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Abstract 

The STEM College-Going Expectancy Scale (STEM CGES) was developed and validated in two studies conducted 
during 2010 and 2011. The STEM CGES is a self-report instrument measuring college-going expectancy, 
specifically for science, technology, engineering, and mathematics (STEM) domains. In Study 1, 95 students in an 
urban high school completed an 11-item online questionnaire to measure college-going expectancy in STEM 
domains. Exploratory factor analysis (EFA) retained 6 out of the 11 items for inclusion. In Study 2, Confirmatory 
Factor Analysis (CFA) used data collected from 658 students in 31 urban, suburban, and rural high schools. The 
results provide strong evidence that the STEM CGES is a valid and reliable instrument for measuring college-going 
expectancy for STEM domains.  
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1. Introduction 

1.1 Assessing High School Student Perception of Capability in STEM areas 

During recent years, there has been a marked need and continuous research efforts to gain a better understanding of 
the impact of adolescents’ decision-making processes on career and educational planning and performance (Betz, 
2007; Bandura, Barbaranelli, Caprara, & Pastorelli, 2001). Likewise, the continuing lack of gender and ethnic 
diversity in STEM professions has been well documented and researched (Watt, Shapka, Morris, Durik, Keating, 
Eccles, 2012; Syed, Azmitia, & Cooper, 2011; Chemers, Zurbriggen, Syed, Goza, & Bearman, 2011). For instance, 
Riegle-Crumb and colleagues (Riegle-Crumb, Moore, & Ramos-Wada, 2011) found that Black and Hispanic male 
adolescents aspire to similar levels of science and math careers as do White males but are consistently less successful 
as evidenced by the percentage of minority students and White males who end up in these professions. 

The relationship between decision making and long-term planning is of particular concern to educators, practitioners, 
and policy makers who seek more effective methods and tools to assess the factors that influence adolescents’ 
decisions and capabilities to attend college and succeed in science, technology, engineering, and math (STEM) 
domains at the college level. Researchers have found that students’ educational pathways become apparent between 
the eighth and tenth grade (Gibbons & Borders, 2010; Witkow & Fuligni, 2011). It is of critical importance to 
identify these factors early, as many career and educational plans are made well before high school graduation. In 
fact, some college preparation programs that demonstrate success for transition to college begin in early adolescence 
(Bergin, Cooks & Bergin, 2007; Oesterreich, 2000). Towards this end, the current study tested, developed and 
validated an instrument to assess high school students’ belief in their capability to attend college to study science, 
technology, engineering, or mathematics (STEM) and persist in college activities successfully in the future. 
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1.2 Hypotheses  

This study used an adapted version of Gibbons’ (2005) College-Going Self-Efficacy Scale (CGSES) to assess general 
college-going self-efficacy. The CGSES was created to measure high school student self-efficacy related to 
college-going experiences in student capability, decision-making skills, family-related issues and financial issues. 
Based on prior research (e.g., Horn & Nunez, 2000; Warburton, Bugarin, Nunez, & Carroll, 2001) that shows how 
success in college is related to an individual’s beliefs about their ability to both get into and stay in college, the 
CGSES scale contained two subscales: college attendance and college persistence.  

We used Expectancy-Value theory (Eccles & Wigfield, 1995; Eccles & Wigfield, 2002; Wigfield & Eccles, 2000) as 
the theoretical framework to develop items measuring high school student’s college-going expectancies for success 
and ability beliefs in STEM. Particularly, we focused on the development of items that examined student capability 
and decision-making skills. We hypothesized that high school students perceive their STEM college-going capability 
in terms of ability beliefs and expectancies for success that are domain specific. The following hypotheses guided our 
study: 1. High school students perceive that STEM college-going capability is domain-specific. 2. High school 
students perceive STEM college-going capability in terms of both ability beliefs and expectancies for success. 

1.3 College-Going Scales 

To date, very few scales have been developed to measure college-going expectancy as related to beliefs about one’s 
future ability to perform a task in a specific domain. However, a number of scales have been developed to assess 
college-going self-efficacy, including the College Self-Efficacy Instrument (Solberg, O’Brien, Villareal, Kennel, & 
Davis, 1993), the Middle School Career Decision-Making Scale (Fouad & Smith, 1997), the Academic Milestones 
Scale (Nauta, Epperson, & Kahn, 1998), the Educational Degree Behaviors Self-Efficacy Scale (Gloria, Kurpius, 
Hamilton, & Wilson, 1999), and the College-Going Self-Efficacy Scale ( Gibbons & Borders, 2010).  

These scales were designed primarily to assess students already in college, and none were designed specifically for 
STEM areas. Previous research has shown that scales developed to assess general expectancies for success, without 
regard to a particular domain, may not accurately measure college-going expectancy. Thus, the use of existing 
college-going self-efficacy scales cannot provide an accurate measure of the relationship between college-going 
expectancy and college attendance and persistence in STEM-related areas. Given the difference in focus (i.e., the 
task-specific nature of self-efficacy and domain-specific nature of expectancies), it is critical to design a scale that 
assesses students’ expectancy to go to college more specifically in terms of STEM domains. 

1.4 Domain- and Task-Specificity 

The domain- and task- specificity of an item or construct is critical to consider when examining a student’s 
college-going expectancy or self-efficacy. Recent research has provided ample evidence of domain-specific patterns 
of student motivation and behavior (Jacobs, Lanza, Osgood, Eccles, & Wigfield, 2002; Pintrich, 2003). Bandura 
(1986) considers judgments of self-efficacy to be task-specific and states that “ill-defined global measure of 
perceived self-efficacy or defective assessments of performance will yield discordances” (p. 397). In other words, an 
individual’s perceived self-efficacy is highly dependent on the specific task and the context of the situation (e.g., “I 
am certain that I can understand the most difficult material presented in texts” (Pintrich, Smith, Garcia, & 
McKeachie, 1991, p. 13), rather than on a global sense of self-efficacy (e.g., “I am a good student”). In fact, Pajares 
(1996) found that efficacy has been typically measured at the task-specific level. However, in terms of expectancies 
for success, Wigfield and Eccles (2000) stated that expectancies have been largely measured by domain (e.g., “I will 
do well in math this year”) rather than by task (e.g., “I’m confident I can do an excellent job on assignments and 
tests”) (Marsh, Hau, Artelt, Baumert, & Peschar, 2006, p. 358). Specifically, they found that children and adolescents 
can clearly distinguish between different ability beliefs and values; however, confirmatory factor analyses (CFAs) 
revealed that these children’s and adolescents’ ability beliefs and expectancies loaded together, such that responses to 
ability belief questions and expectancy questions were highly related. Therefore, the issues of domain- and 
task-specificity must be considered when examining students’ expectancies or self-efficacy. 

In general, beliefs about one’s ability greatly impact academic achievement, goal setting and the use of learning 
strategies (Marsh et al., 2006). Indeed, Pajares and Miller (1995) determined that student confidence to solve math 
problems was a more powerful predictor of performance than either confidence in performing math-related tasks (in 
general) or in succeeding in math-related courses. In a similar study, Pajares and Johnson (1994) found that 
self-efficacy in writing skills was a stronger predictor of holistically-asessed essay scores than was self-efficacy in 
writing tasks. Self-efficacy appears to vary in terms of the specific domain or task undertaken. Thus it is critical to 
utilize assessments that are both task- and domain- specific when investigating self-efficacy.  
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1.5 Motivation and Achievement 

Although academic achievement is an important factor for gaining entry into college to pursue careers in STEM, an 
adolescent’s continued motivation and attitude towards work in science and math as high school progresses is also 
important. According to Jacobs (2005), motivational research has shown that individuals who have high 
self-concepts of ability (i.e., ability beliefs) in math, science, and technology are generally more likely to select math 
and science courses and careers. Here, self-concept is defined as belief in one’s capabilities and characteristics 
related to academic and social performance. Similarly, intrinsic values that students place on specific subjects have 
been shown to influence educational and career plans. Other researchers have examined these constructs in terms of 
attitudes, noting differences in aspiration based on race and gender (Riegle-Crumb et al., 2011). 

Using the Expectancy-Value Theory (Eccles & Wigfield, 1995; Eccles & Wigfield, 2002; Wigfield & Eccles, 2000) 
as a framework, current evidence suggests that a student’s expectancy for success influences the decision to pursue 
study or work in a certain domain. Specifically, Expectancy-Value Theory suggests that students’ motivation to 
achieve in any particular subject is a combination of their expectancy (expectancies for success and ability beliefs) 
and the subjective value that they place on that subject. Expectancies for success are defined as one’s beliefs about 
how well he or she will perform in the future on a task in some domain (e.g., ‘Can I do this task?’; Eccles & Wigfield, 
2002, p. 110). To measure expectancies for success, we can inquire about one’s beliefs in his or her abilities on a 
future task. Ability beliefs are defined as domain-specific beliefs about a person’s personality, identity, academic 
ability, and social competence (Wigfield & Eccles, 2000). Measurements of expectancy then focus on a person’s 
beliefs related to a future task while also focusing on his or her ability beliefs on current tasks.  

The expectancy-value framework’s other construct of task value is determined by the external characteristics of the 
task itself, that is, by the broader needs, goals, and value orientation of the individual (‘Why should I do this task?’; 
Eccles, 1983a). Task value has been researched in terms of intrinsic value (e.g., interest), utility value, and attainment 
value measures. Deci and Ryan (1985), and Wigfield and Eccles (1992) conceptualized value theory with four 
constructs: attainment value, intrinsic value, utility value, and cost. Attainment value is defined as the importance of 
doing a task. Intrinsic value is defined as the enjoyment that a person gains when he or she is engaged in a task. 
Utility value is defined as the degree to which the task is valuable in accomplishing career or academic goals. Cost is 
described as lost opportunities that occur as a result of participation in a particular task. According to Eccles and 
Wigfield (1995, 2002), the subjective value of a task is positively correlated with motivation and performance. 
That is, the more a student values a certain task, the more motivated they will be to engage in the task and the 
more likely they will be to perform well in that specific task.  

A student’s motivation to achieve in any particular subject is largely predicted by his or her expectancies for success 
in the task (Wigfield, Tonks, & Klauda, 2009). Expectancies for success and ability beliefs are often associated with 
self-perception of task-specific abilities (Schunk et al., 2007). If a student perceives herself to have a high ability for 
a specific task or in some domain, she expects to do well in that task or domain, either in the future or in the present 
(ability beliefs); likewise, if a student perceives himself to have low ability for a specific task or in some domain, he 
expects to do poorly in that task or domain. Contrastingly, subjective task value is determined by characteristics 
of a task itself, that is, by the broader needs, goals, values, and motivational orientations of the individual, and 
the affective memories associated with similar tasks in the past. According to Schunk and colleagues (2007), 
expectancy is closely tied to achievement and cognitive engagement while value beliefs are indicative of 
decision-making behavior that could lead to future achievement opportunities. Therefore, an individual’s 
expectancies may predict present engagement or immediate performance, whereas one’s subjective task values may 
be less variable and predict future decision-making. Schunk, Pintrich, and Meece (2007) determined that students’ 
perceptions of their ability and expectancies for success were the strongest predictors of subsequent grades in 
mathematics and English, and were strong predictors of both learners’ effort and persistence in these domains.  

Research using the expectancy-value framework has found that expectancies for success are strong predictors of 
students’ academic achievement (Ormrod, 2006; Pintrich & Schunk, 2002; Shell, Colvin, & Bruning, 1995; Wigfield, 
1994; Zimmerman, 2000). Specifically, ability beliefs can predict the number of math and science courses taken in 
high school (Simpkins, Davis-Kean, & Eccles, 2006; Byars-Winston & Fouad, 2008). Although literature suggests 
distinct constructs, Wigfield and Eccles (2000) have found that ability beliefs and expectancy beliefs are 
indistinguishable empirically.  

While expectancies for success refer to one’s beliefs about his or her ability to do well on a future task in specific 
domain whereas, ability beliefs pertain to domain-specific beliefs about a person’s personality, identity, academic 
ability, and social competence (Eccles, 1983a). This construct of ability belief is similar to Bandura’s self-efficacy in 
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that both deal with a person’s perception of his or her capabilities (Schunk, Pintrich, & Meece, 2008). Self-efficacy 
refers to one’s ability belief to synthesize and carry out certain actions in order to achieve goals (Bandura, 1997). It is 
often referred to in regards to one’s perception of his or her ability to succeed or complete a task in the short-term 
which, cumulatively, influences career and academic decisions in the long-term. However, unlike ability beliefs in 
expectancy-value theory, self-efficacy is a more situation-specific judgment of competence in a particular domain to 
carry out certain behavioral actions and cognitive skills and eventually perform the task successfully (Bong, 2001; 
Bong & Clark, 1999). The characteristics of self-efficacy include (a) performance capabilities, (b) domain specificity, 
(c) sensitivity to contextual changes, and (d) future performance predictors (Zimmerman, 2000). Self-efficacy 
describes an individual’s beliefs in his or her performance on tasks rather than his or her feelings about personal 
qualities. Self-efficacy is multidimensional in form; it changes depending on the domain of a task. This means that a 
person’s self-efficacy presents a variety of beliefs of his or her capabilities based on judgment of different functions 
of a domain in relationship to his or her abilities. Furthermore, self-efficacy sensitively responds to the context of a 
task. According to Bandura (1986), self-efficacy beliefs are the most influential factors in an individual’s decision to 
initiate and persist in a particular behavior and have positive effects on outcomes across a variety of domains, 
including academic performance, achievement, and career success. Further, outcome expectations depend on 
self-efficacy judgments. For instance, if a student judges that she currently has high efficacy in accomplishing a 
math-related to task, then she is more likely to have high expectations for future success in the task.  

Self-efficacy has been found to be strongly predictive of success in college (Majer, 2009; Gore, 2006; Eccles & 
Wigfield, 1995; Pintrich & Schunk, 2002). For instance, Pajares and Schunk (2001) suggested that academic 
self-efficacy explains approximately a quarter of the variance in the prediction of academic outcomes beyond that of 
instructional influences. Self-efficacy influences an individual’s sustained effort, persistence, and aspirations 
(Caprara, Vecchione, Allesandri, Gerbino, & Barbranelli, 2011), course selection (Britner & Pajares, 2006), academic 
continuance and achievement (Britner & Pajares, 2006), college performance and persistence (Gore, 2006; Robbins, 
Lauver, Le, Davis, Langley, & Carlstrom, 2004), GPA (Robbins et al., 2004), academic aspirations (Bandura et al., 
2001), and career trajectories across domains and age levels (Bandura, Barbaranelli, Caprara, & Pastorelli, 1996; 
Bandura et al., 2001; Britner & Pajares, 2006; Gore, 2006). Moreover, Pajares and Schunk (2001) suggested that 
academic self-efficacy explains approximately a quarter of the variance in the prediction of academic outcomes 
beyond that of instructional influences. In general, the higher a person’s perceived self-efficacy to fulfill an 
occupational or educational role, the more likely that individual is to pursue and persist in that particular area.  

Wigfield and Eccles (2000) determined that ability beliefs and expectancies for success are indistinguishable 
empirically. Thus, we hypothesized that an individual’s ability beliefs and expectancy for success in a domain will be 
highly correlated. Likewise, both constructs were used for the theoretical framework to develop a STEM-focused 
college-going expectancy scale. However, unlike ability beliefs and expectancies, which are often measured with 
regards to specific domains, measures of self-efficacy have been more task-specific in nature.  

2. Scale Development Process 

To create the College-Going Expectancy Scale (CGES) in STEM, we used multiple measurement and development 
processes. First, the original items in the College-Going Self-Efficacy Scale developed by Gibbons (2005) were field 
tested and revised based on the results of exploratory factor analysis (EFA); second, a literature review was 
conducted and used to further revise the items; third, the newly revised items were examined through a focus group 
with STEM educational experts and high school students. An 11-item STEM college-going expectancy scale was 
tested with a small set of students for EFA in a pilot study. A revised 6-item scale was then tested with a large group 
of students for confirmatory factor analysis (CFA). 

2.1 Initial Field Testing 

During 2010, a group of 114 Latino high school students in Southern California were administered the draft 
instrument to explore the validity and reliability of the CGSES. The original CGSES instrument contained 30 items. 
Because current study focuses on the impact of college-going experiences in student capability and decision-making 
skills, items related to family and financial issues were excluded. After completion of exploratory factor analysis, we 
selected 5 out of 14 items in the CGSES attendance and 5 out of 16 items in the CGSES persistence.  

2.2 Literature Review 

As part of the development process, a thorough literature review was conducted regarding motivation theories and 
studies. Based on the review, the language and content of the existing initial ten survey items was revisited to more 
rigorously identify high school student ability beliefs and expectancies for success related to college-going 
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experiences in STEM. The items were also modified to identify behavioral actions and decision-making skills used 
to accomplish future tasks. The modified items were developed to identify students’ perceptions of their capability to 
accomplish future tasks rather than their intentions for college attendance and persistence. Nine items were chosen 
out of 10. One item was deleted as it was determined to more appropriately measure task-related interest. The items 
were also revised for clarity and readability. At that point, the scale consisted of 9 total items: 5 Attendance items and 
4 Persistence items.  

2.3 Focus Group with Experts 

Nine STEM education experts, including higher education faculty, high school faculty, including math and science 
department chairs, and science education specialists, were invited to a 45-minute focus group interview in February 
of 2011 to review the scale. The focus group was guided by the following questions: (1) Does the overall scale 
include the essential elements of student college-going self-efficacy in STEM? (2) Is each item clearly linked to 
students’ college-going self-efficacy in STEM? (3) Does each item clearly communicate the intended meaning? And 
finally, (4) Is the language of each item both clear and concise? The focus group brought about the creation of two 
new items measuring students’ beliefs in the ability to get good grades in high school math classes and in earning a 
college degree in STEM-related areas. Language and content of the items were modified to enhance student 
understanding and clarity.  

2.4 Focus Group Interview with Students 

Additionally, in March of 2011, a second focus group interview was conducted with 11 Connecticut high school 
students to assess the clarity and understanding of the 11-item in the scale. Based on the discussion in the student 
focus group, all 11 items were retained and the language and content were revised again.  

2.5 Field Testing 

The resulting 11-item scale generated from the expert reviews and focus groups was tested in a study with 95 urban 
high school students in Connecticut. The most valid items and factors in the scale were identified using exploratory 
factor analysis (EFA). Subsequently, an updated version of the scale with 6 total items was tested with 658 high 
school students utlizing confirmatory factor analysis (CFA) to validate the structure of the scale.  

3. Study 1: Exploratory Factor Analysis (EFA) 

3.1 Method 

Exploratory factor analysis (EFA) was conducted with the College-Going Expectancy in STEM measure to explore 
the dimensionality of the measure and identify items and factors that did not fit into the measure.  

3.1.1 Participants 

Participants included 95 high students who studied in one urban high school: 53% were female and the self-reported 
ethnic composition was 73% White, 3% African-American, 6% Asian-American, 14% Hispanic American, and 4% 
other. 

3.1.2 Procedures 

In June 2011, all participants were administered the 25-minute online survey following appropriate parent consent 
and student assent protocols. A study research associate was available to answer questions raised by the participants. 

3.1.3 The STEM College-Going Expectancy Measure  

The measure included 11 items assessing students’ belief in their capability to attend and succeed in college studying 
STEM: 8 items focused on students’ expectancy for success in getting into colleges to study STEM; 3 items focused 
on students’ belief in their capacity to get good grades in high school science, math, and technology-related courses. 
Students responded to the items using a 7-point Likert scale ranging from 1 (not at all true) to 7 (very true).  

3.1.4 Analytic Strategy 

Three analytic steps were taken for the analyses. The first step was to identify the number of the factors in the 
measure. The factor number was decided based on the examination of scree plot, eigenvalues, the goodness of fit of 
various factor models, and parallel analysis. Model fit indices such as standardized root mean square residual 
(SRMR), root mean square error of approximation (RMSEA), comparative fit index (CFI), and the Tucker-Lewis 
index (TLI) were used as the criteria. The value of Chi-square and 2df were also provided. (Note 1)  

The second step was to assess the quality of items within each factor. The items were judged based on two criteria: 
acceptable loading and no cross loading. Loading size larger than .60 was considered to be high and larger than .45 
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was considered acceptable. Loading size larger than .35 in over one factor was considered as cross-loading (Lackey, 
Sullivan, & Pett, 2003; Silvera, Martinussen, & Dahl, 2001; Tabachnick & Fidell, 2001). The last step was to 
examine the quality of factors. Factors with less than 2 items indicated a poor quality (Lackey et al., 2003). Finally, 
items and factors with poor quality were eliminated and the three EFA steps were repeated with the remaining items.  

Mplus Version 6.1 (Muthen & Muthen, 1998-2010) was used to generate scree plot, eigenvalues, and the model fit 
indices. Although Likert scale variables are categorical in nature, the seven categories were treated as continuous 
variables (Johnson & Creech, 1983). Maximum Likelihood estimation was used with a correlation matrix. The 
potential factors in the measure were assumed to correlate with each other, and thus oblique rotation was applied to 
reach an interpretable solution. Parallel analysis was conducted with FACTOR Version 8.02 (Lorenzo-Seva & 
Ferrando, 2011). 

3.2 Results 

3.2.1 Factorability of the Correlation Matrix 

The ratio of participants to items for the EFA was close to 9:1, which is slightly lower than Gorsuch's (1983) 
suggestion for minimum ratio of 10:1. However, Bartlett’s test of sphericity revealed that the correlation in the 
matrix of the sample was significantly different from 0. Furthermore, the size of Kaiser–Meyer–Oklin measure of 
sampling adequacy (KMO) for this sample was .93, which is larger than the cutoff point of .60 suggested by 
Tabachnick and Fidell (2001) for good factor analysis.  

3.2.2 Round 1 

The first round analyses revealed two factors that had an eigenvalue larger than 1. The scree plot also showed that 
from the second factor on, the fractions of the total variance explained by each successive factor were dramatically 
reduced. The RMSEA was high for the 1-factor (0.10) solution and acceptable for 2-factor (0.07) solution. SRMR 
was good for both of the 1-factor (0.06) and 2-factor solutions (0.04). CFIs were larger than .90 for both 1-factor and 
2-factor solutions. 2df was smaller than 2 for both 1-factor and 2-factor solutions (Table 1). The result of parallel 
analysis indicated that only in the first factor were the eigenvalues obtained from the real data equal to or larger than 
those from the simulation data (Factor 1: actual eigenvalue=67.0, parallel= 21.8). 

Next, item quality was assessed with the 1-factor and 2-factor solutions. For the 1–factor solution, 73% of the items 
had high loadings (.60 or above) and 1 item did not load in the factor. For the 2-factor solution, 27% of the items had 
high loadings (.60 or above) and 18% of the items did not load in any factors. Thirty-six percent of the items 
cross-loaded in two factors. The analyses demonstrated that the 1-factor solutions resulted in higher quality of items 
than the 2-factor solution and was therefore retained. The one item that did not load in the factor: ‘I believe that I 
could handle the stress and the workload’ (e.g. homework, projects, exams, etc. in science, technology, engineering, 
or math (STEM) courses at college), was deleted. Another round of factor analysis was conducted with the remaining 
10 items. Goodness of fit indicators for one- and two-factor solutions are shown in Table 1. 

3.2.3 Round 2 and Round 3 

The second round analyses following similar analytic steps to the round 1 analysis revealed that both 1-factor and the 
2-factor solutions had a good model fit (see model fit indices in Table1) and an eigenvalue that was close to or larger 
than 1. The 1-factor solution was also supported by the result of parallel analysis (actual eigenvalue=65.1, parallel = 
24.0). On the other hand, scree plot supported the 2-factor solution. When examining item quality, 80% of the items 
in the 1-factor solution had high loadings (above .60) while only 30% of items in the 2-factor solution had high 
loadings, with 40% of items cross-loading in two factors., Therefore, the 1-factor solution was retained for further 
analyses. Given the conciseness and quality of the measure, two items (item 1: ‘I believe that I can get good grades 
in my high school TECHNOLOGY-related classes’; item 2: ‘I believe that I have ability to learn to use various 
technology tools that will help me study science, technology, engineering, or math (STEM) in college’) with loadings 
lower than .60 were deleted. In the measure, two other items were in line with item 1 tapping into students’ 
self-efficacy in math and science (‘I believe that I can get good grades in my high school MATH classes’; ‘I believe 
that I can get good grades in my high school SCIENCE classes’). To be consistent, these two items were also deleted. 
Another round of factor analysis was conducted with the remaining 6 items.  

The third round analyses identified a 1-factor solution based on eigenvalues, scree plot, model fit indices (Table 1), 
and parallel analysis (actual eigenvalue=80.8, parallel= 42.2). All items had high loadings (Table 2). Therefore, the 
1-factor model with 6 items was selected for the measure, which explained 67% of the total variance. 
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Table 1. Goodness of fit indicators for the EFA model 

 Factor 
solution 

x2 Df 2df RMSEA SRMR CFI TLI 

Round 1 1 87.29 44 1.98 0.10 0.06 0.91 0.89 

 2 49.6 34 1.46 0.07 0.04 0.97 0.95 

Round 2 1 62.52 35 1.79 0.09 0.05 0.94 0.92 

2 26.21 26 1.01 0.01 0.03 1 1 

Round 3 1 7.51 9 0.83 < 0.001 0.02 1 1 

 

Table 2. Factor loadings of the one-factor solution  

Items Factor Loadings 

I believe that I can make an EDUCATIONAL PLAN that will prepare me to 
study science, technology, engineering, or math (STEM) in college. 

0.69 

I believe that I can CHOOSE the appropriate high school classes needed to 
study science, technology, engineering, or math (STEM) in college if they are 
offered at my school. 

0.75 

I believe that I can pass the high school classes needed to study science, 
technology, engineering (STEM) in college. 

0.72 

I believe that I can get into college after high school to study science, 
technology, engineering, or math (STEM) if I want. 

0.81 

I believe that I could pick the appropriate science, technology, engineering, or 
math (STEM) courses to graduate from college. 

0.84 

I believe that I could earn a college degree in science, technology, engineering, 
or math (STEM) related areas. 

0.83 

 

4. Study 2: Confirmatory Factor Analysis 

4.1 Method 

Confirmative factor analysis (CFA) was conducted with the revised College Going Expectancy in STEM measure 
using Mplus Version 6.1 (Muthen & Muthen, 1998-2010). The purpose of CFA was to verify the proposed construct 
of college-going expectancy in STEM measure resulting from the previous EFA.  

4.1.1 Participants 

This study included 658 students from 31 high schools: 15 suburban, 13 urban, and 3 rural. Forty percent of the 
students were female, 57% of the students were male, and 3% of the students did not report their gender. Students 
self-reported their ethnicity: 68% percent of the students were White, 14.6% Hispanic or Latino, 5.9% African 
American, 3.3% Asian, 1.1% Pacific Islander, 0.3% American Indian or Alaska Native, and 5.8% other. 
Approximately 1% did not report their ethnicity. 

4.1.2 Procedure 

Participants were administered the 6-item scale electronically. Parent consent and student assent addressing the 
voluntary nature and confidentiality of the study were distributed and collected prior to administration. 

4.1.3 The STEM College-Going Expectancy Measure 

The six items resulting from EFA reported in Table two were administered in Study 2. The items were rated using a 
7-point Likert scale ranging from 1 (not at all true) to 7 (very true). 

4.1.4 Analytic Strategy 

The CFA in this study used an ML estimation approach to a correlation matrix. Model fit indices, including 
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standardized root mean square residual (SRMR), root mean square error of approximation (RMSEA), comparative fit 
index (CFI), and the Tucker-Lewis index (TLI), were used as the criteria of the goodness of fit. Chi-square and 2df 
were also provided. 

4.2 Results 

4.2.1 Confirmatory Factor Analysis  

The one-factor model explored in Study 1 was analyzed with CFA. The model fit indices indicated less desirable fit 
of the model: 2df was large; RMSEA was larger than .10. An examination of modification indexes (MI) revealed 
that two pairs of items were highly correlated. One pair of items was, ‘I believe that I can make an educational plan 
that will prepare me to study science, technology, engineering, or math (STEM) in college’ and, ‘I believe that I can 
CHOOSE the appropriate high school classes needed to study science, technology, or math (STEM) in college if they 
are offered at my school’. The other pair was, ‘I believe that I could pick the appropriate science, technology, 
engineering, or math (STEM) course to graduate from college’ and, ‘I believe that I could earn a college degree in a 
science-, technology-, engineering-, or math- (STEM-) related area’. The items in the first pair were both related to 
college preparation, so it made sense for them to be correlated. Similarly, the two items in the second pair were both 
related to success in college.. Correlating the two pairs resulted in a significant improvement of model fit: Chi-square 
was significantly decreased; 2df was close to 2; RSMEA decreased to .06; CFI increased to .99 (see Table 3). 

Table 3. Goodness of fit indicators for the CFA model 

 x2 Df 2df RMSEA SRMR CFI TLI 

Model 1 101.19 9 11.24 0.13 0.03 0.96 0.93 

Model 2 25.60 7 3.66 0.06 0.02 0.99 0.98 

 

4.2.2 Reliabilities 

Cronbach’s alphas were calculated to examine the reliability of the measure in the two studies. As shown in Table 4, 
the alphas for the whole measure (larger than .90) indicated a high internal consistency. The alphas also remained 
consistent across the two studies.  

Table 4. Cronbach’s alphas  

Factors 
Study 1 (n=95) 

α 
Study 2 (n=658) 

α 

 .91 .90 

 

4.3 Comparison between Hypothesized and Observed Factors 

Based on our review of existing literature, we expected that the STEM College-Going Expectancy Scale would be a 
unidimensional measure including expectancy for future success items and ability belief items. This study did reveal 
a unidimensional scale; however, this scale involved only expectancy for future success items. The original 
College-Going Self-Efficacy Scale (CGSES) (Gibbons, 2005), from which our current expectancy scale was adopted, 
contained two subscales: (1) College attendance, and (2) College persistence. The hypothesis of Gibbons was not 
supported by our study when we tested the items specifically in STEM. College attendance and college persistence 
collapsed into one single factor. 

5. Discussion 

This study tested, developed, and validated an instrument to assess high school students’ belief in their capability to 
attend college to study STEM and persist in college activities successfully in the future. The study modified the 
CGSES (Gibbons, 2005) to measure college-going expectancy in STEM learning and work in college. Our results 
supported the initial hypothesis that high school students perceive their college-going capability in STEM to be 
based on domain-specific expectancies for success. We also confirmed that high school students perceive their 
STEM college-going capability in terms of expectancy for success. In our study, all items measuring ability beliefs 
fell out of the factor. Therefore, our results do not support Wigfield and Eccles’ research (2000) which showed that 
ability beliefs and expectancies load onto each other, but they are consistent with expectancy-value theory which 
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consider the two as separate and distinctive constructs.  

When the modified capabilities and decision-making items from the CGSES (Gibbons, 2005) were tested for the 
STEM-specific domain, items that measured expected competence in the future were found to be reliable and valid. 
This finding is well-aligned with the expectancies for success construct (Eccles, 1983). Since going to college is a 
future task for high school students, it is reasonable that the reliable and valid items in our STEM scale would 
measure high school students’ belief in their future task capability in STEM. In the pilot study, items were included 
to examine both STEM ability beliefs and expectancies. Based on the exploratory factor analysis, questions 
pertaining to ability beliefs that measured student beliefs in their capabilities in current activities (‘I believe that I can 
get good grades in my high school science classes’ and ‘I believe that I can get good grades in my high school 
science classes’) were found to be poor items for the college-going expectancy in STEM scale and were deleted.  

Similarly, the items ‘I believe that I have ability to learn to use various technology tools (e.g. online text books, 
articles or forums, digital design, Moodle) that will help me to study science, technology, engineering, or math 
(STEM) in college’ and ‘I believe that I could handle the stress and the workload (e.g. homework, projects, exams, 
etc) in science, technology, engineering, or math (STEM) courses at college’ did not load onto the factor and were 
excluded. The reason for the former item’s failure may be that there are a broad range of technology tools demanding 
different levels of expertise; these are difficult to examine in a unified statement and may be confusing to students 
with limited experience in judging their expectancies for success. The latter item’s failing may result from a lack of 
understanding of what a college workload would entail. 

Questions pertaining to expectancy that assessed student beliefs about their future task outcome were found to be 
good items for the Scale. The items include ‘I believe that I can CHOOSE the appropriate high school classes needed 
to study science, technology, engineering, or mathematics (STEM) in college if they are offered at my school’ and ‘I 
believe that I could pick the appropriate science, technology, engineering, or math (STEM) courses to graduate from 
college.’ The finding that the ability belief items were not good measures of expectancy supports Eccles’ (1983) 
expectancy-value model, which considers ability belief to be a different construct from expectancies of success, with 
the former focusing on current task level activities. In this study, the items measuring future tasks were found to be 
good items. Further, the exploratory factor analysis revealed that there was no distinction between attendance and 
persistence activities, but rather, they were centered on one specific domain: STEM. This supports Wigfield and 
Eccles’ (2000) findings that ability beliefs and expectancies are likely to be domain- rather than task-specific.  

5.1 Conclusion 

Using exploratory and confirmatory factor analysis of the revised instrument, the resulting College-Going 
Expectancy (CGE) in STEM Scale provides evidence that the instrument is a promising measure of college-going 
expectancy in STEM. Overall, these findings support the distinction between expectancy for success, ability beliefs, 
and self-efficacy. That is, whereas ability beliefs and self-efficacy tend to measure beliefs about ability in terms of 
task-specific behavior to accomplish current activities (Wigfield & Eccles, 2000; Pajares, 1996), this study supports 
the idea that expectancies of success are domain-specific and future-task-oriented. Due to the empirical similarity 
found between expectancies for success and ability beliefs, the findings point to the need to clearly distinguish 
between both constructs and for researchers investigating them to create assessments that are both task- and 
domain-specific. 

The items included in the final version of the instrument emphasize the importance of proper guidance to high school 
students in planning STEM coursework and assistance in enhancing skill learning. Such guidance may increase both 
student interest in STEM domains and beliefs in their ability to pursue careers and college majors in STEM.  

5.2 Future Work 

Further research is needed to determine whether the scale can be successfully used to predict whether students will 
enter, stay in, or be successful in STEM fields in college. It would be particularly interesting to examine the 
correlations between this scale, performance in high school, and success indicators in college in STEM-related fields. 
Future studies are also recommended to test scale questions in each STEM subject.  
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Notes 

Note 1. Conventionally, SRMR smaller than .05, RMSEA smaller than .06, CFI larger than .96, and TLI larger 
than .95 are considered to be a good fit (Hu & Bentler, 1999), while SRMR smaller than .08, RMSEA smaller than .1, 
CFI larger than .90, and TLI larger than .90 are considered to be an acceptable fit (Brown & Cudeck, 1993). The 
value of Chi-square was also provided; however, Chi-squares are often biased by sample size. Therefore, 2df was 
calculated and a value close to 2 indicated a good fit of the model (Bentler 1995; Byrne 2001). In parallel analysis, a 
factor should be retained when its eigenvalue obtained from the real data is equal to or larger than the one from the 
simulation data (Timmerman & Lorenzo-Seva, 2011).  

 
 


