.  
 

Input for Scale of School Engagement: How Often the Ninth Grader Goes to Class without Pencil or 

Paper (S1NOPAPER) 

 

 Frequency Percent Valid Percent 

Valid 

(0.86) 

Never 11138 47.5 48.3 

Rarely 7311 31.2 31.7 

Sometimes 2693 11.5 11.7 

Often 1907 8.1 8.3 

Total 23049 98.3 100.0 

Missing Missing 401 1.7  

Total 23450 100.0  

 
Table C.3.  
 

Input for Scale of School Engagement: How Often the Ninth Grader Goes to Class without Books 

(S1NOBOOKS) 

 

 Frequency Percent Valid Percent 

Valid 

(0.87) 

Never 12279 52.4 53.3 

Rarely 7670 32.7 33.3 
 Sometimes 2165 9.2 9.4 

                                                 
12 The numbers in parentheses correspond to the factor loadings from the principal components factor analysis of 
each individual variable used to construct the original scale of school engagement in HSLS: 09.  
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Table C.3 Continued  

  Frequency Percent Valid Percent 

Valid  Often 912 3.9 4.0 

Total 23026 98.2 100.0 

Missing Missing 424 1.8  

Total 23450 100.0  

 

Table C.4. 

Input for Scale of School Engagement: How Often the Ninth Grader Goes to Class Late (S1LATE) 

 

 Frequency Percent Valid Percent 

Valid 

(0.87) 

Never 10509 44.8 45.6 

Rarely 9220 39.3 40.0 

Sometimes 2671 11.4 11.6 

Often 665 2.8 2.9 

Total 23064 98.4 100.0 

Missing Missing 386 1.6  

Total 23450 100.0  

 

Table C.5. 

Input for Scale of Self-Efficacy in Mathematics: How Confident the Ninth Grader Feels He Can Master 

Skills in Fall 2009 Math Course (S1MSKILLS) 

 

 Frequency Percent Valid Percent 

Valid 

(0.88)13 

Strongly agree 4526 19.3 21.7 

Agree 11896 50.7 57.0 

Disagree 3699 15.8 17.7 

Strongly disagree 754 3.2 3.6 

Total 20875 89.0 100.0 

Missing  2575 11.0  

Total 23450 100.0  

 
 

 

 

 

                                                 
13 Number in parentheses correspond to the factor loadings from the principal components factor analysis of each 
individual variable used to construct the original scale of self-efficacy in mathematics in HSLS: 09. 
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Table C.6. 

Input for Self-Efficacy in Mathematics: How Confident the Ninth Grader Feels He Can Do an Excellent 

Job on Fall 2009 Math Tests (S1MTESTS) 

 

 Frequency Percent Valid Percent 

Valid 

(0.89) 

Strongly agree 4827 20.6 23.1 

Agree 11154 47.6 53.3 

Disagree 4101 17.5 19.6 

Strongly disagree 830 3.5 4.0 

Total 20912 89.2 100.0 

Missing  2538 10.8  

Total 23450 100.0  

 
Table C.7. 

Input for Self-Efficacy in Mathematics: How Confident the Ninth Grader Feels He Can Do an Excellent 

Job on Fall 2009 Math Assignments (S1MASSEXCL) 

 

 Frequency Percent Valid Percent 

Valid 

(0.89) 

Strongly agree 5333 22.7 25.6 

Agree 11879 50.7 57.1 

Disagree 2940 12.5 14.1 

Strongly disagree 654 2.8 3.1 

Total 20806 88.7 100.0 

Missing  2644 11.3  

Total 23450 100.0  

 
Table C.8. 

Input for Self-Efficacy in Mathematics: How Confident the Ninth Grader Feels He Can Understand the 

Fall 2009 Math Textbook (S1MTEXTBOOK) 

 

 Frequency Percent Valid Percent 

Valid 

(0.85) 

Strongly agree 3333 14.2 16.0 

Agree 9706 41.4 46.5 

Disagree 6308 26.9 30.2 

Strongly disagree 1533 6.5 7.3 

Total 20880 89.0 100.0 

Missing  2570 11.0  

Total 23450 100.0  

  



104 

APPENDIX D 

PARAMETER ESTIMATES FROM THE MULTINOMIAL LOGISTIC REGRESSION 
 
Table D.1.  

Parameter Estimates for the Model Including Math GPA as the Outcome Variable 

Math GPA 

 β 
Std. 

Error 
Wald df p 

1st 

Quartile 
Intercept .22 .22 .97 1 .32 

 Race/ethnicity -2.77 .29 91.18 1 < .001 

 Sex  .93 .38 5.94 1 .01 

 Behavioral engagement (1st Quartile) 1.48 .42 12.45 1 < .001 

 Behavioral engagement (2nd Quartile) -.91 .50 3.26 1 .07 

 Behavioral engagement (3rd Quartile) .61 .40 2.33 1 .12 

 Math self-efficacy (1st Quartile) 1.69 .45 14.02 1 < .001 

 Math self-efficacy (2nd Quartile) -.31 .36 .75 1 .38 

 Math self-efficacy (3rd Quartile) .01 .31 .001 1 .97 

 Race/ethnicity * Sex -.14 .45 .10 1 .74 

 Race/ethnicity * Behavioral engagement .55 .50 1.18 1 .27 

 Race/ethnicity* Behavioral engagement (2nd Quartile) 1.59 .59 7.13 1 .008 

 Race/ethnicity* Behavioral engagement (3rd Quartile) .61 .47 1.68 1 .19 

 Race/ethnicity * Math Self-efficacy (1st Quartile) 1.16 .51 5.14 1 .02 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) 2.13 .43 23.82 1 < .001 

 Race/ethnicity* Math Self-efficacy (3rd Quartile) 1.23 .39 10.08 1 .001 

 Sex* Behavioral engagement (1st Quartile) -.66 .64 1.06 1 .30 

 Sex* Behavioral engagement (2nd Quartile) 1.93 .73 6.89 1 .009 

 Sex* Behavioral engagement (3rd Quartile) -1.36 .60 5.11 1 .02 

 Sex* Math Self-efficacy (1st Quartile) 14.96 658.59 .001 1 .98 

 Sex* Math Self-efficacy (2nd Quartile) .97 .94 1.05 1 .30 

 Sex* Math Self-efficacy (3rd Quartile) .32 .64 .25 1 .61 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(1st Quartile) 
1.01 .98 1.05 1 .30 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(2nd Quartile) 
.92 .64 2.02 1 .15 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(3rd Quartile) 
-.48 .58 .68 1 .40 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(1st Quartile) 
16.76 795.78 <.001 1 .98 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(2nd Quartile) 
3.41 .80 18.08 1 < .001 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(3rd Quartile) 
3.04 .68 20.01 1 < .001 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(1st Quartile) 
.94 .80 1.40 1 .23 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(2nd Quartile) 
-.76 .60 1.63 1 .20 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(3rd Quartile) 
-.03 .58 .004 1 .95 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 1.29 .73 3.14 1 .07 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) -1.23 .82 2.24 1 .13 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 1.08 .68 2.55 1 .11 

 Race/ethnicity* Sex* Math Self-efficacy (1st Quartile) -14.7 658.59 .001 1 .98 

 Race/ethnicity* Sex* Math Self-efficacy (2nd Quartile) -.564 1.01 .30 1 .58 

 Race/ethnicity* Sex* Math Self-efficacy (3rd Quartile) -.23 .71 .11 1 .73 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (1st Quartile) 
-1.38 1.05 1.72 1 .19 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (2nd Quartile) 
-1.87 .74 6.36 1 .01 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (3rd Quartile) 
-.003 .68 <.001 1 .99 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (1st Quartile) 
-16.1 795.78 <.001 1 .98 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (2nd Quartile) 
-3.21 .89 13.01 1 < .001 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (3rd Quartile) 
-2.84 .77 13.51 1 < .001 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (1st Quartile) 
-1.17 .86 1.83 1 .17 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (2nd Quartile) 
-.18 .68 .07 1 .78 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (3rd Quartile) 
-.93 .65 2.03 1 .15 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (1st Quartile) 
-16.4 658.59 .001 1 .98 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (2nd Quartile) 
.08 1.32 .004 1 .95 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (3rd Quartile) 
1.01 .94 1.15 1 .28 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (1st Quartile) 
-32.3 1032.96 .001 1 .97 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (2nd Quartile) 
-3.49 1.36 6.55 1 .01 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (3rd Quartile) 
-4.83 1.01 22.89 1 < .001 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (1st Quartile) 
-.68 .96 .50 1 .47 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (2nd Quartile) 
1.60 1.16 1.88 1 .17 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (3rd Quartile) 
2.19 .99 4.85 1 .02 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (1st Quartile) 
15.39 658.59 .001 1 .98 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (2nd Quartile) 
-.59 1.42 .17 1 .67 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (3rd Quartile) 
-1.25 1.05 1.41 1 .23 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (1st Quartile) 
31.53 1032.96 .001 1 .97 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (2nd Quartile) 
2.70 1.46 3.42 1 .06 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (3rd Quartile) 
3.83 1.10 12.02 1 .001 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (1st Quartile) 
.55 .93 .35 1 .55 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.37 1.26 1.17 1 .27 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (3rd Quartile) 
-1.25 1.07 1.36 1 .24 

2nd 

Quartile  
Intercept .03 .23 .01 1 .88 

 Race/ethnicity -2.09 .27 57.76 1 < .001 

 Sex -.16 .45 .13 1 .71 

 Behavioral engagement (1st Quartile) .86 .45 3.58 1 .05 

 Behavioral engagement (2nd Quartile) .85 .38 4.88 1 .02 

 Behavioral engagement (3rd Quartile) 1.22 .39 9.60 1 .002 

 Math Self-efficacy (1st Quartile) .80 .49 2.64 1 .10 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Math Self-efficacy (2nd Quartile) -.35 .38 .84 1 .35 

 Math Self-efficacy (3rd Quartile) -.50 .35 2.03 1 .15 

 Race/ethnicity* Sex .76 .50 2.34 1 .12 

 Race/ethnicity* Behavioral engagement (1st Quartile) .37 .53 .49 1 .48 

 Race/ethnicity* Behavioral engagement (2nd Quartile) .21 .45 .22 1 .63 

 Race/ethnicity* Behavioral engagement (3rd Quartile) -.63 .45 1.96 1 .16 

 Race/ethnicity* Math Self-efficacy (1st Quartile) 1.19 .54 4.73 1 .03 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) 1.86 .43 18.13 1 < .001 

 Race/ethnicity* Math Self-efficacy (3rd Quartile) 1.41 .40 12.20 1 < .001 

 Sex* Behavioral engagement (1st Quartile) .17 .72 .05 1 .81 

 Sex* Behavioral engagement (2nd Quartile) .87 .71 1.49 1 .22 

 Sex* Behavioral engagement (3rd Quartile) -1.41 .68 4.32 1 .03 

 Sex* Math Self-efficacy (1st Quartile) 16.18 658.59 .001 1 .98 

 Sex* Math Self-efficacy (2nd Quartile) 1.78 1.01 3.05 1 .08 

 Sex* Math Self-efficacy (3rd Quartile) 1.70 .72 5.59 1 .01 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(1st Quartile) 
1.88 1.02 3.37 1 .06 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(2nd Quartile) 
.53 .70 .58 1 .44 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(3rd Quartile) 
.33 .64 .27 1 .60 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(1st Quartile) 
14.88 795.78 <.001 1 .98 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(2nd Quartile) 
1.26 .75 2.80 1 .09 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(3rd Quartile) 
-.17 .69 .06 1 .80 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(1st Quartile) 
.289 .831 .121 1 .728 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(2nd Quartile) 
-1.55 .63 6.07 1 .01 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(3rd Quartile) 
1.22 .57 4.54 1 .03 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) .15 .80 .03 1 .84 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) -1.82 .78 5.43 1 .02 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 1.61 .73 4.77 1 .02 

 Race/ethnicity* Sex* Math Self-efficacy (1st Quartile) -15.6 658.59 .001 1 .98 

 Race/ethnicity* Sex* Math Self-efficacy (2nd Quartile) -1.55 1.07 2.07 1 .15 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Race/ethnicity* Sex* Math Self-efficacy (3rd Quartile) -1.37 .77 3.18 1 .07 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (1st Quartile) 
-2.10 1.09 3.72 1 .05 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (2nd Quartile) 
-1.17 .79 2.20 1 .13 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (3rd Quartile) 
-.02 .73 .001 1 .97 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (1st Quartile) 
-14.9 795.78 < .001 1 .98 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (2nd Quartile) 
-1.61 .81 3.86 1 .04 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (3rd Quartile) 
.06 .75 .00 1 .93 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (1st Quartile) 
.04 .89 .003 1 .95 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (2nd Quartile) 
1.21 .69 3.01 1 .08 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (3rd Quartile) 
-1.44 .63 5.13 1 .02 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (1st Quartile) 
-17.6 658.59 .001 1 .97 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (2nd Quartile) 
-.66 1.42 .22 1 .63 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (3rd Quartile) 
-1.55 1.05 2.16 1 .14 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (1st Quartile) 
-31.6 1032.96 .001 1 .97 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (2nd Quartile) 
-2.35 1.39 2.85 1 .09 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (3rd Quartile) 
-2.63 1.07 6.00 1 .01 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (1st Quartile) 
-2.05 1.14 3.21 1 .07 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (2nd Quartile) 
.94 1.27 .55 1 .45 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (3rd Quartile) 
-.26 1.06 .06 1 .80 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (1st Quartile) 
16.33 658.59 .001 1 .98 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (2nd Quartile) 
.47 1.52 .09 1 .75 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (3rd Quartile) 
.83 1.15 .52 1 .46 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (1st Quartile) 
31.76 1032.96 .001 1 .97 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (2nd Quartile) 
3.22 1.48 4.73 1 .03 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (3rd Quartile) 
2.82 1.14 6.06 1 .01 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (1st Quartile) 
.76 1.12 .45 1 .49 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.21 1.35 .79 1 .37 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (3rd Quartile) 
-.22 1.12 .03 1 .84 

3rd 

Quartile 
Intercept .53 .20 6.67 1 .01 

 Race/ethnicity -.95 .22 18.44 1 < .001 

 Sex .97 .36 7.10 1 .008 

 Behavioral engagement (1st Quartile) .83 .42 3.91 1 .04 

 Behavioral engagement (2nd Quartile) .35 .37 .92 1 .33 

 Behavioral engagement (3rd Quartile) 1.46 .36 16.03 1 < .001 

 Math Self-efficacy (1st Quartile) .29 .48 .35 1 .55 

 Math Self-efficacy (2nd Quartile) -.25 .33 .55 1 .45 

 Math Self-efficacy (3rd Quartile) .25 .28 .77 1 .38 

 Race/ethnicity* Sex -.83 .38 4.72 1 .03 

 Race/ethnicity* Behavioral engagement (1st Quartile) -.26 .46 .31 1 .57 

 Race/ethnicity* Behavioral engagement (2nd Quartile) -.01 .40 .001 1 .97 

 Race/ethnicity* Behavioral engagement (3rd Quartile) -1.15 .38 8.81 1 .003 

 Race/ethnicity* Math Self-efficacy (1st Quartile) .89 .51 3.03 1 .08 

 Race/ethnicity* Math Self-efficacy (2nd Quartile) .88 .36 5.92 1 .01 

 Race/ethnicity* Math Self-efficacy (3rd Quartile) .34 .31 1.23 1 .26 

 Sex* Behavioral engagement (1st Quartile) -1.09 .65 2.81 1 .09 

 Sex* Behavioral engagement (2nd Quartile) .87 .64 1.87 1 .17 

 Sex* Behavioral engagement (3rd Quartile) -1.56 .54 8.13 1 .004 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Sex* Math Self-efficacy (1st Quartile) 13.44 658.59 <.001 1 .98 

 Sex* Math Self-efficacy (2nd Quartile) 1.22 .90 1.80 1 .17 

 Sex* Math Self-efficacy (3rd Quartile) -.33 .62 .29 1 .59 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(1st Quartile) 
.40 1.04 .14 1 .69 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(2nd Quartile) 
-.05 .66 .006 1 .93 

 Behavioral engagement (1st Quartile) * Math Self-efficacy 

(3rd Quartile) 
.26 .56 .224 1 .63 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(1st Quartile) 
14.75 795.78 <.001 1 .98 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(2nd Quartile) 
1.18 .73 2.61 1 .10 

 Behavioral engagement (2nd Quartile) * Math Self-efficacy 

(3rd Quartile) 
.33 .59 .32 1 .57 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(1st Quartile) 
-.03 .82 .001 1 .97 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(2nd Quartile) 
-1.47 .54 7.42 1 .006 

 Behavioral engagement (3rd Quartile) * Math Self-efficacy 

(3rd Quartile) 
-.81 .53 2.37 1 .12 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 1.65 .69 5.57 1 .018 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) -.83 .67 1.54 1 .21 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 2.01 .57 12.17 1 < .001 

 Race/ethnicity* Sex* Math Self-efficacy (1st Quartile) -12.5 658.59 <.001 1 .98 

 Race/ethnicity* Sex* Math Self-efficacy (2nd Quartile) -.35 .94 .14 1 .70 

 Race/ethnicity* Sex* Math Self-efficacy (3rd Quartile) .54 .65 .70 1 .40 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (1st Quartile) 
-.58 1.08 .29 1 .58 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (2nd Quartile) 
.17 .72 .05 1 .81 

 Race/ethnicity* Behavioral engagement (1st Quartile) * 

Math Self-efficacy (3rd Quartile) 
.03 .62 .002 1 .96 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (1st Quartile) 
-14.2 795.78 <.001 1 .98 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (2nd Quartile) 
-1.14 .77 2.20 1 .13 

 



111 

Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Race/ethnicity* Behavioral engagement (2nd Quartile) * 

Math Self-efficacy (3rd Quartile) 
-.71 .63 1.28 1 .25 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (1st Quartile) 
.31 .85 .13 1 .70 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (2nd Quartile) 
1.41 .58 5.90 1 .01 

 Race/ethnicity* Behavioral engagement (3rd Quartile) * 

Math Self-efficacy (3rd Quartile) 
.68 .56 1.51 1 .21 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (1st Quartile) 
-14.0 658.59 <.001 1 .98 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (2nd Quartile) 
.21 1.33 .02 1 .87 

 Sex* Behavioral engagement (1st Quartile) * Math Self-

efficacy (3rd Quartile) 
-.58 .96 .36 1 .54 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (1st Quartile) 
-30.1 1032.96 .001 1 .97 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (2nd Quartile) 
-4.17 1.33 9.72 1 .002 

 Sex* Behavioral engagement (2nd Quartile) * Math Self-

efficacy (3rd Quartile) 
-2.25 .95 5.66 1 .01 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (1st Quartile) 
1.91 .47 16.18 1 < .001 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (2nd Quartile) 
.38 1.10 .12 1 .72 

 Sex* Behavioral engagement (3rd Quartile) * Math Self-

efficacy (3rd Quartile) 
1.56 .95 2.68 1 .10 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (1st Quartile) 
12.83 658.59 <.001 1 .98 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.33 1.40 .90 1 .34 

 Race/ethnicity* Sex* Behavioral engagement (1st Quartile) 

* Math Self-efficacy (3rd Quartile) 
.04 1.03 .001 1 .96 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (1st Quartile) 
29.28 1032.96 .001 1 .97 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (2nd Quartile) 
4.14 1.39 8.81 1 .003 

 Race/ethnicity* Sex* Behavioral engagement (2nd Quartile) 

* Math Self-efficacy (3rd Quartile) 
2.31 .99 5.44 1 .02 
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Table D.1. Continued  

Math GPA 

 β 
Std. 

Error 
Wald df p 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (1st Quartile) 
-3.37 < .001 .  1 . 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (2nd Quartile) 
-1.40 1.16 1.44 1 .23 

 Race/ethnicity* Sex* Behavioral engagement (3rd Quartile) 

* Math Self-efficacy (3rd Quartile) 
-2.0 .99 4.12 1 .04 

 
Table D.2.  

Parameter Estimates for the Model Including Future Career Choice as the Outcome Variable 

 
Future career choice β 

Std. 

Error 
Wald df 

p 

Other White-

collar 
Intercept .29 .17 2.97 1 .08 

 Race/ethnicity -.60 .19 9.75 1 .002 

 Sex .88 .34 6.44 1 .01 

 Behavioral engagement (1st Quartile) -.21 .27 .60 1 .43 

 Behavioral engagement (2nd Quartile) -.63 .30 4.53 1 .03 

 Behavioral engagement (3rd Quartile) .35 .24 2.14 1 .14 

 Math self-efficacy (1st Quartile) .20 .28 .52 1 .47 

 Math self-efficacy (2nd Quartile) -.55 .29 3.41 1 .06 

 Math self-efficacy (3rd Quartile) -.08 .24 .12 1 .72 

 Race/ethnicity * Sex -1.0 .37 8.70 1 .003 

 Race/ethnicity * Behavioral engagement (1st Quartile) .97 .34 7.99 1 .005 

 Race/ethnicity * Behavioral engagement (2nd Quartile) .992 .345 8.27 1 .004 

 Race/ethnicity * Behavioral engagement (3rd Quartile) .19 .28 .471 1 .49 

 Race/ethnicity * Math self-efficacy (1st Quartile) .14 .32 .19 1 .65 

 Race/ethnicity * Math self-efficacy (2nd Quartile) .99 .32 9.23 1 .002 

 Race/ethnicity * Math self-efficacy (3rd Quartile) .39 .27 2.100 1 .14 

 Sex * Behavioral engagement (1st Quartile) -.86 .47 3.33 1 .06 

 Sex * Behavioral engagement (2nd Quartile) .68 .48 < .001 1 .15 

 Sex * Behavioral engagement (3rd Quartile) -.48 .47 1.01 1 .31 

 Sex * Math self-efficacy (1st Quartile) -.89 .53 2.81 1 .09 

 Sex * Math self-efficacy (2nd Quartile) -1.01 .58 3.00 1 .08 

 Sex * Math self-efficacy (3rd Quartile) -.84 .57 2.16 1 .14 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(1st Quartile) 
.06 .41 .02 1 .87 
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Table D.2. Continued  

 
Future career choice β 

Std. 

Error 
Wald df 

p 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(2nd Quartile) 
-.04 .42 .01 1 .91 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(3rd Quartile) 
.74 .38 3.66 1 .05 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(1st Quartile) 
-.39 .44 .77 1 .37 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(2nd Quartile) 
.56 .47 1.44 1 .23 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(3rd Quartile) 
-.45 .44 1.04 1 .30 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(1st Quartile) 
-1.34 .38 12.00 1 .001 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(2nd Quartile) 
.87 .46 3.50 1 .06 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(3rd Quartile) 
-2.12 .38 30.88 1 <.001 

 Race/ethnicity * Sex * Behavioral engagement (1st Quartile) .98 .54 3.33 1 .06 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) 
-.67 .53 1.61 1 .20 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) 
.33 .51 .43 1 .51 

 Race/ethnicity * Sex * Math self-efficacy (1st Quartile) 1.56 .61 6.41 1 .01 

 Race/ethnicity * Sex * Math self-efficacy (2nd Quartile) 1.19 .64 3.46 1 .06 

 Race/ethnicity * Sex * Math self-efficacy (3rd Quartile) 1.03 .60 2.89 1 .08 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (1st Quartile) 
-.53 .48 1.21 1 .27 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (2nd Quartile) 
-.77 .50 2.33 1 .12 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (3rd Quartile) 
-1.60 .46 11.88 1 .001 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (1st Quartile) 
.49 .50 .95 1 .32 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (2nd Quartile) 
-.81 .53 2.33 1 .12 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (3rd Quartile) 
.15 .49 .09 1 .76 
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Table D.2. Continued  

 
Future career choice β 

Std. 

Error 
Wald df 

p 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (1st Quartile) 
1.01 .44 5.31 1 .02 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (2nd Quartile) 
-1.69 .51 10.94 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (3rd Quartile) 
1.20 .42 7.94 1 .005 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (1st Quartile) 
2.70 .73 13.51 1 <.001 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (2nd Quartile) 
1.74 .75 5.34 1 .02 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (3rd Quartile) 
1.03 .74 1.94 1 .16 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (1st Quartile) 
.97 .76 1.59 1 .20 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (2nd Quartile) 
.02 .79 .001 1 .97 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (3rd Quartile) 
-.62 .75 .68 1 .40 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (1st Quartile) 
2.66 .73 13.19 1 <.001 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (2nd Quartile) 
.94 .79 1.39 1 .23 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (3rd Quartile) 
1.55 .73 4.54 1 .03 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (1st Quartile) 
-2.91 .84 11.82 1 .001 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (2nd Quartile) 
-1.51 .86 3.04 1 .08 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (3rd Quartile) 
-.40 .82 .24 1 .62 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (1st Quartile) 
-1.26 .87 2.06 1 .15 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (2nd Quartile) 
-.21 .88 .06 1 .80 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (3rd Quartile) 
.64 .81 .62 1 .42 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (1st Quartile) 
-2.44 .84 8.42 1 .004 
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Table D.2. Continued  

 
Future career choice β 

Std. 

Error 
Wald df 

p 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (2nd Quartile) 
-1.69 .51 10.94 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (3rd Quartile) 
1.20 .42 7.94 1 .005 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (1st Quartile) 
2.70 .73 13.51 1 <.001 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (2nd Quartile) 
1.74 .75 5.34 1 .02 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (3rd Quartile) 
1.03 .74 1.94 1 .16 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (1st Quartile) 
.97 .76 1.59 1 .20 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (2nd Quartile) 
.02 .79 .001 1 .97 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (3rd Quartile) 
-.62 .75 .68 1 .40 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (1st Quartile) 
2.66 .73 13.19 1 <.001 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (2nd Quartile) 
.94 .79 1.39 1 .23 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (3rd Quartile) 
1.55 .73 4.54 1 .03 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (1st Quartile) 
-2.91 .84 11.82 1 .001 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (2nd Quartile) 
-1.51 .86 3.04 1 .08 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (3rd Quartile) 
-.40 .82 .24 1 .62 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (1st Quartile) 
-1.26 .87 2.06 1 .15 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (2nd Quartile) 
-.21 .88 .06 1 .80 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (3rd Quartile) 
.64 .81 .62 1 .42 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (1st Quartile) 
-2.44 .84 8.42 1 .004 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (2nd Quartile) 
-.50 .88 .33 1 .56 
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Future career choice β 

Std. 

Error 
Wald df 

p 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (3rd Quartile) 
-.96 .78 1.51 1 .21 

Other Blue- 

Collar 
Intercept -.85 .23 12.91 1 <.001 

 Race/ethnicity -.99 .282 12.302 1 <.001 

 Sex 1.50 .404 13.908 1 <.001 

 Behavioral engagement (1st Quartile) -.007 .375 < .001 1 .984 

 Behavioral engagement (2nd Quartile) -.828 .465 3.170 1 .075 

 Behavioral engagement (3rd Quartile) -.367 .378 .945 1 .331 

 Math self-efficacy (1st Quartile) -1.90 .791 5.824 1 .016 

 Math self-efficacy (2nd Quartile) -1.32 .560 5.608 1 .018 

 Math self-efficacy (3rd Quartile) -1.47 .494 8.949 1 .003 

 Race/ethnicity * Sex -.984 .451 4.757 1 .029 

 Race/ethnicity * Behavioral engagement (1st Quartile) 1.010 .479 4.438 1 .035 

 Race/ethnicity * Behavioral engagement (2nd Quartile) 1.350 .541 6.239 1 .012 

 Race/ethnicity * Behavioral engagement (3rd Quartile) .609 .452 1.821 1 .177 

 Race/ethnicity * Math self-efficacy (1st Quartile) 1.836 .840 4.778 1 .029 

 Race/ethnicity * Math self-efficacy (2nd Quartile) 1.553 .611 6.462 1 .011 

 Race/ethnicity * Math self-efficacy (3rd Quartile) 1.378 .546 6.357 1 .012 

 Sex * Behavioral engagement (1st Quartile) -.921 .558 2.723 1 .099 

 Sex * Behavioral engagement (2nd Quartile) -.281 .650 .187 1 .666 

 Sex * Behavioral engagement (3rd Quartile) .070 .589 .014 1 .905 

 Sex * Math self-efficacy (1st Quartile) -.011 1.022 < .001 1 .991 

 Sex * Math self-efficacy (2nd Quartile) -2.19 1.273 2.981 1 .084 

 Sex * Math self-efficacy (3rd Quartile) 1.615 .705 5.252 1 .022 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(1st Quartile) 
1.701 .893 3.631 1 .057 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(2nd Quartile) 
.407 .717 .321 1 .571 

 
Behavioral engagement (1st Quartile) * Math self-efficacy 

(3rd Quartile) 
.463 .738 .393 1 .531 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(1st Quartile) 
2.009 .950 4.472 1 .034 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(2nd Quartile) 
-2.34 2.666 .772 1 .380 

 
Behavioral engagement (2nd Quartile) * Math self-efficacy 

(3rd Quartile) 
2.502 .684 13.384 1 <.001 
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Table D.2. Continued  

 
Future career choice β 

Std. 

Error 
Wald df 

p 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(1st Quartile) 
2.062 .875 5.552 1 .018 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(2nd Quartile) 
2.004 .770 6.772 1 .009 

 
Behavioral engagement (3rd Quartile) * Math self-efficacy 

(3rd Quartile) 
.251 .675 .138 1 .710 

 Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 1.282 .664 3.731 1 .053 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) 
.272 .732 .138 1 .710 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) 
.342 .664 .265 1 .607 

 Race/ethnicity * Sex * Math self-efficacy (1st Quartile) 1.951 1.098 3.159 1 .076 

 Race/ethnicity * Sex * Math self-efficacy (2nd Quartile) 3.155 1.323 5.691 1 .017 

 Race/ethnicity * Sex * Math self-efficacy (3rd Quartile) -.779 .767 1.032 1 .310 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (1st Quartile) 
-1.71 .982 3.064 1 .080 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (2nd Quartile) 
-1.17 .833 1.974 1 .160 

 
Race/ethnicity * Behavioral engagement (1st Quartile) * 

Math self-efficacy (3rd Quartile) 
-.960 .842 1.298 1 .255 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (1st Quartile) 
-1.51 1.030 2.168 1 .141 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (2nd Quartile) 
2.236 2.695 .688 1 .407 

 
Race/ethnicity * Behavioral engagement (2nd Quartile) * 

Math self-efficacy (3rd Quartile) 
-2.59 .778 11.073 1 .001 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (1st Quartile) 
-1.42 .954 2.217 1 .137 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (2nd Quartile) 
-2.31 .858 7.249 1 .007 

 
Race/ethnicity * Behavioral engagement (3rd Quartile) * 

Math self-efficacy (3rd Quartile) 
-.529 .759 .486 1 .486 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (1st Quartile) 
1.658 1.191 1.936 1 .164 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (2nd Quartile) 
3.698 1.403 6.947 1 .008 

 
Sex * Behavioral engagement (1st Quartile) * Math self-

efficacy (3rd Quartile) 
.877 .968 .822 1 .365 
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Table D.2. Continued  

 
Future career choice β 

Std. 

Error 
Wald df 

p 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (1st Quartile) 
1.443 1.251 1.331 1 .249 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (2nd Quartile) 
6.413 2.938 4.765 1 .029 

 
Sex * Behavioral engagement (2nd Quartile) * Math self-

efficacy (3rd Quartile) 
-2.85 .933 9.381 1 .002 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (1st Quartile) 
-.723 1.221 .351 1 .554 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (2nd Quartile) 
1.656 1.454 1.296 1 .255 

 
Sex * Behavioral engagement (3rd Quartile) * Math self-

efficacy (3rd Quartile) 
-2.48 .953 6.804 1 .009 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (1st Quartile) 
-2.86 1.306 4.815 1 .028 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (2nd Quartile) 
-3.66 1.507 5.904 1 .015 

 
Race/ethnicity * Sex * Behavioral engagement (1st Quartile) 

* Math self-efficacy (3rd Quartile) 
-.864 1.086 .633 1 .426 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (1st Quartile) 
-2.28 1.363 2.819 1 .093 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (2nd Quartile) 
-6.74 2.983 5.117 1 .024 

 
Race/ethnicity * Sex * Behavioral engagement (2nd 

Quartile) * Math self-efficacy (3rd Quartile) 
3.130 1.038 9.099 1 .003 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (1st Quartile) 
-.225 1.331 .029 1 .866 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (2nd Quartile) 
-2.24 1.541 2.126 1 .145 

 
Race/ethnicity * Sex * Behavioral engagement (3rd 

Quartile) * Math self-efficacy (3rd Quartile) 
2.415 1.048 5.313 1 .021 

 
Table D.3.  

Parameter Estimates for the Model Including the “I Don’t Know” Variable as the Outcome Variable 

Future Career Choice β Std. Error Wald df p 

Indicated a career choice Intercept 1.876 .214 76.923 1 .000 

Race/Ethnicity -.289 .236 1.507 1 .220 
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Table D.3 Continued  

 

Gender -.645 .300 4.629 1 .031 

Behavioral engagement (1st Quartile) .221 .370 .358 1 .550 

Behavioral engagement (2nd Quartile) -.380 .344 1.224 1 .269 

Behavioral engagement (3rd Quartile) .506 .344 2.164 1 .141 

Math self-efficacy (1st Quartile) .503 .436 1.331 1 .249 

Math self-efficacy (2nd Quartile) -.757 .318 5.647 1 .017 

Math self-efficacy (3rd Quartile) -.691 .276 6.259 1 .012 

Race/Ethnicity * Gender .144 .327 .193 1 .660 

Race/Ethnicity * Behavioral engagement (1st Quartile) 
-.451 .423 1.135 1 .287 

Race/Ethnicity * Behavioral engagement (2nd Quartile) 
-.015 .385 .001 1 .970 

Race/Ethnicity * Behavioral engagement (3rd Quartile) 
-.679 .375 3.269 1 .071 

Race/Ethnicity * Math self-efficacy (1st Quartile) -.683 .466 2.152 1 .142 

Race/Ethnicity * Math self-efficacy (2nd Quartile) .438 .350 1.562 1 .211 

Race/Ethnicity * Math self-efficacy (3rd Quartile) .252 .306 .682 1 .409 

Gender * Behavioral engagement (1st Quartile) 
.087 .486 .032 1 .858 

Gender * Behavioral engagement (2nd Quartile) .383 .442 .748 1 .387 

Gender * Behavioral engagement (3rd Quartile) 
-.024 .482 .003 1 .960 

Gender * Math self-efficacy (1st Quartile) .038 .609 .004 1 .950 

Gender * Math self-efficacy (2nd Quartile) .810 .546 2.195 1 .138 

Gender * Math self-efficacy (3rd Quartile) .513 .447 1.314 1 .252 

Behavioral engagement (1st Quartile) * Math self-efficacy (1st Quartile) 
-1.962 .551 12.655 1 .000 

Behavioral engagement (1st Quartile) * Math self-efficacy (2nd Quartile) 
.696 .525 1.761 1 .185 

Behavioral engagement (1st Quartile) * Math self-efficacy (3rd Quartile) 
-.274 .452 .367 1 .544 

Behavioral engagement (2nd Quartile) * Math self-efficacy (1st Quartile) 
-1.008 .551 3.344 1 .067 

Behavioral engagement (2nd Quartile) * Math self-efficacy (2nd Quartile) 
.063 .482 .017 1 .895 

Behavioral engagement (2nd Quartile) * Math self-efficacy (3rd Quartile) 
.352 .441 .637 1 .425 

Behavioral engagement (3rd Quartile) * Math self-efficacy (1st Quartile) 
-1.166 .556 4.400 1 .036 

Behavioral engagement (3rd Quartile) * Math self-efficacy (2nd Quartile) 
-.161 .513 .099 1 .753 
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Table D.3 Continued 

 

Behavioral engagement (3rd Quartile) * Math self-efficacy (3rd Quartile) 
-.486 .426 1.298 1 .255 

Race/Ethnicity * Gender * Behavioral engagement (1st Quartile) 
-.188 .544 .119 1 .730 

Race/Ethnicity * Gender * Behavioral engagement (2nd Quartile) 
-.052 .493 .011 1 .916 

Race/Ethnicity * Gender * Behavioral engagement (3rd Quartile) 
.119 .521 .052 1 .819 

Race/Ethnicity * Gender * Math self-efficacy (1st Quartile) 
-.132 .658 .040 1 .841 

Race/Ethnicity * Gender * Math self-efficacy (2nd Quartile) 

-1.016 .592 2.948 1 .086 

Race/Ethnicity * Gender * Math self-efficacy (3rd Quartile) 
-.107 .485 .049 1 .825 

Race/Ethnicity * Behavioral engagement (1st Quartile) * Math self-
efficacy (1st Quartile) 

1.766 .608 8.419 1 .004 

Race/Ethnicity * Behavioral engagement (1st Quartile) * Math self-
efficacy (2nd Quartile) 

-.851 .587 2.102 1 .147 

Race/Ethnicity * Behavioral engagement (1st Quartile) * Math self-
efficacy (3rd Quartile) 

.332 .517 .413 1 .520 

Race/Ethnicity * Behavioral engagement (2nd Quartile) * Math self-
efficacy (1st Quartile) 

1.125 .601 3.509 1 .061 

Race/Ethnicity * Behavioral engagement (2nd Quartile) * Math self-
efficacy (2nd Quartile) 

.195 .537 .132 1 .717 

Race/Ethnicity * Behavioral engagement (2nd Quartile) * Math self-
efficacy (3rd Quartile) 

.096 .493 .038 1 .845 

Race/Ethnicity * Behavioral engagement (3rd Quartile) * Math self-
efficacy (1st Quartile) 

.772 .597 1.669 1 .196 

Race/Ethnicity * Behavioral engagement (3rd Quartile) * Math self-
efficacy (2nd Quartile) 

.080 .557 .020 1 .886 

Race/Ethnicity * Behavioral engagement (3rd Quartile) * Math self-
efficacy (3rd Quartile) 

.475 .468 1.031 1 .310 

Gender * Behavioral engagement (1st Quartile) * Math self-efficacy (1st 
Quartile) 

.591 .751 .619 1 .431 

Gender * Behavioral engagement (1st Quartile) * Math self-efficacy (2nd 
Quartile) 

-2.077 .746 7.742 1 .005 
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Table D.3 Continued  

 

Gender * Behavioral engagement (1st Quartile) * Math self-efficacy (3rd 
Quartile) 

-.805 .633 1.616 1 .204 

Gender * Behavioral engagement (2nd Quartile) * Math self-efficacy (1st 
Quartile) 

-.037 .751 .002 1 .961 

Gender * Behavioral engagement (2nd Quartile) * Math self-efficacy (2nd 
Quartile) 

-1.174 .708 2.752 1 .097 

Gender * Behavioral engagement (2nd Quartile) * Math self-efficacy (3rd 
Quartile) 

-.624 .616 1.027 1 .311 

Gender * Behavioral engagement (3rd Quartile) * Math self-efficacy (1st 
Quartile) 

.329 .790 .173 1 .677 

Gender * Behavioral engagement (3rd Quartile) * Math self-efficacy (2nd 
Quartile) 

-.510 .760 .451 1 .502 

Gender * Behavioral engagement (3rd Quartile) * Math self-efficacy (3rd 
Quartile) 

.369 .648 .324 1 .569 

Race/Ethnicity * Gender * Behavioral engagement (1st Quartile) * Math 
self-efficacy (1st Quartile) 

-.379 .826 .211 1 .646 

Race/Ethnicity * Gender * Behavioral engagement (1st Quartile) * Math 
self-efficacy (2nd Quartile) 

2.424 .823 8.666 1 .003 

Race/Ethnicity * Gender * Behavioral engagement (1st Quartile) * Math 
self-efficacy (3rd Quartile) 

.532 .706 .568 1 .451 

Race/Ethnicity * Gender * Behavioral engagement (2nd Quartile) * Math 
self-efficacy (1st Quartile) 

-.299 .824 .132 1 .717 

Race/Ethnicity * Gender * Behavioral engagement (2nd Quartile) * Math 
self-efficacy (2nd Quartile) 

1.341 .781 2.952 1 .086 

Race/Ethnicity * Gender * Behavioral engagement (2nd Quartile) * Math 
self-efficacy (3rd Quartile) 

-.198 .678 .085 1 .770 

Race/Ethnicity * Gender * Behavioral engagement (3rd Quartile) * Math 
self-efficacy (1st Quartile) 

-.309 .854 .131 1 .717 

Race/Ethnicity * Gender * Behavioral engagement (3rd Quartile) * Math 
self-efficacy (2nd Quartile) 

.678 .822 .681 1 .409 

Race/Ethnicity * Gender * Behavioral engagement (3rd Quartile) * Math 
self-efficacy (3rd Quartile) 

-.802 .699 1.314 1 .252 
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