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ABSTRACT 

Individual Characteristics of Postsecondary Underachievement 

by 

Natasha L. Godkin 

Underachievement in postsecondary education has been a growing concern for educators and 

researchers. Higher education institutions have implemented early alert systems to identify 

students performing below standards. This early warning system has major limitations that 

confine it to an identification only approach. The current study aimed to investigate the 

psychometric properties of the Student Attitude Assessment Survey-R (SAAS-R) in a 

postsecondary sample. First, a confirmatory factor analysis validated the SAAS-R in a 

postsecondary sample. Predictive validity was then investigated by identifying students as 

underachieving or achieving based on responses to the SAAS-R and via a regression-based 

discrepancy model (ability vs. achievement). Then, the SAAS-R was compared to the 

discrepancy model to see whether the SAAS-R is an accurate assessment for identification of 

achievement. Tests of convergent validity included comparison of the SAAS-R subscales to well 

established similar constructs. Discriminant validity was checked by comparing the SAAS-R to a 

Social Desirability Scale. Finally, measurement invariance was explored to see if the SAAS-R 

would measure across groups. The SAAS-R demonstrated strong evidence of structural, 

convergent, and discriminant validity, yet limited evidence of predictive validity. Assessment of 

measurement invariance across self-identified traditional and non-traditional students yielded no 

evidence of measurement invariance. Initial psychometric properties support extension of the 

structural model of the SAAS-R to postsecondary students and the convergent validity utility of 
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the SAAS-R subscales. However, more research is needed before the SAAS-R can be applied as 

an assessment of underachievement in postsecondary education. 
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Chapter 1. Introduction 

Academic underachievement has been studied for decades. Researchers have drawn on 

theories like self-determination (Almukhambetova & Hernandez-Torrano, 2020; Ryan & Deci, 

2017) and expectancy value theory (Fong & Kremer, 2020) to investigate academic 

underachievement. However, academic underachievement still puzzles researchers and teachers 

alike. Academic underachievement (referred to hereafter as underachievement) can affect 

students at various levels of education for several reasons (e.g., inadequate study skills, poor time 

management, and internal versus external motivation; Balduf, 2009). For example, within higher 

education, Tritelli (2003) reported that 53% of undergraduate students entered post-secondary 

education underprepared and thus at-risk for academic success. Furthermore, in the United 

States, the overall college dropout rate for undergraduates is 40% (Hanson, 2021). First-year 

students had the highest dropout rates at 30%, and the overall average came from students 

withdrawing before their second year of school (Hanson, 2021). The number of underprepared 

students entering higher education and thus at a higher risk for withdrawal is alarming. 

Additional research efforts investigating underachievement in this population are needed.  

Examining academic performance in higher education was recently complicated by the 

interruption of most in-person instruction due to COVID-19 during the Spring 2020 semester. 

Because of the quick transition to remote learning and the broader shocks to the economy and 

individuals’ mental and physical health, many college students struggled to keep up with their 

academic studies (Kuhfeld et al., 2020). Universities may see a higher prevalence of 

underachievement and potentially increased withdrawal rates in the upcoming semesters. The 

decades of research on underachievement make one thing clear: once a student starts to show 



   

 

 

 

 

13 

 

 

signs of underachievement, it is exceedingly difficult to reverse the pattern (Alexander & 

Entwisle, 1996; Rubenstein, 2011).  

Many higher education institutions have implemented early alert systems to try and 

identify students at risk of falling behind in a course or even failing the course. These early alert 

systems typically require a staff or faculty member to flag specific students they are concerned 

about. Some institutions target specific groups of students for these early alerts such as first-year 

students, student-athletes (Hanover Research, 2014), or students who are not attending class in 

the first few weeks of the semester (McKenzie, 2018). However, one underlying assumption for 

any of these alert systems to work is proper communication among students, advisors, 

instructors, and academic support staff. Marcal (2019) reported that half of the students issued 

early alerts could not be reached by support staff for follow-up. Ransom (2018) highlighted that 

often the student receives an alert pertaining to their academic performance, but no other faculty 

or academic advisor receives a notification. Therefore, action for academic improvement is left 

on the shoulders of the already struggling student. For the early alert system to function properly 

there should be proper communication channels in place that facilitate discussion between the 

student, academic advisor, and the instructor (Atif et al., 2020; Marcal, 2019; Ransom, 2018). 

Furthermore, the early systems often only identify students that are at risk: they do not provide 

any indication of what areas or underlying skills the identified student may benefit from. Early 

alert systems will not improve retention or graduation rates unless they are accompanied by an 

effective intervention that includes individually tailored resources and effective communication 

between the student and academic support staff (Hanover Research, 2014). 

Identifying and understanding underachievement is important because it does not just 

stay within the classroom. Underachievement within educational contexts has been associated 
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with higher rates of unemployment, lower wages, and economic loss from tax revenue (Trostel, 

2015). Thus, given the major shift in educational contexts caused by the COVID-19 pandemic 

and the limitations to the current early alert systems, continuing research is needed to better 

identify underachieving students in higher education, to understand the psychological needs of 

these students, and to guide the distribution of university resources to best support 

underachieving students. 

These limitations highlight the need for a tool that identifies underachievement and the 

specific psychological needs of students. The Student Attitudes Assessment Survey-Revised 

(SAAS-R, McCoach & Siegle, 2003) is a measure that could help identify students who are at 

risk of underachieving and highlight specific areas of interest for intervention. The SAAS-R is a 

brief 5-factor measure that has been shown to discriminate between academic achievers and 

underachievers in high school samples (McCoach & Siegle, 2003; Perez et al., 2016). The five 

factors are academic self-perceptions, goal-valuation, attitudes toward school, attitudes toward 

teachers, and motivation/self-regulation. If this measure can be validated for use in a 

postsecondary sample, then it could be a useful tool and improve the early academic alert 

systems. For example, if a student were identified as being at risk of underachievement and they 

scored low on the self-regulation subscale for the SAAS-R, then academic counselors could 

provide resources and education around self-regulation techniques.  

Underachievement 

Underachievers are those who are not performing at a level similar to their measured 

academic potential. That is, there is a discrepancy between their academic ability and academic 

performance. It is important to note that underachievement is different from low achieving. 

Underachievement is specifically related to the discrepancy between what a student can achieve 
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(ability) and what the student achieves (performance; Synder et al., 2019), whereas low 

achieving is defined as a student who is performing below academic standards (Liu et al., 2015). 

For example, if a student scored in the 10th percentile on an intelligence assessment and has poor 

academic marks, then one would classify the student as low achieving rather than 

underachieving.  

The broad definition of underachievement provided below is accepted throughout the 

literature; however, there are several alternative definitions worth describing. For example, 

Delisle (2009) defined underachievement as a discrepancy between a person’s predicted 

achievement and their current achievement within a specific academic domain, suggesting that 

“underachievement is content and situation specific” (p. 1). Thus, Delisle’s definition included 

the idea that underachievement may be domain-specific and not applied in all aspects of 

learning. In contrast, research specifically in postsecondary education has suggested that if 

students are underprepared (i.e., lacking studying skills) entering college it is expected and 

assumed that underachievement will be apparent across all academic subjects and not necessarily 

be domain-specific (Bondurant, 2010; Fong & Krause, 2014; Rizzo, 2010). The following 

definition from Reis and McCoach (2000) has been widely used and does not specify 

underachievement as domain-specific.  

“Underachievers are students who exhibit a severe discrepancy between expected 

achievement (as measured by standardized achievement test scores or cognitive or 

intellectual ability assessments) and actual achievement (as measured by class grades). 

To be classified as an underachiever, the discrepancy between expected and actual 

achievement must not be the direct result of diagnosed disability and must persist over 

an extended period… Ideally, the researcher would standardize both the predictor and 

the criterion variables and would identify as underachiever those students whose actual 

achievement is at least one standard deviation below their expected achievement level. 

In reality, the standardization of classroom grades may be neither feasible nor 

meaningful” (Reis & McCoach, 2000, p.157). 
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This definition provides clarity in that underachieving students cannot be diagnosed with a 

learning disability. It helps protect against potential confounds when assessing the psychological 

and behavioral differences between underachievers and achievers by excluding students who 

have learning disabilities that could contribute to academic achievement. Reis and McCoach’s 

definition describing underachievement as a discrepancy between potential achievement and 

actual achievement applied across academic domains, was used in the current study. 

Theories of Underachievement 

 Research related to underachievement has typically aligned with one of the following 

theoretical frameworks: achievement motivation theory, expectancy-value theory, or self-

determination theory. However, there are additional motivational theories related to learning that 

are not discussed in this literature review such as attribution theory, social-cognitive theory, and 

goal-orientation. For an analysis of each of these theories and the differences between them see 

Cook and Artino’s (2016) work. The purpose of reviewing achievement motivation, expectancy-

value theory, and self-determination theory within this dissertation is to give a brief historical 

background and provide context to specific theories used to explain underachievement. 

Achievement Motivation 

Achievement motivation is defined as “motivation relevant to performance on tasks in 

which standards of excellence are operative” (Wigfield et al., 2006 p. 406). It influences an 

individual's effort and persistence (Wigfield et al., 2006). This theory states that an individual's 

motivation to achieve is initiated when they know that they are responsible for the results of a 

particular task, and when they anticipate some degree of risk in the outcome of their effort 

(Wigfield et al., 2006). For example, people who are high performers tend to seek out success 

but also often experience fear of failure. They are highly driven to improve themselves but may 
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avoid tasks in which they might fail (Wigfield & Eccles, 2002). The connection between 

academic achievement and motivation is well supported in the literature (Ryan & Deci, 2017; 

Wigfield et al., 2006). Students with higher motivation to academically excel also exhibit higher 

academic achievement (Afzal et al., 2010; Friedman et al., 2011; Kusurkar et al., 2013).  

Various individual-level factors, such as personality and environment, have been found to 

be related to the motivation of individuals to achieve goals. Early work suggested that 

achievement motivation consists of four unique personality characteristics: need for proficiency, 

internal interest toward task, competition, and no fear of success (Helmreich & Spence, 1978). 

These personality characteristics imply that achievement motivation is an internal psychological 

drive that activates a person to pursue goals.  

Furthermore, the same individual may be more strongly motivated to achieve at different 

time points based on the context or environmental factors (Wester et al., 2021). For instance, a 

student may be highly motivated in their academic studies in early education but lose interest 

during their high school years when schoolwork becomes more challenging. In sum, students 

with elevated levels of academic motivation tend to find value in their school experience, believe 

they have the skills to be successful, and are more likely to implement self-regulatory behaviors 

(Siegle, 2013; Wagner et al., 2013). 

Expectancy Value Theory 

John Atkinson (1957) first presented the expectancy-value theory to understand 

individual differences in academic achievement. Atkinson (1957) suggested that two internal 

perceptions could affect a student’s academic motivation. He defined those perceptions as 1) 

expectancy of outcome, which is defined as a person’s anticipation that their performance would 

result in either success or failure and 2) value of task, which he defined as the attractiveness of 
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either succeeding or failing a task (Atkinson, 1957; Wigfield, 1994). Eccles and Wigfield (1992) 

expanded the expectancy-value theory by including a subjective task value instead of the 

attractiveness of either succeeding/failing. In other words, students’ decisions about their 

education and achievement are most influenced by two factors: their expected success (e.g., the 

confidence that an individual has in his or her abilities to succeed in a task) and subjective task 

value (e.g., how valuable, or enjoyable a task is to the individual; Wigfield, 1994). Within the 

context of this theory, expected success is commonly related to two ability-beliefs: self-concept 

and self-efficacy (Bandura, 1997; Fong & Kremer, 2020). These two ability-beliefs can be 

domain-specific and can vary depending on an individual's past experiences. For example, Fong 

and Kremer (2020) found that students who experience math underachievement in 9th grade had 

a reduction in odds of attending college and decreased interest in pursuing STEM-related fields. 

This implies that a student’s previous experience of low self-efficacy in math could affect future 

related mathematical subject areas (Good et al., 2012).  

 Subjective task values can be used to identify the factors that motivate people to perform 

a specific activity (Wigfield & Eccles, 1992). For example, the intrinsic value (i.e., personal 

internal value) and attainment value (i.e., value a student has for a task as it relates to the 

student's personal identity) have been found to be closely related to extrinsic factors such as 

motivation and task persistence (Wigfield & Eccles, 1992). In addition, utility value (i.e., the 

value a task has in other domains) has also been linked to both intrinsic and extrinsic factors 

(Wigfield & Eccles 1992). The expectancy-value theory is commonly used in educational 

research to study how expectations affect achievement goals (Fong & Kremer, 2020). For 

instance, Fong and Kremer (2020), guided by the expectancy value theory, found that math 

underachievement was predicted by students’ math motivation measured through math intrinsic 
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value, math attainment value, and math utility value, but this only accounted for 6% of the 

variance in math underachievement.  

Individual factors such as race, ethnicity, and gender can affect an individual's 

expectations and task value (Eccles, 2005). Some of Eccles' early work specifically investigated 

culturally based role identities such as gender, religious beliefs, ethnic group, as well as social 

class as influences of future academic choices and career aspirations (Eccles 2005; Saninz & 

Eccles, 2012; Wang, 2013). Reis and McCoach (2000) suggested that underachievement could 

stem from what they define as a mismatch between a students’ motivational characteristics (i.e., 

individual psychological traits) and the classroom opportunities (e.g., type of curriculum, class 

size, and type of courses offered). This is similar to the person-environment fit theory, meaning 

there is a reciprocal relationship between an individual and the individual's environment. In an 

academic context, this would imply that there is a positive reciprocal relationship between a 

student and the student’s academic environment (Edwards et al., 1998). Mickelson (1990) 

explored the mismatch between value of school and academic performance, finding that Black 

students have a pro-school attitude, but this does not predict grade point average. This unique 

finding has been coined as the attitude-achievement paradox amongst Black students. In a follow 

up study, it was found that the specific thought, “Education is the solution of all social 

problems,” (Mickelson, 1990, p. 46) was a restrictive attitude that provided little to no 

contribution to actual school performance. Downey and colleagues (2009) challenged this notion 

and argued that it does not generalize to a national scale and found that there were minimal 

differences within the attitude-achievement of Black students compared to other minority groups.  

In summary, expectancy-value theory helps to examine how a person navigates academic 

options based on their personal expectancies (e.g., academic outcome) and the value they place 
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on a task. These key concepts also can be found in other motivational theories such as self-

concept and self-efficacy. However, expectancy-value theory is unique because it postulates that 

academic motivation requires more than just thoughts of, “I can do this and the environment 

supports me,” it also must encompass a personal gain/value. The expectancy-value theory serves 

as a framework for research questions that are centered around cultural role identities and how 

they influence a person’s future academic decisions. 

Self-Determination Theory   

 Self-determination theory (SDT) is a macro theory that focuses on the degree to which 

people are motivated to make their own decisions without external force. Self-determination 

theory describes how optimal performance is a result of intrinsically driven interests or by 

extrinsic values that have become internalized (Ryan & Deci, 2017). Intrinsic motivation 

involves engaging in a task for personal internal interests in the task as opposed to extrinsic 

motivation which involves engaging in a task for an external reason such as completing an 

assignment to get a good academic mark (Guay et al., 2008). 

Deci (1971) investigated whether the effects of several types of rewards increased 

intrinsic motivation. Deci found that when a person was intrinsically motivated to perform a task 

and money was given, a person may re-evaluate the task and task importance may shift to 

extrinsic motivation because the primary focus shifted towards gaining the financial reward. This 

research has been replicated and extended in various contexts to investigate human behavior. For 

example, Legault and Inzlicht (2013) used the SDT framework to investigate whether 

autonomous motivation is more effective than other types of motivation using error-related 

negativity as a behavioral indicator of self-regulation performance. Patrick and colleagues (2007) 
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found that those in romantic relationships with intrinsic and autonomous reasons for sustaining 

the relationship experienced relationship well-being.  

SDT suggests that motivation can be described as the level to which an individual's 

intrinsic motives become internalized (Ryan & Deci, 2017). This concept refers to the process of 

transforming an extrinsic motive into a personalized value. There are three universal intrinsic 

needs that motivate people to make informed decisions: autonomy, competence, and relatedness 

(Ryan & Deci, 2017). Satisfaction of these psychological needs is said to lead to academic 

achievement and deficits within these needs can contribute to academic underachievement (Jeno 

et al., 2018). Jeno and colleagues (2018) integrated a model of SDT to investigate how intrinsic 

desires relate to student motivation, drop out intentions, and academic achievement. They found 

that intrinsic desires are positively related to achievement and negatively related to dropout 

intentions, meaning intrinsic desires can be used as a predictor of academic achievement. 

However, only 20% of the variance was accounted for predicting both dropout intentions and 

academic achievement separately. 

In summary, research on SDT suggests that understanding optimal performance requires 

examination of interactions among the three main intrinsic psychological needs (i.e., autonomy, 

competence, and relatedness). Based on arguments using SDT, it is possible that when those 

intrinsic psychological needs are not met, individuals also experience academic decline and 

underachievement.  

Individual Factors Associated with Academic Underachievement  

There are several complex reasons as to why someone would have a discrepancy between 

their ability and their actual performance. Individual factors such as motivation, self-regulation, 

goal-valuation, and belongingness have been the focus of many research studies related to 
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underachievement across all educational levels (White et al., 2018). Research related to 

underachievement crosses several different disciplines and, as a result, there are different terms 

used to describe similar constructs. For example, self-determination theory, which is prominent 

in education-based research, commonly refers to the construct of relatedness. In other 

psychological contexts, the construct is referred to as belongingness. The following discussion 

outlines individual factors associated with underachievement, guided by self-determination 

theory, and pairs each factor with a similar psychological construct. Examination of discriminant 

and convergent validity of these potentially parallel constructs is beyond the scope of this 

dissertation but is considered within the general discussion of the dissertation.  

Autonomy and Self-Regulation  

 One factor associated with underachievement is autonomy. Autonomy is “the need to 

self-regulate one’s experiences and actions” (Ryan & Deci, 2017, p.10). This means that one’s 

behavior is self-endorsed and in line with one’s interests and values (Ryan & Deci, 2017). 

Autonomy is considered a state-like construct that depends on a person’s situation (Ryan & Deci, 

2017). Self-Determination Theory also recognizes that there are situational influences that can 

alter a person’s perception of autonomy (Stefanou et al., 2013). When an environment is 

conducive to autonomy, students are at an advantage to regulate their own emotions and 

behaviors in relation to academic achievement (Niemiec & Ryan, 2009). There is considerable 

evidence to suggest that the more students take ownership of their learning goals, the more 

involved the student will be, which could then lead to deeper learning (Blumenfel et al., 2006; 

Niemiec & Ryan, 2009; Stefanou et al., 2013). Higher education facilitates this psychological 

need in many ways. For example, students select their own major, their course schedule, and 

their extracurricular activities. Research has shown that when an educational setting allows for 
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the post-secondary learner to take part in the decision-making process, it can facilitate the 

student to develop adaptive self-regulation strategies and persistence (Ratelle et al., 2007).  

Self-regulation, which bears similarities to autonomy, refers to a person’s ability to 

regulate one’s thoughts and actions (Wandler & Imbriale, 2017). Self-regulation within academic 

achievement refers to how an individual regulates their thoughts and actions to account for their 

academic aspirations. Zimmerman (1994) used a social cognitive approach to dissect self-

regulated academic achievement into three phases: forethought, performance, and self-reflection. 

In the forethought phase the person engages in goal setting and planning. In the performance 

phase the person engages in self-control behaviors such as time management, environmental 

structuring, and help-seeking. During self-reflection, a person judges their behaviors and 

outcomes as adaptive or defensive (Wandler & Imbriale, 2017; Zimmerman, 2011; Zimmerman, 

1994). Zimmerman’s theory of self-regulation postulates that students can alter their motivations, 

behaviors, and metacognitions to succeed within certain learning tasks (Wander & Imbriale, 

2017). Furthermore, the importance of self-regulation is highlighted by a negative relationship 

between self-regulation and academic performance (Bondurant, 2010; McCoach & Siegle, 

2003). Underachieving students had significantly lower self-regulation/motivation and goal 

valuation when compared to achieving students (Bondurant, 2010; McCoach & Siegle, 2003). 

This negative association between self-regulation and achievement has been demonstrated as 

early as pre-school aged children and self-regulation predicted reading underachievement in later 

grades (Hernadez et al., 2018).  

Moreover, there is strong meta-analytical evidence that shows self-regulation to be highly 

predictive and strongly associated with positive academic achievement with moderate (0.41) 

pooled effect sizes (Broadbent & Poon, 2015; Richardson et al., 2012; Robson et al., 2020; 
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Pandey et al., 2018). However, meta-analytical findings within an online learning environment 

found that metacognitive, time management, and effort regulation strategies were only weakly 

associated with academic achievement, r =.06, r =.14, r =.11, respectively (Broadbent & Poon, 

2015). These results suggest that while it is possible to transfer traditional teaching materials and 

concepts to an online learning environment, it is unlikely to result in the same academic 

outcomes as those reported in traditional learning environments. It is possible for students to 

apply self-regulation strategies in a typical in-person classroom setting but also an inability to 

self-regulate in an online learning environment and vice versa. More research, with direct 

comparisons, is needed before conclusions can be drawn from these independent meta-analyses.  

  Autonomy and self-regulation are similar in that when a learner has a high degree of 

autonomy (it may also increase their engagement in their own learning and use of self-regulatory 

behaviors to reach their desired goals, or as SDT would suggest reach optimal performance. Now 

that there has been a major disruption in educational settings over the last year, it is prime time to 

systematically evaluate student’s ability to self-regulate.  

Competence and Self-Efficacy 

Another individual factor associated with underachievement is competence. Competence 

is an individual’s need to feel proficient in tasks (Ryan & Deci, 2017). According to Deci (1971), 

positive feedback increases individuals' intrinsic motivation to perform a task, which is related to 

their need for competence. Competence is also linked to the satisfaction of achieving a goal and 

finding value within an individual’s internal growth and motivation. Competence is frequently 

measured with a self-efficacy survey. Competence and self-efficacy are closely related 

constructs. Self-efficacy theory suggests that a person’s prior experiences, whether resulting in 

success or failure, can influence the individual’s beliefs and expectations of proficiency in future 
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situations (Sherer & Maddux, 1982). Thus, the amount of effort one places in a task and the 

person's ability in each task are both critical components to self-efficacy.  

Distinct changes in self-efficacy and self-regulation can be measured across a 15-week 

academic semester (Yerdelen et al., 2016). Most of the previous research supports lower levels 

of self-efficacy in underachievers compared to achievers (Fong et al., 2012). However, some 

research reports that underachievers display higher levels of self-efficacy and yet are on 

academic probation (Hsieh et al., 2007) and others report no significant differences between 

achievers and underachievers in the level of academic self-efficacy (Fong & Krause, 2014). 

Researchers speculate that underachieving students with higher self-efficacy believe that they 

have the skills needed to successfully complete a task but lack the motivation or drive to do so 

(e.g., lower self-regulation). Therefore, it remains unknown whether a negative association 

between self-efficacy and achievement will be demonstrated in the current study. 

Relatedness and Belongingness 

A third individual factor associated with underachievement is relatedness. Relatedness is 

a person’s need to connect with a group and develop interpersonal relationships (Baumesiter & 

Leary, 1995). Students may feel related to their school, individual classroom, and personal peer 

groups. The feeling of relatedness has been found to promote psychological functioning and 

developmental growth (Vansteenkiste et al., 2004). However, if relatedness is not fulfilled or 

weak, it can lead to negative consequences (Ryan & Deci 2017). A potential parallel construct to 

relatedness is belonginess. Belongingness as a human need to create a certain amount of stable 

and positive interpersonal relationships (Baumesiter & Leary, 1995). This fundamental 

psychological need has a powerful influence on various cognitive processes and behavioral 

responses (Baumesiter & Leary, 1995). Moreover, one’s sense of belonging is important for 
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creating an inclusive and equitable learning environment. Factors that potentially influence 

belongingness include the students’ background (e.g., first generation; Gaudier-Diaz et al., 

2019), the place or environment such as in-person and virtual (Wester et al., 2021), whether the 

student is full-time or part-time (Roueche & Roueche 1999), and external factors like a global 

pandemic (Mooney & Becker, 2021).  

DeRosier, Kupersmidt, and Patterson (1994) found that students who experienced peer 

rejection were more likely to display higher levels of absenteeism. These students were also 

more likely to perform poorly on academic tests. Similarly, Ladd (1990) investigated academic 

behavior and adjustment toward school and found that students who reported rejection were 

more likely to have negative school perceptions, higher school avoidance, and exhibit low 

academic performance compared to students who reported being neglected, popular, and 

average. Belonging can also influence a person’s chosen academic pursuits. Good and colleagues 

(2012) found that females tended to have a low sense of belonging within math fields. Entress 

and colleagues (2020) investigated research experiences and the effects of strong mentorship, 

finding a positive relationship between good mentorship and minority students' sense of 

belonging. Furthermore, Stebleton and colleagues (2014) found that first-generation students 

report lower levels of belongingness and lower use of student support services. It could be 

possible second-generation students may have more support from family to help them understand 

expectations of college and thus are more likely to feel as though they belong at college. More 

recently, Tominaj (2021) found that 49% of their sample identified as a first-generation student 

and, of those students, 57% reported feeling underprepared for postsecondary education. 

 During the COVID-19 pandemic, individuals reported increases in loneliness (Arslan, 

2021), increased stress and anxiety, difficulty concentrating, and increased concerns over 
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academic performance (Son et al., 2020). A keen sense of belonging may help reduce these 

adverse outcomes. For example, research indicates there is a positive relation between 

belongingness and an individual’s feelings of happiness and well-being (Moeller et al., 2020). 

The more stable and positive relationships a person has, the more likely they are to feel happy 

and well. Furthermore, a sense of belongingness within college students has been shown to 

reduce adverse/negative mental health outcomes such as depression (Arslan, 2021; Moeller et al., 

2020). 

Given the association between academic achievement and belongingness, many 

institutions have formally implemented programs to increase student engagement and sense of 

belongingness (Arslan, 2021). However, the COVID-19 pandemic disrupted the delivery of some 

of these support programs and services were put on hold and student affairs officials had to get 

creative within the virtual environment. It is important for research to examine whether students’ 

sense of belonging was impacted and, if students have a decreased sense of belongingness, are 

they at risk of underachieving? 

Measurement  

 The goal of measurement is to provide reliable data that can be used to answer scientific 

questions and develop theories. If researchers are not actually measuring what they intended to 

measure, then it can lead to false conclusions, misguide future research, and impact intervention 

efforts. However, creating robust measurements is a complex task. Measuring academic 

achievement, academic ability, and underachievement is no different. For decades researchers 

have been trying to measure underachievement and yet there is no consensus on a standard 

model (Fong & Kremer, 2020; White et al., 2018). This section reviews the methods used to 

measure academic achievement and academic ability and underachievement within a 
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postsecondary context. Specifically, a discussion between more traditional measures of 

underachievement (i.e., discrepancy models) and the SAAS-R is presented. 

Measuring Academic Achievement  

Researchers have used different tools to measure academic achievement as well as 

academic potential. In general, academic achievement is the student's current level of learning 

and knowledge. In grade school education (US K-12) academic achievement is typically 

measured through standardized test scores and end of year assessments based on curriculum 

standards (NAEP). However, in postsecondary education, academic achievement is assessed 

differently. For example, the Student Achievement Measure (SAM; AASCU, 2013) measures 

student progress and degree completion. Data for SAM is obtained from the National Student 

Clearinghouse and consists of 3,600 US colleges and universities (AASCU, 2013). Unlike grade 

school academic assessment, SAM does not assess academic performance growth specifically, 

but measures postsecondary degree completion, meaning whether a student completed their 

degree and how many years that process took. Another way colleges and universities track and 

monitor academic performance is through grade point averages. Students who fall below a 

specific cutoff point (i.e., < 2.0 GPA) may be placed on academic probation and offered 

interventional support (Tovar & Simon, 2006) to help remedy the students’ performance before 

the student decides to withdraw from a course or worse, drop out from the institution.  

Measuring Academic Ability 

Academic ability refers to what the student is expected to accomplish in an academic 

context. In grade school (US K-12), academic ability is often measured through intelligence 

assessments such as the Wechsler Intelligence Scale for Children (Gomez et al., 2016) or brief 

cognitive ability assessments. The ACT, SAT, and GRE are frequently used to assess potential 
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academic performance and academic success in post-secondary samples. However, recent 

research suggests these assessments may be biased against non-White, non-male, and low 

socioeconomic status individuals and do not accurately predict postsecondary academic 

performance (Kohn 2013; Zwick 2013).  

Measuring Underachievement  

The Student Attitude Assessment Survey-Revised (SAAS-R). The SAAS-R was 

developed to provide researchers with a psychometrically sound instrument to assess 

adolescents’ academic self-perceptions, goal-valuation, attitudes toward school, attitudes toward 

teachers, and motivation/self-regulation (McCoach, 2001; McCoach & Siegle, 2003). McCoach 

and Siegle (2003) then assessed whether their new measurement tool could distinguish between 

academic achievers and academic underachievers within a sample of gifted high school students. 

Gifted achieving students were defined as students with at least a 3.75 GPA, and gifted 

underachievers were defined as students with a GPA at or below 2.5. There were statistically 

significant mean differences between gifted underachievers and gifted achievers on four of the 

five factors, p <.001, d = 0.67 to d = 1.29. There were no statistically significant differences in 

self-perceptions between gifted achievers and gifted underachievers (McCoach & Siegle, 2003). 

The authors argued that because these students were all identified as gifted, it was likely that 

they all have the capability to succeed academically, but differences in goal-valuation, attitudes 

toward school, attitudes toward teachers, and motivation/self-regulation explained why some 

students were performing below what was expected.  

The SAAS-R has been replicated and extended to independent samples of gifted students, 

samples across cultures, and samples that do not include gifted high schoolers. For example, 

Baslanti and McCoach (2006) used the SAAS-R to investigate individual differences between 
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gifted underachieving postsecondary students in Turkey. To date, this is the only research study 

that has used SAAS-R within a post-secondary sample. There were significant group differences 

between gifted achievers and gifted underachievers in all five subfactors. Furthermore, 

discriminant function analysis was able to classify achievement status (i.e., achiever versus 

underachiever) with 80% accuracy. Interestingly, when a second discriminant function analysis 

was conducted using only the motivation/self-regulation factor, the classification accuracy only 

dropped to 78.2%. Thus, the motivation/self-regulation subfactor appears to drive the 

classification. This is consistent with previous research by McCoach and Siegle (2003) in which 

motivation/self-regulation and goal-valuation were identified as the strongest predictors of group 

membership. 

Suldo and colleagues (2008) investigated the criterion related validity, construct validity- 

convergent, and discriminant validity of the SAAS-R. The sample was drawn from a southeast 

high school and consisted of 321 high school students with various levels of academic ability. 

The students were grouped into low, average, and high achieving based on self-reported GPA. 

The confirmatory factor analysis model fit statistics were Χ 2 = 243.80, p < 0.001, TLI =.94, 

RMSEA =.08, SRMR =.04, CFI =.96 and reliability coefficients of subscales ranged between .88 

and .93. This indicates high construct validity and reliability. Support for the criterion validity 

was assessed through mean differences among the various levels of academic achievement. 

Overall, SAAS-R scores were significantly different across groups, F(10, 612) = 7.39, p < .0001. 

Scores significantly differed between the high and low, and average and low, achieving groups 

but not the high and average groups. Convergent and discriminant validity indicate that the self-

efficacy was highly correlated with self-perception (r = .64) and goal-valuation (r = .45). The 
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researchers concluded that the SAAS-R was a valid assessment that can differentiate between 

achievers and underachievers. 

Traditional Models. Recall that underachievement is typically defined as the 

discrepancy between what a person can achieve and what a person actually achieves (i.e., 

academic achievement – academic ability). There are three main ways to model this discrepancy: 

the absolute split method, simple difference method, and the regression method (Phillipson, 

2008). Each of the models assumes that achievement is equal to ability plus social factors that 

influence academic achievement (Phillipson, 2008). The absolute split method requires the 

researcher to decide arbitrary cutoff limits for ability and achievement which could be too 

restrictive, in that it misses students who are underachieving. The difference method is limited to 

the difference score and with that limits the researcher’s ability to make inferences. The 

regression-based model not only provides inferences related to the discrepancy between 

achievement and ability but also allows for inference on the variance accounted for within the 

independent variable(s).  

For example, the regression model assumes normal residuals, meaning 68% of the actual 

values are expected to be within a certain threshold determined by the model’s standard error in 

relation to the predicted values. This allows a researcher to examine the residuals between the 

predicted values and the actual values to determine the level of discrepancy. If a researcher 

regresses GPA on ability and that model had 0.2 standard error, then one would expect to see 

68% of the actual GPA values fall within ± 0.2 of the predicted value. A student who has a 

predicted GPA of 3.4 but an actual GPA of 2.6 would not fall within this threshold or even the 

95% threshold (± 0.4) and would be identified as underachieving. The regression method allows 

for both types of measurement scores to be equated by converting the deviation scores into z-
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scores (Phillipson, 2008). This is an important statistical tool because it allows researchers to 

compare across assessments on different scales of measurement (Finch & French, 2018).  

To assess the degree to which the SAAS-R measures what it is designed to measure 

within this dissertation, assessments of convergent and discriminant validity were performed. 

Convergent validity refers to the degree of similarity between two measures with theoretical 

similarities. Discriminant validity refers to the degree of dissimilarity between two measures that 

are theoretically unrelated. Together, evidence of convergent and discriminant relationships 

provides evidence of construct validity (McCoach et al., 2013). Evidence of convergence 

between two measures is characteristically established using a well-validated measure that is 

designed to measure the same construct (McCoach et al., 2013). When a gold-standard measure 

exists for a construct, the gold-standard measure should be used for instrument validation of that 

construct. However, as previously reviewed, there is no gold-standard measure of 

underachievement. With no established gold-standard measure, the regression-based model was 

selected for establishing convergent validity due to the psychometric strengths of the regression-

based discrepancy model over the absolute split and difference methods. 

Evidence of discriminant validity is assessed by investigating if a relationship exists 

between the measure in question and a measure that is hypothetically and theoretically different. 

Measures of social desirability are often used in validation studies, especially when validating 

self-report measures due to response bias (DeVellis, 2012; McCoach et al., 2013). As such, for 

the purposes of the current study, a measure of social desirability was selected to establish 

discriminant validity. There are several established social desirability measures, as these 

measures are frequently used in correlational studies to control for response bias. The most used 

measure for detecting socially desirable response patterns in respondents in the Marlowe-Crowne 
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Social Desirability Scale (MCSDS; Crowne & Marlow, 1960). Therefore, the MCSDS was 

selected as a measure of discriminant validity for the current study. 
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Chapter 2. The Current Study 

Underachievement is an ongoing concern in postsecondary education. Higher education 

institutions commonly rely on early alert systems to identify students at risk of underachieving in 

their courses. Students are flagged based on faculty nominations or simply students’ course 

grades (e.g., receiving a failing grade). Fifty percent of faculty and staff studied reported the 

early alert system to be “somewhat effective” and 30% of the respondents felt that the system 

was only minimally effective (Hanover Research, 2014). The burden of identifying students at 

risk often falls on the course instructor. Given the high workload and limited time of many 

instructors in higher education, this is often just not completed or includes general feedback such 

as “refer to tutoring” (Hanover Research, 2014). An additional limitation of early alert systems is 

that the alerts do not include any information related to why a student may be underachieving. 

As reviewed in the previous chapter, the SAAS-R has been successful at differentiating between 

underachievers and achievers in high school samples (Baslanti & McCoach, 2006; McCoach & 

Siegle, 2003) but validity research studies with US postsecondary students are needed to 

examine the utility of this measure for use in higher education early identification efforts. 

Moreover, integrating measurements like the SAAS-R within higher education could potentially 

help identify students that are underachieving but also indicate specific skills to target with 

interventions (e.g., goal setting, self-regulation strategies). 

The aim of the current study was to extend the validity of the SAAS-R for use in 

postsecondary settings. To assess the degree to which the five-factor structure of the SAAS-R is 

valid for use in postsecondary settings (i.e., structural validity), a confirmatory factor analysis 

was conducted. To assess construct validity, the degree to which the SAAS-R measures what it is 

designed to measure, assessments of convergent and discriminant validity were performed. To 
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assess the degree to which scores on the SAAS-R can be used to predict the value of another 

variable assessments of predictive validity were performed. To assess the extent to which the 

measurement properties of the SAAS-R apply to different groups within postsecondary 

education, assessments of measurement invariance were performed. Recall that first-generation 

students report lower levels of belongingness, lower use of student support services, and feel 

underprepared for postsecondary education (Stebleton et al., 2014; Tominai, 2021). It could be 

possible that participants who identify as first-generation students interpret the items of the 

SASS-R differently than participants who identify as second-generation or more. Investigating 

whether the SAAS-R is structurally valid between these two groups of students is critical 

because approximately 50% of undergraduate students nationally identify as first-generation 

college students (RTI International, 2019).  

The current study of underachievement within postsecondary education was directed by 

the following research questions:  

1) Does the five-factor structural model of the Student Attitude Assessment Survey-R 

converge with good fit in a postsecondary sample? The SAAS-R was designed to be a five-factor 

measure of individual characteristics of underachievement in high school students. It was 

hypothesized that the SAAS-R five factor model will be confirmed in the sample of 

postsecondary students.  

2) How does the SAAS-R compare to a more traditional discrepancy model (a cognitive 

ability assessment and a student’s grade point average) in identifying underachieving students? 

Predictive validity of the SAAS-R was assessed in relation to a traditional discrepancy model. It 

was hypothesized that the SAAS-R will strongly relate to the more traditional discrepancy 

model. 
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3a) What is the convergent validity of the SAAS-R? Specifically, do the SAAS-R 

subscales of attitudes toward school and attitudes toward teachers positively relate to 

belongingness? Does the SAAS-R subscale academic self-perceptions positively relate to self-

efficacy? Does the SAAS-R subscale motivation/self-regulation subscale positively relate to self-

regulation? It was hypothesized that the SAAS-R will have convergent validity in that the 

subscales will be positively correlated to similar constructs.  

3b) Are scores on the SAAS-R related to social desirability? Discriminant validity of the 

SAAS-R was assessed in relation to a measure of social desirability. It was hypothesized that 

scores on the SAAS-R will have little to no relationship with scores on a measure of social 

desirability.  

4) Does the SAAS-R measure the same construct across participants from various 

groups? Specifically, multi-group confirmatory factor analyses (CFAs) were used to assess 

measurement invariance across participants from first generation and non-first-generation 

backgrounds. It was hypothesized that that SAAS-R will have measurement invariance across 

groups of students.  

Methods 

Participants 

After obtaining approval from the university’s institutional review board, participants 

were recruited via social media platforms (e.g., Twitter, Facebook, and Instagram), an online link 

distributed via email to various academic listservs, and through SONA Systems. To be eligible 

for the current study participants had to be: 18 years of age or older, enrolled in at least 6 credit 

hours in higher education at the undergraduate level, fluent in reading English, and physically 

present in the United States. Recruitment materials directed individuals to the survey which was 
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created and administered in REDCap (Research Electronic Data Capture). Once individuals 

reached the REDCap survey, they were presented with informed consent and informed that by 

providing informed consent, they met the eligibility criteria. All individuals who consented to 

participating in the study were taken to the next REDCap page, starting the series of surveys. 

Participants were offered SONA credit as an incentive for completing the study. No other 

incentives were offered.  

Data were collected from a total of 300 participants. Participants that did not complete 

two or more questionnaires were excluded from the analysis (n = 24). This left 276 participants 

for the overall analysis. A widely accepted rule of thumb for a confirmatory factor analysis is 

between 5-10 cases/observations per indicator variable in setting a lower bound of an adequate 

sample size (Kline, 2016), whereas the indictor variable represents the construct response items. 

The first CFA model includes 34 indicator variables; therefore, the minimum sample size was 

determined to be 34 x 5 = 170 participants.  

Measures 

Academic Performance 

Cumulative GPAs were collected via student self-report at the time in which the 

instruments were administered. Participants were given an example of how to look up their 

cumulative GPA within the question prompt (I.e., If you are unsure what your overall GPA is: If 

you are an ETSU student you can log into Goldlink -> click the Blue Tab labeled 'Records' -> 

click 'Unofficial Transcript' -> click submit -> view your transcript. At the bottom of the page, 

you will find your "Overall" GPA. Please report this number. For all other participants you may 

be able to find your overall GPA using a similar method as described above but with your 

school’s online platform). Participants were also asked to report their GPA from the previous 
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semester, meaning the last completed semester at the time in which the participant conducts the 

study (i.e., it is toward the end of the Fall 2021 semester so the last completed semester would be 

Spring 2021. If you are an ETSU student, you can log into Goldlink -> click the Blue Tab 

labeled 'Records' -> Spring 2021). 

Standard GPA values have a maximum value of 4.0, where a 4.0 would represent an A 

average, 2.0 B average, 3.0 represents a C average and 1.0 a D average. In all classes, grades of F 

receive zero points towards the cumulative GPA. Specific to the discrepancy model outlined 

previously, the GPA variable was transformed into a categorical variable to allow for 

examination of low, average, and high performers (Suldo et al., 2008). The low performing 

group consisted of those with a cumulative grade point average of < 2.5. The average performing 

group consisted of students with a cumulative GPA above 2.5 but below 4.0. The high-

performing group consisted of students who have a 4.0 cumulative GPA. The average and high-

performing group was collapsed into one variable since the target interest was in low performing 

students. The categorical grouping variable based on the GPA was only used to compare 

underachievement models (SAAS-R and discrepancy regression-based model). The continuous 

GPA variable was used for all other analyses.  

 Academic ability was assessed using the International Cognitive Ability Resource 

(ICAR) 16-item short form, which is an open-source assessment of cognitive abilities (Condon & 

Revelle, 2014). The ICAR-16 consists of four questions from each of the following four 

subdomains: mental reasoning, 3D rotation reasoning, letter and numerical reasoning, and verbal 

reasoning. The ICAR test has high internal reliability (α = 0.81; Condon & Revelle, 2014). 

Additionally, performance on the ICAR-16 has been shown to be highly correlated with 

performance on standardized assessments of cognitive ability such as the Shipley-2, (r =.81; 
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Condon, 2014), the WAIS-IV (r = .62; Young & Keith, 2020), Raven Progressive Matrices (r = 

.72; Frey & Detterman, 2004), ACT composite scores (r = .77), and Armed Services Vocational 

Aptitude Battery (ASVAB; r =.75; Koenig et al., 2008). Each correctly answered item receives 

one point and items that are answered incorrectly receive zero points. Points were summed to 

compute a participant's total score. Total scores can range from 0-16. It is assumed that the 

ICAR-16 follows a normal distribution; therefore, participants who score a five or above were 

considered in the average cognitive ability range (Merz, 2020). Participants who scored below a 

five were considered in the low cognitive ability range. The reported Cronbach’s reliability 

coefficient estimate was 0.73.  

School Attitude Assessment Survey-Revised 

The School Attitude Assessment Survey-Revised (SAAS-R; McCoach & Siegle, 2003, 

see Appendix A) is used to measure underachievement and includes five subscales. The five 

subscales are academic self-perceptions, attitudes toward teachers, attitudes toward school, goal 

valuation, and motivation/self-regulation (McCoach & Siegle, 2003). The SAAS-R consists of 

35 items and is measured on a 7-point Likert agreement scale, with scores of 1 indicating low 

attributes and scores of 7 indicating high attributes toward the construct. To protect the integrity 

of the measurement, the only modifications to the SAAS-R were replacing the word “school” 

with “college” and “teacher” with “instructor,” for the questions to be appropriate for use in 

postsecondary sample.  

A sample item from the self-regulation subscale includes, “I complete my coursework 

regularly.” A sample item from the attitudes toward school subscale includes, “This college is a 

good match for me.” All the items are positively related to achievement and negatively related to 

underachievement. A person’s score can range from 1-7 on each of the subscales. The higher a 
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person’s score, the more achievement-oriented this person is expected to be. Subscale scores 

were averaged to create an overall average score for the SAAS-R. Cronbach’s reliability 

coefficients for each factor have been excellent in prior applications, ranging from 0.89 to 0.95 

(self-perceptions .85, attitudes toward teachers .89, attitudes toward school .86, goal-valuation 

.88, and motivation/self-regulation .91; McCoach & Siegle, 2003). The overall reported 

Cronbach’s reliability coefficient was 0.94 for the current study. 

College Belongingness Questionnaire 

The College Belongingness Questionnaire (CBQ, Arslan, 2020, see Appendix B): 

measures a college students’ sense of belongingness to their institution. The scale consists of two 

subscales: social acceptance and social exclusion. Each subscale includes five items for a total of 

ten items measured on a 7-point Likert scale. An example question from the social acceptance 

subscale is, “I can really be myself at this university.” Negatively worded items on the social 

exclusion subscale are reversed coded and then the item scores are averaged across all ten items. 

Average scores can range from 1-7. A higher score represents a greater sense of college 

belongingness. The reported internal reliability was .81, .89 for the social acceptance subscale, 

and .71 for the social exclusion subscale (Arslan, 2020). The reported Cronbach’s reliability 

coefficient was 0.77 for the current study. 

General Belongingness  

The General Belongingness Scale (GBS), Malone et al. 2012, see Appendix C): was 

created to develop a brief and global measure of belongingness. The scale was developed and 

tested using college students and therefore is appropriate for the current study. The scale consists 

of twelve items with a two-factor structure including acceptance/inclusion and lack of 

rejection/exclusion). The items are scored using a 7-point Likert-type rating choice format 
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ranging from strongly disagree to strongly agree. One of the items on the acceptance/inclusion 

factor includes, “I feel connected with others,” and an example item on the rejection/exclusion 

factor, “Friends and family do not involve me in their plans.” The negatively worded items on 

the rejection factor were reverse coded. Scores range from 12-84 with a higher score indicating a 

higher sense of belongingness. Malone and colleagues (2012) reported the reliability coefficient 

alpha at .94. The reported Cronbach’s reliability coefficient was 0.75 for the current study.  

Self-Efficacy Scale 

 The Self-Efficacy Scale (Sherer & Maddux, 1982, see Appendix D) is used to assess a 

person’s belief in their ability to perform a variety of tasks. The scale consists of 27 items 

measured on a 9-point Likert scale. Example items include, “I give up on things before 

completing them” and “I avoid facing difficulties.” Items on the scale cover a range of 

behavioral implications of self-efficacy and are not specific to any one situation. Scores range 

from 27-243. Higher scores indicate a higher sense of self-efficacy. The original measurement 

validation study reported the reliability coefficient at .86 (Sherer & Maddux, 1982). The reported 

Cronbach’s reliability coefficient was 0.92 for the current study. 

Self-Regulation  

 The Short Self-Regulation Questionnaire (SSRQ; Carey et al. 2004, see Appendix E) is a 

31-item questionnaire designed to assess self-regulation skills such as goal directed behavior and 

delay of gratification in attempt to complete long term gains. The SSRQ has a single factor that 

represents a person’s overall self-regulation capability. Items are scored on a 1–5 scale (strongly 

disagree–strongly agree) and are summed to create a total score. Questions on the SSRQ include, 

“I doubt I could change even if I wanted to,” “I am able to accomplish goals I set for myself,” 

and “I am able to resist temptation.” The reported Cronbach’s alpha was .92 for the short self-
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regulation measure (Carey et al., 2004). The reported Cronbach’s reliability coefficient was 0.88 

for the current study. 

Marlowe-Crowne Social Desirability Scale (MC-SDS) 

 The Marlowe-Crowne Social Desirability Scale (MC-SDS; Tatman & Kreamer, 2014, see 

Appendix F) is a 33-item questionnaire designed to assess a person’s level of social desirability. 

The MC-SDS has a single factor that represents an individual’s overall level of social 

desirability. The questionnaire uses a force choice, true- false format for participants as related to 

each item. Total scores range from 0-33, with 33 representing the highest level of social 

desirability. Questions on the MC-SDS include, “I never hesitate to go out of my way to help 

someone in trouble.” and “I have almost never felt the urge to tell someone off”. The reported 

Cronbach’s alpha was .72 (Tatman & Kreamer, 2014). The reported Cronbach’s reliability 

coefficient was 0.77 for the current study. 

Demographic Items 

Participants were asked to provide their age, gender, race, and class standing. Participants 

were also asked about various postsecondary-education specific characteristics such as whether 

they transferred institutions, identified as a non-traditional student, identified as a first-generation 

student or were a dual-enrollment student. Participants were also asked to provide a classification 

of the type of school they attended, the courses they were currently taking, total number of credit 

hours and cumulative and previous semester GPAs. Participants were asked if they have been 

diagnosed with a learning disorder and given a list of examples. Participants were also asked if 

they personally suspected they have a learning disorder (i.e., self-diagnosed) and were again 

provided a list of example learning disorders (see Appendix G).  
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Procedure 

Participants were directed to an online survey site. The participants first encountered the 

consent form which explains the purpose of the study as well as the risks and benefits of 

participating. Once the participants consented to participate, they were directed to start the study. 

The first measurement presented to participants was the cognitive ability (ICAR16) assessment. 

Once participants completed the cognitive ability assessment the surveys appeared in the 

following order: SAAS-R, General Belongingness Scale, College Belongingness Questionnaire, 

Self-Efficacy Scale, Short Self-Regulation Scale, and Social Desirability Scale. After the 

surveys, participants filled out basic demographic information such as age, sex, race, class 

standing, their previous semester course grades, and their cumulative GPA. Approximately 

halfway through data collection, it was clear that participants would reach the ICAR survey 

questions and then stop participating. This meant that they would not make it to the SAAS-R 

questions. Because the SAAS-R measure was critical to each research question, the SAAS-R was 

shifted to the first measurement item, and the ICAR assessment was moved to the end of the 

measurement sequence. Once the participants completed the study, a debriefing screen appeared 

which included the purpose of the study and additional contact information pertaining to the 

researcher and academic support services. Once the participant selected the submit button, the 

study was concluded. 
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Chapter 3: Data Analysis  

The hypotheses, study design, and plan of analysis were pre-registered on the As 

Predicted web server (see Appendix H). This server provides time stamped documentation to 

show that the study design was pre-registered prior to beginning data collection.  

Data Preparation and Analysis Plan 

 All data preparation and analysis were performed using JASP statistical software version 

.15 and SPSS version 26. Data was imported from RedCap via a .csv file. Appropriate variable 

names were assigned. Participants that did not complete two or more questionnaires were 

excluded from the analysis (n = 24). The data was overviewed for incorrect responses such as 

“good” instead of their GPA and were replaced with “888” to represent non applicable responses 

and missing values were replaced with “999”. This allowed the researcher to retain as many 

participants as possible for the overall analysis, n = 276. Item responses on the SAAS-R, general 

belongingness, college belongingness, social-desirability, and self-efficacy measures were 

computed according to their respective scoring instructions. 

Structural Validity  

A CFA was used to analyze the factor structure of the SAAS-R. Cases with missing data 

were included via the use of full-information maximum likelihood estimation (FIML; Enders & 

Bandalos, 2001). Data was analyzed using the JASP statistical software, specially the lavaan 

package (Rosseel, 2012). The following criteria for assessing fit statistics were used to determine 

whether the CFA model sufficiently fits the data (Jackson et al., 2009). Chi Square (Χ 2) assesses 

the overall fit; however, this test becomes excessively powerful when n is large or in models 

with many degrees of freedom and rejects the null of exact fit even for tiny departures. 

Researchers can use the ratio between chi square and degrees of freedom (df/ Χ 2) to test for fit 



   

 

 

 

 

45 

 

 

when sample sizes are large and the chi square is significant (Bollen 1989, p. 278). Additionally, 

the following approximate fit indices will be considered in addition. Goodness of Fit (GFI) is the 

proportion of variance accounted for in the observed data covariance matrix by the model-

implied covariance matrix. This value should be greater than or equal to 0.93 to be acceptable 

(Cho et al., 2020). Comparative Fit Index (CFI) measures the fit improvement of the target 

model versus an empty (null) model. A CFI score of .95 is acceptable (Cho et al., 2020). 

Standardized Root Mean Square Residual (SMRM) is the standardized difference of observed 

and model implied covariance matrices. A SMRM of zero would indicate perfect fit but is 

acceptable when it is at or below 0.08 (Kline, 2016). Root Mean Square Error of Approximation 

(RMSEA) estimates the amount of misfit per degree of freedom by looking at the difference 

between the hypothesized model and the population covariance matrix (Hooper et al., 2008). A 

score range of 0.05-0.08 or less is considered acceptable (Cho et al., 2020). 

Predictive Validity 

The current study measured both cumulative GPA and previous semester GPA. 

Correlation analysis revealed that there is a strong, positive relationship, r =.85, p <.001. To 

maintain consistency with previous research using a cumulative high school GPA (Baslanti & 

McCoach, 2006; Dedrick et al., 2015) and to avoid unnecessary redundancy, only the results 

using cumulative GPA were assessed. 

Recall that the current study proposed to identify students as underachieving using the 

regression-based discrepancy model. Specifically, GPA was regressed on ability to generate 

predicted GPA values. If the predicted GPA residual value was outside of 1 standard deviation 

(Preckel et al., 2006), then the student was categorized as underachieving. That is, there was a 

significant discrepancy between the student's cognitive ability and their academic achievement. 
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However, GPA data was missing at a very high rate (i.e., 40%). Moreover, it was likely that 

GPA was missing not at random. The missingness of GPA was likely caused by the variable that 

was missing, GPA. When data is missing not at random, there is not much you can do to 

overcome the missingness. Nevertheless, in an effort to be thorough, data from the discrepancy 

model are presented under two conditions: using the full sample which includes the missing GPA 

datapoints and using the expected maximum (EM) algorithm to impute the missing GPA data.  

A receiver operating characteristic (ROC) curve was used to identify participants as 

underachieving via the SAAS-R measure. This method was used to determine the optimal cutoff 

scores on the SAAS-R for distinguishing between students that were achieving and 

underachieving (Terluin et al., 2020). A ROC curve plots the true positive rate versus the false 

positive rate. The former shows the percentage of observations that are positive, and the latter is 

the percentage that are incorrectly predicted. ROC curves have been used in clinical practice to 

determine cutoff ranges. There are multiple uses for the application of ROC curve, and one is to 

determine ideal cutoff scores for survey questionnaires (Terluin et al., 2020).  

Underachievers as identified via SAAS-R were compared to the referenced discrepancy 

measure of underachievement (ICAR and GPA) via PPV, NPV, sensitivity, and specificity 

metrics. Sensitivity and specificity metrics are typically discussed in relation to the accuracy of a 

screening test relative to a reference standard. For the purpose of this study, the metrics were 

analyzed in relation to the accuracy of SAAS-R to the traditional measure of academic 

underachievement (academic potential – academic achievement). In contrast, positive and 

negative predictive values present the probability of correctly identifying if an individual is or is 

not an underachiever. It is important for a prediction tool to have a balance between all four 
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Research Question 2: Predictive Validity 

Using the full sample, a linear regression model established that cognitive ability was a 

significant predictor for cumulative GPA, p =.01, but cognitive ability only explained 4% of the 

variability in cumulative GPA (Table 4). The regression equation was predicted cumulative GPA 

= 3.00 + 0.05 X1(cumulative GPA). The Casewise Diagnostic test identified nineteen participants 

whose predicted cumulative GPA was outside the criteria of 1 residual standard deviation and 

therefore those students were coded as underachieving (Table 5). All other participants were 

coded as achieving.   

Table 4  

Coefficients for Cumulative GPA regressed on ICAR 

Model  Unstandardized Standard 
Error 

Standardized t p 

H₀   (Intercept)   3.344   0.066     51.046   < .001   

H₁   (Intercept)   3.009   0.144     20.938   < .001   

    ICAR Score   0.051   0.020   0.215   2.610   0.010   

 

Table 5  

Casewise Diagnostics 

Case Number 
Standardized 

Residual 
Cumulative 

GPA 
Predicted 

GPA Residual 
Cook’s 

Distance  

4 -1.591 2.000 3.215 -1.215 0.014  

5 -1.133 2.300 3.163 -0.863 0.010  

17 -1.461 2.200 3.318 -1.118 0.008  

20 -3.044 1.040 3.369 -2.329 0.033  

21 -2.911 1.040 3.266 -2.226 0.036  

27 -1.577 2.060 3.266 -1.206 0.011  

30 1.072 3.980 3.163 0.817 0.009  

36 1.006 3.930 3.163 0.767 0.008  

38 1.098 4.000 3.163 0.837 0.009  

40 -1.199 2.400 3.318 -0.918 0.005  

41 -3.463 0.480 3.112 -2.632 0.125  

53 1.029 4.000 3.215 0.785 0.006  
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54 -3.061 1.080 3.421 -2.341 0.040  

55 -1.659 2.100 3.369 -1.269 0.010  

59 1.020 3.940 3.163 0.777 0.008  

70 -1.722 2.000 3.318 -1.318 0.011  

88 -1.722 1.900 3.215 -1.315 0.017  

104 -1.050 2.670 3.472 -0.802 0.006  

107 -1.526 2.000 3.163 -1.163 0.018  

111 -3.162 0.800 3.215 -2.415 0.057  

116 -3.167 0.750 3.163 -2.413 0.077  

118 -3.239 0.650 3.112 -2.462 0.110  

120 1.291 4.200 3.215 0.985 0.009  

121 1.098 4.000 3.163 0.837 0.009  

124 2.726 5.350 3.266 2.084 0.032  

127 1.098 4.000 3.163 0.837 0.009  

133 1.006 3.930 3.163 0.767 0.008  

137 -1.593 2.150 3.369 -1.219 0.009  

140 -1.396 2.460 3.524 -1.064 0.015  

 

Using the EM algorithm to impute missing GPA observations, a linear regression model 

established that cognitive ability was a significant predictor for cumulative GPA, p =.013, but 

cognitive ability only explained 2% of the variability in cumulative GPA. The regression 

equation was predicted cumulative GPA= 3.179 + 0.029 (X1) (cumulative GPA). The Casewise 

Diagnostic test identified twenty-four participants whose predicted cumulative GPA was outside 

of 1 residual standard deviation. These participants were coded as underachieving. All other 

participants were coded as achieving.  

Recall that the discrepancy model of underachievement was used as the “gold” standard 

for identification of underachievement compared with the continuous overall SAAS-R score. 

ROC curves produced showed no area under the curve, meaning that the ROC curve did not 

present with an optimal cutoff score, see Figures 2 and 3.  
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Figure 2  

ROC Curve Between SAAS-R and Discrepancy Model with Full Sample Data 

 

Figure 3  

ROC Curve Between SAAS-R and Discrepancy Model with Imputed GPA 
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Because the ROC curve did not generate a clear picture of an optimal SAAS-R cutoff 

score, we turned to the previous literature and used a score of less than or equal to 5 to indicate 

underachievement (Suldo et al., 2014) and explored additional cutoff points around that score. 

Tables 6-9 present the sensitivity, specificity, positive predictive validity and negative 

predictive validity of participants who were identified as underachieving using an average 

SAAS-R cutoff scores of 4, 5, 5.5, and 6 to the number of participants identified as 

underachieving via the discrepancy model. Chi-square tests indicate the students identified as 

underachieving via the discrepancy model were not associated with the students identified as 

underachieving via the SAAS-R (e.g., cutoff of 5; Χ2= 0.22, p = .638). Sensitivity, specificity, 

positive predictive values, and negative predictive values are also presented in Tables 6-9.  

Table 6  

Sensitivity and Specificity Analysis of Underachievement Identification from the Discrepancy 
Model and SAAS-R with Cutoff Value of 5 

   Discrepancy (ICAR-GPA)   
     Underachieving  Achieving  Total 

SAAS-R  
≤ 5 Underachieving  7 17 24 
> 5 Achieving  48 71 119 

  Total 55 88 143 
  Χ 2 (1) = 1.053, p = .305 
Sensitivity  12.73%       
Specificity  80.68%       

PPV  29.17%       
NPV  59.66%       

Note: the ICAR model used cumulative GPA that had not been imputed. 

Table 7  

Sensitivity and Specificity Analysis of Underachievement Identification from the Discrepancy 
Model and SAAS-R with Cutoff Value of 5.5 

   Discrepancy (ICAR-GPA)   
     Underachieving  Achieving  Total 

SAAS-R  
≤ 5.5 Underachieving  24 32 56 
> 5.5 Achieving  31 56 87 

  Total 55 88 143 
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  Χ 2 (1) = .470, p = .493 
Sensitivity  43.64%       
Specificity  63.645%       

PPV  42.86%       
NPV  64.37%       

Note: the ICAR model used cumulative GPA that had not been imputed. 

Table 8  

Sensitivity and Specificity Analysis of Underachievement Identification from the Discrepancy 
Model and SAAS-R with Cutoff Value of 4 

   Discrepancy (ICAR-GPA)   
     Underachieving  Achieving  Total 

SAAS-R  ≤ 4 Underachieving  1 2 3 
> 4 Achieving  54 86 140 

  Total 55 88 143 
  Χ 2 (1) = .034, p = .854 
Sensitivity  1.82 %       
Specificity  97.72 %       

PPV  33.33 %       
NPV  61.43 %       

Note: the ICAR model used cumulative GPA that had not been imputed. 

Table 9  

Sensitivity and Specificity Analysis of Underachievement Identification from the Discrepancy 
Model and SAAS-R with Cutoff Value of 6 

   Discrepancy (ICAR-GPA)   
     Underachieving  Achieving  Total 

SAAS-R  ≤ 6 Underachieving  39 58 97 
> 6 Achieving  16 30 46 

  Total 55 88 143 
  Χ 2 (1) = .388, p = .533 
Sensitivity  70.91%       
Specificity  34.09%       

PPV  40.21%       
NPV  65.22%       

Note: the ICAR model used cumulative GPA that had not been imputed. 

Research Question 3a: Convergent Validity 

To test the convergent validity each construct was compared to similar validated 

constructs. The latent factors attitude toward teachers (ATT) and attitude toward school (ATS) 
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were collapsed together to get an average overall score. The overall score was then compared to 

the construct general belongingness (GBS) and belongingness in college (CGQ). The general 

belongingness and college belongingness were highly correlated, r =.817, p <.001. Attitude 

toward school and instructors was significantly correlated with both general belongingness (r 

=.32, p <.001) and college belongingness (r =.37, p <.001). The latent subfactor motivation from 

the SAAS-R was compared to the construct self-regulation. The motivation subscale measures 

students' motivation as well as their self-regulation. This subscale and the self-regulation 

measure were significantly correlated, r =.30, p <.001. The latent factor self-perception from the 

SAAS-R was compared to the construct self-efficacy. The self-perception construct and self-

efficacy were significantly correlated, r = .34, p <.001. 

Table 10. 

 SAAS-R Subscales and Similar Construct Correlations 

        Pearson’s r p 
ATT-ATS   GBS   0.321 <.001 
ATT-ATS   CBQ   0.376 <.001 
GBS   CBQ   0.817 <.001 
MOT   Self-Regulation   0.297 <.001 
ASP   Self-Efficacy   0.336 <.001 

Note: ASP=academic self-perceptions, ATS=attitudes toward school, ATT=attitudes toward 
teachers, GOAL=goal setting, MOT=motivation, GBS=general belongingness, CBQ=college 
belongingness. 
 
Research Question 3b: Discriminant Validity 

Correlational analysis revealed that performance on the SAAS-R and social desirability 

were not related, r = 0.15, p =.37.  

Research Question 4: Measurement Invariance 

A multi-group confirmatory factor analysis was chosen as the statistical analysis to test 

measurement invariance between groups. JASP Statistical software was used for this research 
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question. Measurement invariance is investigated by comparing configural, metric, and scalar 

invariance. Typically, the step 0 is to fit the structural model without the grouping variable. This 

step is not included here as it was completed for Research Question 1 (see Table 3 for factor 

loadings). If one step produces evidence for a lack of invariance, no further steps should be 

tested. Students that identified as first generation were compared to students who did not identify 

as first generation. To test for configural invariance, the SAAS-R five factor structure is modeled 

to see if the items are loading onto the factors the same across groups (Table 11, Step 1). To test 

for metric invariance, the factor loadings were constrained to be equal across groups to 

investigate whether the fit is worse than the configural invariance model (see Table 11 for a 

complete list of factor loadings). The chi-square difference test, which compared the metric 

invariance model to the basic configural invariance model, indicated that there was not metric 

invariance, ΔΧ2 = 44.89 (29), p = .03. Thus, we reject the null hypothesis and conclude that the 

factor loadings are not equal in the two groups. Because there was evidence for a lack of 

measurement invariance, no further steps (i.e., scalar) were completed. In summary, the evidence 

suggests that the SAAS-R does not have metric invariance across first-generation and non-first-

generational students. 

Table 11.  

Multigroup CFA Factor Loadings & Intercepts 

 Step 1: Configural Invariance Step 2: Metric Invariance 
 1st generation Non-1st Generation 1st Generation Non-1st-generation 
Item Loading Intercept Loading Intercept Loading Intercept Loading Intercept 
1. 1.000  5.369 1.000  5.474 - 5.369 - 5.475 
2. 0.831  5.387 1.246  5.333 - 5.387 - 5.333 
3. 1.163  4.776 1.454  4.658 - 4.776 - 4.658 
4. 1.089  5.093 1.588  4.969 - 5.094 - 4.970 
5. 1.269  5.404 1.147  5.478 - 5.402 - 5.479 
6. 1.292  5.293 1.295  5.357 - 5.293 - 5.357 
7. 1.267  5.194 1.345  5.192 - 5.195 - 5.192 
8. 1.000  5.238 1.000  5.030 - 5.238 - 5.030 
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9. 1.023  5.627 0.939  5.389 - 5.628 - 5.389 
10. 1.041  5.351 1.146  5.080 - 5.350 - 5.080 
11. 0.924  5.390 0.970  5.033 - 5.391 - 5.033 
12. 1.037  5.436 0.906  5.132 - 5.436 - 5.132 
13. 0.941  5.485 0.867  5.541 - 5.484 - 5.541 
14. 1.000  5.783 1.000  5.694 - 5.783 - 5.694 
15. 1.007  5.874 0.906  5.674 - 5.874 - 5.675 
16. 0.657  5.822 1.113  5.583 - 5.820 - 5.582 
17. 0.923  5.874 1.018  5.605 - 5.875 - 5.605 
18. 0.913  5.797 0.902  5.551 - 5.797 - 5.551 
19. 1.000  6.007 1.000  6.011 - 6.006 - 6.011 
20. 1.185  6.131 0.930  6.048 - 6.131 - 6.048 
21. 0.798  6.171 0.862  6.137 - 6.169 - 6.138 
22. 1.311  6.013 1.094  6.085 - 6.012 - 6.085 
23. 1.052  6.044 0.958  6.068 - 6.043 - 6.067 
24. 0.873  6.209 1.042  6.130 - 6.210 - 6.130 
25. 1.000  5.800 1.000  5.812 - 5.801 - 5.812 
26. 1.040  5.540 1.336  5.360 - 5.541 - 5.361 
27. 0.914  5.944 0.963  5.824 - 5.944 - 5.824 
28. 1.099  5.467 1.083  5.406 - 5.467 - 5.406 
29. 0.849  5.202 0.967  5.216 - 5.201 - 5.216 
30. 1.035  5.755 1.035  5.479 - 5.755 - 5.479 
31. 1.093  5.757 1.009  5.643 - 5.757 - 5.642 
32. 1.030  5.740 1.053  5.611 - 5.740 - 5.611 
33. 1.020  5.732 1.035  5.609 - 5.732 - 5.609 
34. 1.131  5.641 1.021  5.739 - 5.643 - 5.739 

Note. Step 0 is reported in Table 3. Dash (-) indicates constraint within Step 2.  
 
Table 12.  

Multigroup CFA Model Fit Statistics 

 
  Step 0: 

CFA 
Step 1: Configural 

Invariance 
Step 2: Metric Invariance 

Chi-Squared df  1034 1063 
 X2  1908.659 1953.295 
 X2/df 

ratio 
 1.845 1.837 

Fit Indices CFI  840 .838 
 SRMR  0.075 0.083 
 RMSEA  .078  

90% CI [.073, .084] 
.078 

90% CI [.072, .083] 
ΔChi-Squared df - - 29 
 X2 - - 44.64 
 p - - .032 
ΔFit Index CFI - - .002 
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 SRMR - - -.008 
 RMSEA - - .000 

Note. Step 0 was completed in research question 1. 

Exploratory Analyses 

Due to sample size limitations within various demographic groups, measurement 

invariance was unable to be examined through multi-group CFAs. However, average 

performance on the SAAS-R was explored via independent sample t tests or chi square tests for 

different groups. Participants with diagnosed learning disabilities average performance on the 

SAAS-R (n=43, M=5.59) did not statistically differ from participants without diagnosed learning 

disabilities (n=131, M=5.64). Males (M=5.54) and females (M=5.6) also were not statistically 

significant from one another. Participants who identified as White (n=167, M=5.62) were not 

statistically significant compared to participants who identified as African American (n=14, 

M=5.8). Students who identified as Hispanic reported lower scores on the SAAS (M=5.6) 

compared to students who identified as non-Hispanic (M=5.3). However, students that identified 

as Hispanic reported higher average past-semester GPAs (M=3.8) compared to students who 

identified as non-Hispanic (M=3.3). Students who identified as Pacific Islander were the only 

group to report an average SAAS-R score lower than 5 (M=4.8).  

Exploratory group differences between underachievers and achievers on demographic 

characteristics were also investigated. Previous research suggests that underachievers score on 

average a 5 or lower on the SAAS-R (Baslanti & McCoach, 2006; McCoach, Siegle, 2003) 

therefore, a score of 5 or below on the SAAS-R was used to classify participants as 

underachieving to explore mean differences. Only age (p = .04), credit hours (p = 0.03), and 

diagnosed learning disorder (p = 0.47) were significantly different between achievers and 
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underachievers as categorized by the SAAS-R (see Table 10). All other demographic 

characteristics were not significantly different between groups of achievement.  

Exploratory group differences on GPA, belongingness, self-regulation, and self-efficacy 

were examined between participants with a SAAS-R score of less than or equal to 5 

(underachievers) and participants with a SAAS-R score of greater than 5 (achievers). Students 

who were identified as underachieving had significantly different scores on measures of general 

belongingness, self-regulation, and college belongingness than students who were identified as 

achieving, (all ps < .001; see Table 11). Self-efficacy, cumulative GPA, and previous GPA did 

not significantly differ between underachievers and achievers.  

Table 13.  

Demographic Variables Mean Comparison with SAAS-R 

 Underachievers  Achievers    

 
n M (SD) /  

Number (%) 
n M (SD) / 

Number (%) 
t / Χ2 p 

Male 116 28  116 88 1.392 .707 
Female 152 30 152 122 1.392 .707 
White 236 53 236 183 10.45 .063 
African 
American 

23 1 23 22 10.45 .063 

Asian/Native 
Indian/Pacific 
Islander 

14 4 14 10 10.45 .063 

Age 49 27.16 (7.9) 187 24.80 (7.0) -2.026 .044 
1st Year 64 10 64 54 6.962 .223 
2nd Year 29 8 29 21 6.962 .223 
3rd Year 44 10 44 34 6.962 .223 
4th Year 104 21 104 83 6.962 .223 
5th or 6th Year 35 10 35 25 6.962 .223 
Enrolled in at 
least 12 CH 

130 21 130 109 14.159 .003 

Diagnosed LD 93 27 93 66 4.587 .047 
Suspected/Self-
Diagnosed LD 

110 10 110 28 -0.543 .588 

Traditional 107 23 107 84 .001 .970 
Non-
Traditional 

27 5 27 22 .145 .703 
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1st Generation 111 22 111 89 .268 .605 
Non-1st 
Generation 

165 37 165 128 .268 .605 

Cumulative 
GPA 

28 3.4 (.89) 126 3.3 (.73) -.614 .540 

Previous 
Semester GPA 

27 3.4 (.81) 124 3.3 (.76) -.289 .773 

 

Table 14. 

 Mean Differences on Scales and SAAS-R Subscales 

 
 Underachievers Achievers   
 n M (SD) n M (SD) t p 
Belongingness  58 4.37 (0.62) 213 4.84 (0.86) -3.920 <.001 
Self-reg  57 3.32 (0.39) 202 3.67 (0.46) -5.230 <.001 
C-belongingness  56 4.17 (0.71) 201 4.81 (0.99) -4.517 <.001 
Self-efficacy  55 5.51 (1.21) 201 5.87 (1.40) -1.699 0.091 
C-GPA  28 3.43 (0.73) 126 3.33 (0.73) 0.616 0.539 
P-GPA  27 3.42 (0.81) 124 3.38 (0.76) 0.290 0.772 

 

Note: ‘C-GPA’ is a participant cumulative GPA, and ‘P-GPA’ represents previous semester 
GPA. ASP=academic self-perceptions, ATS=attitudes toward school, ATT=attitudes toward 
teachers, GOAL=goal setting, MOT=motivation, 1=underachieving classified with a SAAS-
R score of 5 or below.  
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Chapter 4: Discussion 

 
The current study investigated whether the SAAS-R is a psychometrically valid measure 

of underachievement within a postsecondary sample in the United States. The five-factor 

structure model of the SAAS-R was successfully replicated indicating that the factor structure of 

the SAAS-R is valid within a postsecondary sample. Moreover, the SAAS-R demonstrated 

discriminant and convergent validity. However, there was insufficient evidence to conclude that 

the SAAS-R predicts underachievement in postsecondary students. 

 Conclusions related to the lack of cross-sectional, predictive validity of the SAAS-R to 

more traditional measures of underachievement (i.e., discrepancy model) were greatly limited by 

missing data. Approximately 40% of GPA data were missing not at random. Participants with 

missing GPA data were more likely to be male, older, have higher scores on belongingness, self-

regulation, self-efficacy, and lower scores on the ICAR-16. This pattern is consistent with 

previous research in which males were more likely to underreport their actual GPA compared to 

female students, and students with lower performance and self-efficacy were also more likely to 

underreport their GPA (Caskie et al., 2014). 

 It is unlikely that the SAAS-R does not have predictive validity with more traditional 

measures of underachievement in postsecondary students given the success of previous work 

with high school students (Baslanti & McCoach, 2006; Dedrick et al., 2015; McCoach & Siegle, 

2003; Suldo et al., 2008). It is more likely that the missingness, and perhaps inaccurate self-

reporting, of GPA led to the lack of predictive validity in this dissertation. Self-reported GPAs 

tend to be more valid for individuals with higher grades and achievement and less valid for 

individuals with lower grades and lower achievement (Kuncel et al., 2005).  
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There are several possible explanations as to why participants in the current study failed 

to report their GPAs resulting in a high proportion of missing data. Perhaps participants were 

simply unaware of their GPA at the time that they completed the survey. The research study 

included instructions for how to look up their GPA, but it is unclear how many participants 

completed this process. Relatedly, postsecondary GPA is more multi-dimensional than secondary 

GPA. For example, in college, students take a wider variety of classes than in high school. The 

classes a music major may take are very different from the classes an engineering student may 

take. An individual's class standing (e.g., first-year, second year) may impact GPA. First-year 

students only have one semester worth of classes contributing to a GPA and thus their GPA may 

not be as stable as a fourth-year student’s GPA. Lower GPAs also tend to fluctuate more in the 

first couple semesters but become more stable after a student has taken more courses (Wendorf, 

2002).  

It is also possible that individuals misreported or failed to report their GPA because of 

they were trying to preserve self-esteem. Caskie and colleagues (2014) discussed the idea that 

the self-esteem bias might be triggered by how students self-report their academic achievements. 

Female students were more likely to be concerned about their academic achievements than their 

male counterparts. These results could help explain the pattern of results in the current study in 

which there were majority female participants and positively skewed GPAs implying that there 

could be gender differences for reporting grade point averages. Future research should include 

other metrics of academic performance or collect GPAs from academic records rather than 

relying on self-report data.   

 

 



   
 

 
 

 

66 
 
 

Structural, Convergent, and Discriminant Validity 

Even with the limitations related to predictive validity due to missing GPA data, the 

current dissertation successfully demonstrated structural, discriminant, and convergent validity 

of the SAAS-R within a postsecondary sample. The structural model of the SAAS-R included 

five factors measuring a student’s level of self-perceptions, attitudes toward instructors, attitudes 

towards college, motivation/self-regulation, and goal setting. Previously this measure was used 

to explore individual characteristics related to underachievement in secondary students 

(McCoach & Siegle, 2003). The results of this dissertation indicate that the SAAS-R is a valid 

measure for use within a postsecondary sample. Specifically, the model fit results were 

consistent with previous literature. McCoach and Siegle’s (2003) original model fit had an 

RMSEA value of .059 and a SRMS value of .057 compared to the current model fit RMSEA 

value of .065 and SRMS value of .06.  

Results from the current confirmatory factor analysis confirm that the SAAS-R can be 

used in postsecondary education as a measurement to gain insights into student perceptions, such 

as attitudes toward college and instructors. The SAAS-R can also be used to help inform 

administrative support services personnel who work with underachieving students. For example, 

if a student scores low on the self-regulation subscale of the SAAS-R, then administrative 

personnel could help students learn self-regulation strategies that help students progress toward 

successful academic goals. The SAAS-R could also be implemented at the classroom level: 

Instructors could have students respond to items on the SAAS-R to understand their classroom 

student population. For instance, if students score low on the attitudes toward instructors 

subscale, then instructors could self-reflect on their teaching techniques and classroom 

organization that may not be conducive toward helping students learn. If students scored low in 
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goal setting, then the instructor could integrate explicit goal-setting exercises for larger class 

projects to model appropriate goal-setting behaviors.   

Furthermore, the SAAS-R item responses were not related to those on the social 

desirability scale indicating discriminant validity. The SAAS-R does not measure social 

desirability and can be interpreted as different. Additionally, four of the five subscales of the 

SAAS-R demonstrated convergent validity with the hypothesized underlying constructs. The 

subscales of attitudes toward teachers and attitudes toward school encompass a student's level of 

belongingness within their respective classroom and school. The attitudes subscale from the 

SAAS-R were positively related with the general belongingness and college belongingness 

measures. Belongingness also plays a vital role in academic performance and perception. This 

means that if a student feels a strong sense of belongingness to their school and their choice of 

major then they are more likely to have better grade point averages. Invention efforts could focus 

on inclusiveness to retain more students who may perhaps consider withdrawing from the 

institution.  

 The SAAS-R subscale of self-perception was positively related to the well-established 

construct of self-efficacy. Self-efficacy and self-perceptions have been known to factor into 

academic achievement and those who exhibit underachievement are typically low in self-efficacy 

compared to peers that are not underachieving (Hsieh et al., 2007). The SAAS-R subscale of 

motivation was significantly related to the well-established construct of self-regulation. These 

results are consistent with previous work indicating that the motivation subscale is highly 

correlated with academic self-efficacy (McCoach & Siegle, 2003; Suldo et al., 2008).  

Overall, with the full sample, participants scored lower than average on the self-

regulation measure (Dedrick et al., 2015; McCoach & Siegle, 2003). The current results could 
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imply that more students are at-risk of underachieving, since self-regulation is one of the best 

predictors of academic performance (Dedrick et al., 2015; McCoach & Siegle, 2003; Ryan & 

Deci, 2017). The documentation of lower-than-average self-regulation scores may provide useful 

information to college administrators and instructors. For example, if an institution decides to 

administer the SAAS-R to all incoming students, the institution can then examine cohort and 

person-level trends to identify specific skills (e.g., self-regulation, self-efficacy, belongingness) 

to improve the experience and academic success of students in college.  

Measurement Invariance 

The current study was able to conduct a multi-group CFA to compare first generation and 

non-first-generation students. However, the research did not provide definitions for participants 

for the terms, “first generation,” “non-traditional student,” and “transfer student.” It is possible 

that participants were unfamiliar with these terms. The multi-group CFA suggests that there is 

measurement variance across students who are first generation and not first generation. This 

implies that the SAAS-R is measuring differently for students who identify as first generation. 

Therefore, researchers who use the SAAS-R in post-secondary education should use caution 

when students are heterogeneous and come from diverse backgrounds. On the SAAS-R 

Participants who have identified as first generation had an average of 5.6 and those who were not 

first generation had an average of 5.5, this was not a significant difference. However, since there 

is indication of a lack of measurement invariance the results reported on mean differences could 

be biased. A subsequent t-test also revealed that there was no significant difference between first 

generation participants on any of the five factors, again note this could be biased since there was 

a lack of measurement invariance.  
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Measurement invariance is a valuable tool for assessing measures. There are challenges 

however to how to handle differential item functioning (DIF) meaning that the item response 

differs between groups across the latent construct because there is a lack of measurement 

invariance. First there needs to be a large sample size to handle the number of items per latent 

variable like the SAAS-R that has 34 items. Secondly, there is no universal standard for 

conducting measurement invariance (Dedrick et al., 2015). Individual items on the subscales 

could be removed to investigate better fit across groups, but additional tests would be needed to 

check for reproducibility when altering the factor and item structure. The 34 item five factor 

model fit the data well and therefore removing items could alter the results of the overall 

confirmatory factor analysis. Future research could investigate measurement invariance 

specifically in targeted groups such as class standing (I.e., 1st year status), demographic 

variables, and course major. If future research designs a study in a way that insures there is 

enough representation for measurement across groups, then this would benefit the field in 

knowing if the SAAS-R is measuring participants across groups the same. This is an important 

psychometric aspect to know since it is the hope that the SAAS-R will be used for identification 

purposes and would need to not be sensitive to different student characteristics. 

Exploratory Analyses 

Using a previously cited cutoff score on the SAAS-R (i.e., 5 or less; Dedrick et al., 2015) 

59 participants were identified as underachieving. When using a score of 5 or below on the 

SAAS-R to classify underachievers [similar to the cutoff used in Baslanti and McCoach, (2006)] 

underachieving students as scored lower than achievers on all five subscales of the SAAS-R. The 

mean averages found previously (Baslanti & McCoach, 2006) were similar to the current study. 

Baslanti and McCoach (2006) reported for self-perception the average for underachievers was 



   
 

 
 

 

70 
 
 

4.31, and the current study showed an average of 4.16 on the same subscale. For the motivation 

subscale previous research reports an average of 3.00 whereas the current study shows an 

average of 4.55, much higher than in the previous sample. However, the current study has no 

valid way of knowing whether those identified by the SAAS-R are in fact at risk of 

underachieving or whether those identified by the SAAS-R have something else in common.  

In line with previous research (Arslan, 2021; Fong et al., 2012; Moeller et al., 2020; 

Suldo et al., 2008), participants who were identified as underachieving scored lower on general 

belongingness, college belongingness, and self-regulation. Surprisingly both groups of 

participants scored lower previous research on self-regulation would suggest. Self-regulation has 

been shown to be the biggest predictor of underachievement. Underachievers and achievers in 

the current study did not differ in relation to self-efficacy and GPA. Research has been mixed in 

that some suggest there are no differences between underachievers' and achievers' self-efficacy 

(Fong & Krause, 2014), and some suggest there are differences (Fong et al., 2012; Hsieh et al., 

2007). The current study adds to the literature based on a heterogeneous academic sample that 

students do not differ on their self-efficacy regards of academic performance. Self-efficacy may 

not be a good predictor of academic success (Fong et al., 2012) It is also interesting to note that 

both groups of participants had the highest averages for self-efficacy. This could also be 

informative to the idea that students' self-concept has shifted over the years and believe highly in 

their ability regardless of the skills needed to perform. Perhaps interventions attempting to 

reverse or prevent academic underachievement should target other individual characteristics such 

as self-regulation rather than self-efficacy. 

Participants who identified with diagnosed learning disabilities performed significantly 

lower on the SAAS-R than participants who did not identify a diagnosed learning disability. The 
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typical rate of learning disabilities in a population is around 7-12% and the lifetime prevalence of 

learning disabilities in the US is around 9.7% (Altarac & Saroha, 2007). Our study had a higher 

rate than the average. Some participants did indicate that they had both professional diagnosed 

learning disability and self-suspecting a learning disability. Some participants indicated that they 

had both a professional diagnosed learning disability and a self-suspected learning disability. 

Therefore, to only count participants once if they indicated a professional diagnosis then they 

were not counted for the self-suspecting learning disability. After removing duplicates the 

prevalence in the current study was still higher than average. However, this provides additional 

support for excluding individuals with diagnosed learning disabilities from research related to 

underachievement. Given the sample size limitations of the current study, these individuals were 

not excluded and thus learning disability is likely confounding performance on the SAAS-R.  

Other studies have excluded participants with diagnosed learning disorders from 

underachievement studies so to not confound any results (McCoach & Siegle, 2003). If a student 

has a learning disorder it may make sense that they would also perceive lower self-regulation, 

goal setting, and self-perceptions that may lower their overall SAAS-R score.  

There were no significant proportions between underachievers and achievers for the 

measured demographic characteristics except for age and being enrolled in 12 credit hours or 

more. Participants who were identified as underachieving tended to be older compared to those 

that were not identified. Perhaps this indicates that older students need additional support (e.g., 

increased sense of belongingness, attitudes toward school/instructor, motivation).  

Limitations and Future Directions 

This study was not without limitations. There is no standard rule of thumb for sample size 

when conducting a confirmatory factor analysis. Some researchers use the 10 per indicator 
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variable rule and some use 5 per indicator variable (Kline, 2016; Tsang et al., 2017). The current 

study had at least 5 observations per indicator variable. When researchers have small sample 

sizes the results could be due to chance, could produce unstable results, or could fail to replicate 

due to inflated results. The structural model did converge; however, the smaller sample size 

could explain why the SAAS-R data violated the assumption of normality. A statistical 

transformation was applied to account for the skewed distribution. Nevertheless, the skewed 

distribution could indicate instability with the sample, or it could indicate ceiling effects within 

the measured construct. Caution should be taken when interpreting the results, given that the 

sample size is under 10 cases per indicator variable.  

 As discussed previously, the missingness of GPA within the current study greatly limited 

the conclusions. Additionally, self-report GPA’s can be flawed and unreliable (Caskie et al., 

2014; Wood & Harris, 2022). Researchers using such a variable should make every attempt to 

collect and verify this information if it is a key aspect within the research question. 

Since the SAAS-R is self-report there could be inflated responses for how the participants 

see oneself and that does not correspond to the true behavior. Most of the previous research was 

conducted a decade ago and the SAAS-R was first developed almost two decades ago. This 

could imply that there has been a generational shift in mindset. This means that participants may 

have higher self-concepts or report higher concepts than their true self creating ceiling effects on 

the measure. Perhaps if the sample size were larger this potential limitation would diminish.  

The sample consisted mostly of individuals who identified as White and were attending a rural 

southeastern college, limiting the generalizability of the findings. Several demographic group 

differences of interest did not have large enough samples across groups to examine with multi-
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group CFAs. Future research should include specific recruitment efforts to target the groups of 

interest to assess measurement invariance of the SAAS-R. 

Previous research with the SAAS-R has typically known a priori which students are 

underachieving and could then examine differences between achieving and underachieving 

students on the SAAS-R and other metrics. Perhaps future research should start by examining 

performance on the SAAS-R across students that have already been identified underachieving 

(via official GPAs, early alert systems) in a postsecondary setting. This recommendation is 

valuable because it does not rely on a gold standard of identification, nor does it rely on 

collecting GPA information from the participant; instead, participants who were flagged for 

assorted reasons could be presumed to in fact be at risk of dropping out or underachieving.  

Future research could also consider longitudinal work. Given the success of the SAAS-R 

with identifying underachievement for secondary students, and the increased stability of GPA 

within secondary school settings, it would be interesting to follow the students identified as 

underachieving in secondary school to postsecondary school. One could then examine changes in 

the SAAS-R and academic performance, achievement over time.  

Conclusion 

While the current study had insufficient evidence to support the predictive validity of the 

SAAS-R in measuring underachievement, it successfully replicated the five-factor structure 

model of the SAAS-R and extended it to a postsecondary sample in the United States. The 

SAAS-R also demonstrated strong evidence of convergent and discriminant validity. The 

findings contribute to a growing body of research evidence that this new measure could be used 

to further investigate student characteristics in post-secondary education. This means that the 

SAAS-R can be used to examine student characteristics like goal setting, self-regulation, and 
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student attitudes toward school and instructors. Administrators and higher education instructors 

could use the SAAS-R to assess the psychological strengths and weaknesses of their student 

population. This would yield insights that could inform various departments on campus such as 

student affairs and student support services. For example, at the institution level the SAAS-R 

could help inform administration in the student life and engagement department. If there is an 

indication of low belongingness, then the department could incorporate more student life 

activities to help increase student belongingness or hold a forum to understand their student 

population needs. The SAAS-R could also and inform instructors at the classroom level; 

instructors could administer the SAAS-R with intro-level course or general education courses to 

help understand their student population and what skills they may need to work on to be 

successful in the classroom. Research indicates that self-regulation and belongingness is an 

important indicator for academic performance (Ryan & Deci, 2017) and it is vital to know if 

students are lacking in these areas to help prevent underachievement.  

  



   
 

 
 

 

75 
 
 

References 

Afzal, H., Ali, I., Aslam Khan, M., & Hamid, K. (2010). A study of university students’ 

motivation and its relationship with their academic performance. International Journal of 

Business and Management, 5(4), 80-88. http://dx.doi.org/10.2139/ssrn.2899435 

Alexander, K. L., Entwisle, D. R., & Dauber, S. L. (1996). Children in motion: School transfers 

and elementary school performance. The Journal of Educational Research, 90(1), 3-12. 

Almukhambetova, A., & Hernández-Torrano, D. (2020). Gifted students’ adjustment and 

underachievement in university: An exploration from the self-determination theory 

perspective. Gifted Child Quarterly, 64(2), 117-131. 

Altarac, M., & Saroha, E. (2007). Lifetime prevalence of learning disability among US children. 

Pediatrics, 119 (Supplement_1), S77-S83. 

American Association of State Colleges and universities. American Association of State Colleges 

and Universities. (n.d.). Retrieved June 7, 2021, from https://www.aascu.org/.  

Arslan, G. (2021). Loneliness, college belongingness, subjective vitality, and psychological 

adjustment during coronavirus pandemic: Development of the college belongingness 

questionnaire. Journal of Positive School Psychology, 5(1), 17-31. 

Atif, A., Richards, D., Liu, D., & Bilgin, A. A. (2020). Perceived benefits and barriers of a 

prototype early alert system to detect engagement and support at-risk students: The 

teacher perspective. Computers & Education, 156, 103954. 

Atkinson, J. W. (1957). Motivational determinants of risk-taking behavior. Psychological 

Review, 64(6p1), 359. 

Balduf, M. (2009). Underachievement among college students. Journal of Advanced 

Academics, 20(2), 274-294. 



   
 

 
 

 

76 
 
 

Bandura, A. (1991). Social cognitive theory of self-regulation. Organizational Behavior and 

Human Decision Processes, 50(2), 248-287. 

Bandura, A. (1997). The anatomy of stages of change. American journal of health promotion: 

AJHP, 12(1), 8-10. doi:10.4278/0890-1171-12.1.8 

Baslanti, U., & McCoach, D. B. (2006). Factors related to the underachievement of university 

students in Turkey. Roeper Review, 28(4), 210-215. 

Baumeister, R. F., & Leary, M. R. (1995). The need to belong: desire for interpersonal 

attachments as a fundamental human motivation. Psychological Bulletin, 117(3), 497. 

Blumenfeld, P. C., Kempler, T. M., & Krajcik, J. S. (2006). Motivation and Cognitive 

Engagement in Learning Environments. In R. K. Sawyer (Ed.), The Cambridge handbook 

of: The learning sciences (pp. 475–488). Cambridge University Press. 

Bollen, Kenneth A. (1989). Structural equations with latent variables. New York: Wiley. 

Bondurant, L. M. (2010). The roots of academic underachievement: Prediction from early 

difficulties with self -regulation. Available from ProQuest One Academic; Social Science 

Premium Collection. (752066704). https://www.proquest.com/dissertations-theses/roots-

academic-underachievement-prediction-early/docview/752066704/se-2?accountid=10771 

Broadbent, J., & Poon, W. L. (2015). Self-regulated learning strategies & academic achievement 

in online higher education learning environments: A systematic review. The Internet and 

Higher Education, 27, 1-13. 

Carey, K. B., Neal, D. J., & Collins, S. E. (2004). A psychometric analysis of the self-regulation 

questionnaire. Addictive Behaviors, 29(2), 253-260. 



   
 

 
 

 

77 
 
 

Caskie, G. I., Sutton, M. C., & Eckhardt, A. G. (2014). Accuracy of self-reported college GPA: 

Gender-moderated differences by achievement level and academic self-efficacy. Journal 

of College Student Development, 55(4), 385-390. 

The College Board. (2021). College Board - SAT, AP, and College Planning Tools. Retrieved 

from https://www.collegeboard.org/.  

Condon, D. M., & Revelle, W. (2014). The international cognitive ability resource: Development 

and initial validation of a public-domain measure. Intelligence, 43, 52-64. 

Cook, D. A., & Artino Jr, A. R. (2016). Motivation to learn: An overview of contemporary 

theories. Medical Education, 50(10), 997-1014. 

Deci, E. L. (1971). Effects of externally mediated rewards on intrinsic motivation. Journal of 

personality and Social Psychology, 18(1), 105. 

Dedrick, R. F., Shaunessy-Dedrick, E., Suldo, S. M., & Ferron, J. M. (2015). Psychometric 

properties of the school attitude assessment survey–revised with international 

baccalaureate high school students. Gifted Child Quarterly, 59(1), 38-54. 

Delisle, J. (2009). Underachievement and the quest for dignity. Understanding Our Gifted, 21(4), 

3-5. 

DeRosier, M. E., Kupersmidt, J. B., & Patterson, C. J. (1994). Children's academic and 

behavioral adjustment as a function of the chronicity and proximity of peer 

rejection. Child Development, 65(6), 1799-1813. 

Downey, D. B., Ainsworth, J. W., & Qian, Z. (2009). Rethinking the attitude-achievement 

paradox among blacks. Sociology of Education, 82(1), 1-19. 

Eccles, J. S. (2005). Subjective task value and the Eccles et al. model of achievement-related 

choices. Handbook of Competence and Motivation, 105-121. 



   
 

 
 

 

78 
 
 

Edwards, J. R., Caplan, R. D., & Van Harrison, R. (1998). Person-environment fit 

theory. Theories of Organizational Stress, 28(1), 67-94. 

Enders, C. K., & Bandalos, D. L. (2001). The relative performance of full information maximum 

likelihood estimation for missing data in structural equation models. Structural equation 

modeling, 8(3), 430-457. 

Entress Clark, E., Masters, A., Shen, Y., & Stout, R. (2020). Building Relationships at The U 

School: Refining and Enhancing Possi Circles. Master of Applied Positive Psychology 

(MAPP) Service Learning Projects. 30. https://repository.upenn.edu/mapp_slp/30 

Finch, W. H., & French, B. F. (2018). Educational and Psychological Measurement. Routledge. 

Fong, C. J., & Krause, J. M. (2014). Lost confidence and potential: A mixed methods study of 

underachieving college students’ sources of self-efficacy. Social Psychology of 

Education, 17(2), 249-268. 

Fong, C. J., & Kremer, K. P. (2020). An expectancy-value approach to math underachievement: 

Examining high school achievement, college attendance, and STEM interest. Gifted 

Child Quarterly, 64(2), 67-84. 

Friedman, B. A., & Mandel, R. G. (2011). Motivation predictors of college student academic 

performance and retention. Journal of College Student Retention: Research, Theory & 

Practice, 13(1), 1-15. 

Gaudier-Diaz, M. M., Sinisterra, M., & Muscatell, K. A. (2019). Motivation, belongingness, and 

anxiety in neuroscience undergraduates: Emphasizing first-generation college 

students. Journal of Undergraduate Neuroscience Education, 17(2), A145. 



   
 

 
 

 

79 
 
 

Gomez, R., Vance, A., & Watson, S. D. (2016). Structure of the Wechsler intelligence scale for 

children–fourth edition in a group of children with ADHD. Frontiers in Psychology, 7, 

737. 

Good, C., Rattan, A., & Dweck, C. S. (2012). Why do women opt out? Sense of belonging and 

women's representation in mathematics. Journal of Personality and Social 

Psychology, 102(4), 700. 

Guay, Frédéric, Catherine F. Ratelle, and Julien Chanal. (2008).Optimal learning in optimal 

contexts: The role of self-determination in education. Canadian Psychology/Psychologie 

Canadienne 49.3(233). 

Hanover Research. (2014). Early Alert Systems in Higher Education - Retrieved June 3, 2021, 

from https://www.hanoverresearch.com/wp-content/uploads/2017/08/Early-Alert-

Systems-in-Higher-Education.pdf.  

Hanson, Melanie. College dropout rates. EducationData.org, September 14, 2021, 

https://educationdata.org/college-dropout-rates 

Helmreich, R. L., Beane, W., Lucker, G. W., & Spence, J. T. (1978). Achievement motivation 

and scientific attainment. Personality and Social Psychology Bulletin, 4(2), 222-226. 

Hernández, M. M., Eisenberg, N., Valiente, C., Spinrad, T. L., Johns, S. K., Berger, R. H., Silva, 

K. M., Diaz, A., Gal-Szabo, Thompson, M. S., & Southworth, J. (2018). Self-regulation 

and academic measures across the early elementary school grades: Examining 

longitudinal and bidirectional associations. Early Education and Development, 29(7), 

914-938. 

Hooper, D., Coughlan, J., & Mullen, M. (2008). Structural equation modelling: Guidelines for 

determining model fit. Journal of Business Research, 6(1), 53-60. 



   
 

 
 

 

80 
 
 

Hsieh, P., Sullivan, J. R., & Guerra, N. S. (2007). A closer look at college students: Self-efficacy 

and goal orientation. Journal of advanced academics, 18(3), 454-476. 

ICAR Team. (2014) International Cognitive Ability Resource. The Project - International 

Cognitive Ability Resource - The ICAR Project. Retrieved September 3, 2021, from 

https://icar-project.com/.  

Jackson, D. L., Gillaspy Jr, J. A., & Purc-Stephenson, R. (2009). Reporting practices in 

confirmatory factor analysis: An overview and some recommendations. Psychological 

Methods, 14(1), 6. 

Jeno, L. M., Danielsen, A. G., & Raaheim, A. (2018). A prospective investigation of students’ 

academic achievement and dropout in higher education: A self-determination theory 

approach. Educational Psychology, 38(9), 1163-1184. 

Kline, R. B. (2016). Principles and practice of structural equation modeling. Guilford 

publications. 

Kohn, A. (2013). Introduction: The roots of grades-and-tests. Counterpoints, 1-4. 

Kuhfeld, M., Soland, J., Tarasawa, B., Johnson, A., Ruzek, E., & Liu, J. (2020). Projecting the 

potential impact of COVID-19 school closures on academic achievement. Educational 

Researcher, 49(8), 549-565. 

Kuncel, N. R., Credé, M., & Thomas, L. L. (2005). The validity of self-reported grade point 

averages, class ranks, and test scores: A meta-analysis and review of the 

literature. Review of Educational Research, 75(1), 63-82. 

Kusurkar, R.A., Ten Cate, T.J., & Vos, C.M.P. (2013). How motivation affects academic 

performance: a structural equation modelling analysis. Advances in Health Science 

Education, 18, 57–69  https://doi.org/10.1007/s10459-012-9354-3 



   
 

 
 

 

81 
 
 

Ladd, G. W. (1990). Having friends, keeping friends, making friends, and being liked by peers in 

the classroom: Predictors of children's early school adjustment?. Child 

Development, 61(4), 1081-1100. 

Legault, L., & Inzlicht, M. (2013). Self-determination, self-regulation, and the brain: Autonomy 

improves performance by enhancing neuroaffective responsiveness to self-regulation 

failure. Journal of Personality and Social Psychology, 105(1), 123. 

Liu, E. S., Carmen, J. Y., & Yeung, D. Y. (2015). Effects of approach to learning and self-

perceived overall competence on academic performance of university students. Learning 

and Individual Differences, 39, 199-204. 

Malone, G. P., Pillow, D. R., & Osman, A. (2012). The general belongingness scale (GBS): 

Assessing achieved belongingness. Personality and individual differences, 52(3), 311-

316. 

Marcal, L. (2019). Early Alert System Pilot in a Microeconomics Principles Course. Research in 

Higher Education Journal, 37. 

McCoach, B., Newton, S. D., Siegle, D., Baslanti, U., & Picho, K. (2016). Is having low 

motivation the same as not having high motivation? Comparing the CSAS-R and the 

SAAS-R. High Ability Studies, 27(1), 61-81. 

McCoach, D. B., & Siegle, D. (2001). A comparison of high achievers’ and low achievers’ 

attitudes, perceptions, and motivations. Academic Exchange, 2, 71-76. 

McCoach, D. B., & Siegle, D. (2003). Factors that differentiate underachieving gifted students 

from high-achieving gifted students. Gifted Child Quarterly, 47(2), 144-154. 

McKenzie, L. (2018). Academics question system for measuring academic performance, 

flagging potential problems. Retrieved July 10, 2021, from 



   
 

 
 

 

82 
 
 

https://www.insidehighered.com/news/2018/09/11/academics-question-system-

measuring-academic-performance-flagging-potential-problems.  

Merz, Z. C., Lace, J. W., & Eisenstein, A. M. (2020). Examining broad intellectual abilities 

obtained within an mTurk internet sample. Current Psychology, 1-9. 

Mickelson, R. A. (1990). The attitude-achievement paradox among Black adolescents. Sociology 

of Education, 44-61. 

Moeller, R. W., Seehuus, M., & Peisch, V. (2020). Emotional intelligence, belongingness, and 

mental health in college students. Frontiers in Psychology, 11, 93. 

Mooney, C., & Becker, B. A. (2021). Investigating the impact of the COVID-19 pandemic on 

computing students' sense of belonging. ACM Inroads, 12(2), 38-45. 

Niemiec, C. P., & Ryan, R. M. (2009). Autonomy, competence, and relatedness in the classroom: 

Applying self-determination theory to educational practice. Theory and Research in 

Education, 7(2), 133-144. 

Pandey, A., Hale, D., Das, S., Goddings, A. L., Blakemore, S. J., & Viner, R. M. (2018). 

Effectiveness of universal self-regulation–based interventions in children and 

adolescents: A systematic review and meta-analysis. JAMA Pediatrics, 172(6), 566-575. 

Patrick, H., Knee, C. R., Canevello, A., & Lonsbary, C. (2007). The role of need fulfillment in 

relationship functioning and well-being: a self-determination theory perspective. Journal 

of Personality and Social Psychology, 92(3), 434. 

Phillipson, S. N. (2008). The optimal achievement model and underachievement in Hong Kong: 

An application of the Rasch model. Psychology Science, 50(2), 147. 

Ransom, M. (2018). The Early Alert system for informing students in core classes of their  



   
 

 
 

 

83 
 
 

academic status has been changed since last year and is not functioning properly. Faculty Senate 

Index. 651. https://digitalcommons.georgiasouthern.edu/faculty-senate-index/651 

Ratelle, C. F., Guay, F., Vallerand, R. J., Larose, S., & Senécal, C. (2007). Autonomous, 

controlled, and amotivated types of academic motivation: A person-oriented 

analysis. Journal of Educational Psychology, 99(4), 734. 

Reis, S. M., & McCoach, D. B. (2000). The underachievement of gifted students: What do we 

know and where do we go? Gifted child quarterly, 44(3), 152-170. 

Richardson, M., Abraham, C., & Bond, R. (2012). Psychological correlates of university 

students' academic performance: a systematic review and meta-analysis. Psychological 

Bulletin, 138(2), 353. 

Rizzo, S. W. B. (2010). Enrolled but underprepared: A phenomenological study of community 

college developmental students (Order No. 3413912). Available from ProQuest One 

Academic; Social Science Premium Collection. (750175371). 

https://www.proquest.com/dissertations-theses/enrolled-underprepared-

phenomenological-study/docview/750175371/se-2?accountid=10771 

Robson, D. A., Allen, M. S., & Howard, S. J. (2020). Self-regulation in childhood as a predictor 

of future outcomes: A meta-analytic review. Psychological Bulletin, 146(4), 324. 

Rosseel, Y. (2012) lavaan: An R package for structural equation modeling. Journal of Statistical 

Software, 48(2), 1-36.  

Roueche, J. E., & Roueche, S. D. (1999). High stakes, high performance: Making remedial 

education work. American Association of Community Colleges, Annapolis Junction. 

 



   
 

 
 

 

84 
 
 

Rubenstein, Lisa DaVia. (2011). Project ATLAS: Empowering Academically Underachieving 

High Potential Students. Doctoral Dissertations. AAI3468067. 

https://opencommons.uconn.edu/dissertations/AAI3468067 

Ryan, R. M. & Deci, E. L. (2017). Self-determination theory: Basic psychological needs in 

motivation, development, and wellness. New York: Guilford Publishing. 

Sherer, M., Maddux, J. E., Mercandante, B., Prentice-Dunn, S., Jacobs, B., & Rogers, R. W. 

(1982). The self-efficacy scale: Construction and validation. Psychological 

Reports, 51(2), 663-671. 

Siegle, D. (2013). The underachieving gifted child: Recognizing, understanding, and reversing 

underachievement. Prufrock Press. Waco, TX. 

Son, C., Hegde, S., Smith, A., Wang, X., & Sasangohar, F. (2020). Effects of COVID-19 on 

college students’ mental health in the United States: Interview survey study. Journal of 

Medical Internet Research, 22(9), e21279. 

Stebleton, M. J., Soria, K. M., & Huesman Jr, R. L. (2014). First‐generation students' sense of 

belonging, mental health, and use of counseling services at public research universities. 

Journal of College Counseling, 17(1), 6-20. 

Stefanou, C., Stolk, J. D., Prince, M., Chen, J. C., & Lord, S. M. (2013). Self-regulation and 

autonomy in problem-and project-based learning environments. Active Learning in 

Higher Education, 14(2), 109-122. 

Suldo, S. M., Shaffer, E. J., & Shaunessy, E. (2008). An independent investigation of the validity 

of the School Attitude Assessment Survey—Revised. Journal of Psychoeducational 

Assessment, 26(1), 69-82. 



   
 

 
 

 

85 
 
 

Tatman, A. W., & Kreamer, S. (2014). Psychometric properties of the Social Desirability Scale-

17 with individuals on probation and parole in the United States. International Journal of 

Criminal Justice Sciences, 9(1), 122. 

Terluin, B., Griffiths, P., van der Wouden, J. C., Ingelsrud, L. H., & Terwee, C. B. (2020). 

Unlike ROC analysis, a new IRT method identified clinical thresholds unbiased by 

disease prevalence. Journal of Clinical Epidemiology, 124, 118-125. 

The Nation's Report Card | NAEP. (n.d.). The nation's report card: NAEP. Retrieved June 7th, 

2021, from https://nces.ed.gov/nationsreportcard/.  

Tominaj, L. (2021). Perceptions of 1st generation college students (Doctoral dissertation, Cedar 

Crest College). https://www.proquest.com/dissertations-theses/perceptions-1st-

generation-college-students/docview/2561045781/se-2 

Tovar, E., & Simon, M. A. (2006). Academic probation as a dangerous opportunity: Factors 

influencing diverse college students' success. Community College Journal of Research 

and Practice, 30(7), 547-564. 

Tritelli, D. (2003). From the Editor. Association of American colleges and universities peer 

review. Winter issue. RTDE, 28(1), 12. Retrieved from 

http://www.aacu.org/peerreview/pr- wi03/pr-wi03editor.cfm  

Trostel, Philip A. (2015). It’s not just the money the benefits of college education to individuals 

and to society. Government & Civic Life. 4. 

https://digitalcommons.library.umaine.edu/mcspc_gov_civic/4 

Vansteenkiste, M., Simons, J., Lens, W., Sheldon, K. M., & Deci, E. L. (2004). Motivating 

learning, performance, and persistence: the synergistic effects of intrinsic goal contents 



   
 

 
 

 

86 
 
 

and autonomy-supportive contexts. Journal of Personality and Social Psychology, 87(2), 

246. 

Van De Schoot, R., Lugtig, P., & Hox, J. (2012). A checklist for testing measurement 

invariance. European Journal of Developmental Psychology, 9, 486-492. 

doi:  10.1080/17405629.2012.686740 

Wandler, J., & Imbriale, W. (2017). Promoting undergraduate student self-regulation in online 

learning environments. Online Learning 21:2. Doi: 10.24059/olj.v21i2.881 

Wang, M. (2013). The study on the relationship between english self-concept and significant 

others. Theory & Practice in Language Studies, 3(8). 

Wagner, D. D., Altman, M., Boswell, R. G., Kelley, W. M., & Heatherton, T. F. (2013). Self-

regulatory depletion enhances neural responses to rewards and impairs top-down 

control. Psychological Science, 24(11), 2262–2271. 

https://doi.org/10.1177/0956797613492985 

Wendorf, C. A. (2002). Grade point average and changes in (great) grade expectations. Teaching 

of Psychology, 29(2), 136-137. 

Wester, E. R., Walsh, L. L., Arango-Caro, S., & Callis-Duehl, K. L. (2021). Student engagement 

declines in STEM undergraduates during COVID-19–driven remote learning. Journal of 

Microbiology & Biology Education, 22(1). 

White, S. L., Graham, L. J., & Blaas, S. (2018). Why do we know so little about the factors 

associated with gifted underachievement? A systematic literature review. Educational 

Research Review, 24, 55-66. 

Wigfield, A. (1994). Expectancy-value theory of achievement motivation: A developmental 

perspective. Educational Psychology Review, 6(1), 49-78. 



   
 

 
 

 

87 
 
 

Wigfield, A., & Eccles, J. S. (2002). The development of competence beliefs, expectancies for 

success, and achievement values from childhood through adolescence. Development of 

Achievement Motivation, 91-120. 

Wigfield, A., & Eccles, J. S. (1992). The development of achievement task values: A theoretical 

analysis. Developmental Review, 12(3), 265-310. 

Wigfield, A., Eccles, J. S., Schiefele, U., Roeser, R. W., & Davis-Kean, P. (2006). Development 

of achievement motivation. In Eisenberg, W. Damon, & R. M. Lerner (Eds.), Handbook 

of child psychology: Social, emotional, and personality development (pp. 933–1002). 

John Wiley & Sons, Inc. 

Wood, J. L., & Harris III, F. (2022). Differences in self-reported GPA for students experiencing 

insecurities. Community College Journal of Research and Practice, 46(4), 288-291. 

Yerdelen, S., McCaffrey, A., & Klassen, R. M. (2016). Longitudinal examination of 

procrastination and anxiety, and their relation to self-efficacy for self-regulated learning: 

latent growth curve modeling. Educational Sciences: Theory and Practice, 16(1), 5-22. 

Zimmerman, B. J. (2011). Handbook of self-regulation of learning and performance. Routledge. 

Zimmerman, B. J. (1994). Dimensions of academic self-regulation: A conceptual framework for 

education. In D. H. Schunk & B. J. Zimmerman (Eds.), Self-regulation of learning and 

performance: Issues and educational applications (pp. 3-21). Hillsdale, NJ: Lawrence 

Erlbaum Associates. 

Zwick, R. (2013). Is the SAT a “wealth test”? The link between educational achievement and 

socioeconomic status. In Rethinking the SAT (pp. 225-238). Routledge. 

 
 
 



   
 

 
 

 

88 
 
 

APPENDICES 

Appendix A: School Attitude Assessment Survey-Revised 

For the statements below please indicate on a scale from 1-7,  
1. Completely Disagree   4. Neither Disagree nor Agree 
2. Mostly Disagree  5. Somewhat Agree 
3. Somewhat Disagree  6. Mostly Agree 

7. Completely Agree 

1. I am intelligent.  
2. I can learn new ideas quickly in college.  
3. College is easy for me.  
4. I can grasp complex concepts in college. 
5. I am capable of getting straight As.  
6. I am good at learning new things in college.  
7. I am smart in college.  
8. I relate well to my instructors.  
9. I like my instructors.  
10. My instructors make learning interesting.  
11. My instructors care about me.  
12. Most of the instructors at this college are good instructors.  
13. I like my courses.  
14. I am glad that I go to this college.  
15. This is a good college.  
16. This college is a good match for me.  
17. I like this college.  
18. I am proud of this college. 
19. Doing well in college is important for my future career goals. 
20. Doing well in college is one of my goals.  
21. It is important to get good grades in college.  
22. I want to do my best in college.  
23. It is important for me to do well in college.  
24. I want to get good grades in college.  
25. I work hard at college.  
26. I am self-motivated to do my course work.  
27. I complete my course work regularly.  
28. I am organized about my course work.  
29. I use a variety of strategies to learn new material.  
30. I spend a lot of time on my course work.  
31. I am a responsible student.  
32. I put a lot of effort into my course work.  
33. I concentrate on my course work.  
34. I check my assignments before I turn them in.  
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Appendix B: College Belongingness Questionnaire 

For the statements below please indicate on a scale from 1-7, 
 
1. Completely Disagree    
2. Mostly Disagree   
3. Somewhat Disagree 
4. Neither Disagree nor Agree 
5. Somewhat Agree   
6. Mostly Agree 
7. Completely Agree 
 
 
Social Acceptance Scale 

1. I feel like I belong to this university. 
2. I feel like myself as a real part of this university. 
3. I can really be myself at this university. 
4. Overall, I feel happy to be at this university. 
5. I think that people at this university care about me. 

Social Exclusion Scale 
6. My friends generally ignore me at this university. 
7. My friends do not involve me in their plans. 
8. I do not have close bonds with members of this university. 
9. I feel isolated from the rest of the world at this university. 
10. I feel myself excluded at this university. 
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Appendix C: General Belongingness Scale 

For the statements below please indicate on a scale from 1-7,  
1. Completely Disagree   4. Neither Disagree nor Agree 
2. Mostly Disagree  5. Somewhat Agree 
3. Somewhat Disagree  6. Mostly Agree 

7. Completely Agree 

 
Acceptance/Inclusion Factor 

1. When I am with other people, I feel included  
2. I have close bonds with family and friends  
3. I feel accepted by others  
4. I have a sense of belonging  
5. I have a place at the table with others  
6. I feel connected with others 

Rejection/Exclusion Factor (items are reverse scored) 
1. I feel like an outsider  
2. I feel as if people do not care about me  
3. Because I do not belong, I feel distant during the holiday season 
4. I feel isolated from the rest of the world  
5. When I am with other people, I feel like a stranger  
6. Friends and family do not involve me in their plans 
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Appendix D: Self-Efficacy Scale 

For the statements below please indicate on a scale from 1-9,  
1. Strongly Disagree   6. Mildly Agree 
2. Disagree   7. Moderately Agree 
3. Moderately Disagree  8. Agree 
4.   Mildly Disagree   9. Strongly Agree 
5. Undecided 

1. When I make plans, I am certain I can make them work.  
2. One of my problems is that I cannot get down to work when I should.  
3. If I cannot do a job the first time. I keep trying until I can. 
4. When I set important goals for myself, I rarely achieve them.  
5. I give up on things before completing them.  
6. I avoid facing difficulties.  
7. If something looks too complicated, I will not even bother to try it.  
8. When I have something unpleasant to do, I stick to it until I finish it. 
9. When I decide to do something, I go right to work on it. 
10. When trying to learn something new, I soon give up if I am not initially successful.  
11. When unexpected problems occur, I do not handle them well.  
12. I avoid trying to learn new things when they look too difficult for me.  
13. Failure just makes me try harder.  
14. I feel insecure about my ability to do things.  
15. I am a self-reliant person.  
16. I give up easily.  
17. I do not seem capable of dealing with most problems that come up in life.  
18. It is difficult for me to make new friends.  
19. If I see someone I would like to meet, I go to that person instead of waiting for 

him or her to come to me.  
20. If I meet someone interesting who is hard to make friends with. I will soon stop 

trying to make friends with that person.  
21. When I am trying to become friends with someone who seems uninterested at first, I do 

not give up easily.  
22. I do not handle myself well in social gatherings. 
23. I have acquired my friends through my personal abilities at making friends. 
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Appendix E: Short Self-Regulation Questionnaire 

For the statements below please indicate on a scale from 1-5,  
1. Completely Disagree   4. Agree 
2. Disagree   5. Strongly Agree 
3. Neutral   

 
1. I usually keep track of my progress toward my goals. 
2. I have trouble making up my mind about things. 
3. I get easily distracted from my plans 
4. I do not notice the effects of my actions until it is too late. 
5. I am able to accomplish goals I set for myself 
6. I put off making decisions. 
7. It is hard for me to notice when I’ve “had enough” (alcohol, food, sweets). 
8. If I wanted to change, I am confident that I could do it. 
9. When it comes to deciding about a change, I feel overwhelmed by the choices. 
10. I have trouble following through with things once I have made up my mind to do 

something. 
11. I do not seem to learn from my mistakes 
12. I can stick to a plan that is working well. 
13. I usually only have to make a mistake one time in order to learn from it. 
14. I have personal standards and try to live up to them. 
15. As soon as I see a problem or challenge, I start looking for possible solutions.  
16. I have a hard time setting goals for myself. 
17. I have a lot of willpower 
18. When I am trying to change something, I pay a lot of attention to how I am doing. 
19. I have trouble making plans to help me reach my goals. 
20. I am able to resist temptation.  
21. I set goals for myself and keep track of my progress 
22. Most of the time I do not pay attention to what I am doing. 
23. I tend to keep doing the same thing, even when it does not work. 
24. I can usually find several different possibilities when I want to change something.  
25. Once I have a goal, I can usually plan how to reach it. 
26. If I make a resolution to change something, I pay a lot of attention to how I am doing. 
27. Often, I do not notice what I am doing until someone calls it to my attention. 
28. I usually think before I act. 
29. I learn from my mistakes 
30. I know how I want to be 
31. I give up quickly.  
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Appendix F: The Marlowe-Crown Social Desirability Scale 

 
For the following questions please answer true or false as it relates to you.  

1. Before voting I thoroughly investigate the qualifications of all the candidates. (T) 
2. I never hesitate to go out of my way to help someone in trouble. (T) 
3. It is sometimes hard for me to go on with my work if I am not encouraged. (F) 
4. I have never intensely disliked anyone (T) 
5. On occasion I have had doubts about my ability to succeed in life (F) 
6. I sometimes feel resentful when I don’t get my way. (F) 
7. I am always careful about my manner of dress (T) 
8. My table manners at home are as good as when I eat out in a restaurant. (T) 
9. If I could get into a movie without paying and be sure I was not seen I would probably do 

it. (F) 
10. On a few occasions, I have given up doing something because I thought too little of my 

ability. (F) 
11. I like to gossip at times. (F) 
12. There have been times when I felt like rebelling against people in authority even though I 

knew they were right. (F) , 
13. No matter who I'm talking to, I'm always a good listener. (T) 
14. I can remember "playing sick" to get out of something. (F) 
15. There have been occasions when I took advantage of someone. (F) 
16. I'm always willing to admit it when I make a mistake. (T) 
17. I always try to practice what I preach. (T) 
18.  I don't find it particularly difficult to get along with loud mouthed, obnoxious people. (T) 
19. I sometimes try to get even rather than forgive and forget. (F) 
20. When I don't know something I don't at all mind admitting it. (T) 
21. I am always courteous, even to people who are disagreeable. (T) 
22. At times I have really insisted on having things my own way. (F)  
23. There have been occasions when I felt like smashing things. (F) 
24. I would never think of letting someone else be punished for my wrong- doings. (T) 
25. I never resent being asked to return a favor. (T) 
26. I have never been irked when people expressed ideas very different from my own. (T) 
27.  I never make a long trip without checking the safety of my car. (T) 
28. There have been times when I was quite jealous of the good fortune of others. (F) 
29. I have almost never felt the urge to tell someone off. (T) 
30.  I am sometimes irritated by people who ask favors of me. (F) 
31. I have never felt that I was punished without cause. (T) 
32. I sometimes think when people have a misfortune they only got what they deserved. (F) 
33. I have never deliberately said something that hurt someone's feelings. (T) 
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Appendix G: Demographics 

Age _______________ 
 
Gender: Male, Female, Transgender, Non-binary/non-conforming, prefer not to say  
 
Race/ethnicity; Hispanic/ Latino/a, White, Black, American Indian, native Alaskan, Asian,  
Native Hawaiian/ Pacific Islander, prefer not to say  
 
Class standing (i.e., Freshmen, Sophomore, Junior, Senior, Graduate student) 
 
Student characteristics: Choose all that apply; transfer, non-traditional, 1st time admission, 1st 
generational, dual enrollment, traditional, not 1st generation college student 
 
Do you have a diagnosed learning disability (from a professional)? if you answer yes, please 
state. Examples include Dyslexia, Dysgraphia, Dyscalculia (math dyslexia), Auditory processing 
disorder, language processing disorder, visual perception/visual motor deficit. Related disorders: 
ADHD, Autism spectrum disorder.  
 
Do you suspect or self-diagnosed with a learning disability? If yes, please state. 
Type of School; 4-year college, technical or vocational, community college, full online program 
(no official campus building-completely online school).  
 
Name of school _____________ 
 
Please list the courses you are enrolled in currently. Answers can be in either format ABCD 1310 
or Intro to ABC’s.  
 
How many course hours are you currently enrolled in? (Indication of full/part time status); less 
than or equal to 3 credit hours, less than or equal to 6 credit hours, less than or equal to 12 credit 
hours, more than 12 credit hours.  
 
How many online course hours are you currently enrolled in? How many in-person course hours 
are you currently enrolled in? 
 
What is your current cumulative GPA? If this is your 1st semester in college, please report your 
overall final GPA for High School.  
 
What was your previous semester GPA? If this is your 1st semester in college, please report your 
last semester of High school GPA. If you cannot remember you can list out the grades you 
received in your final semester (only) of high school.  
 
To find GPA information for ETSU students you can log into Goldlink. Under the blue tab 
“Records” you can click on your unofficial transcript. Once opened you can see your cumulative 
GPA (overall GPA for your entire time at your school) and your previous semester GPA.  
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