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Abstract 

 

 Undergraduate STEM students’ motivations have a strong influence on whether and how 

they will persist through challenging coursework and into STEM careers. Proper 

conceptualization and measurement of motivation constructs, such as students’ expectancies and 

perceptions of value and cost (i.e., expectancy value theory; EVT) and their goals (i.e., 

achievement goal theory; AGT), are necessary to understand and enhance STEM persistence and 

success. Research findings suggest the importance of exploring multiple measurement models 

for motivation constructs, including traditional confirmatory factor analysis, exploratory 

structural equation models (ESEM), and bifactor models, but more research is needed to 

determine whether the same model fits best across time and context. As such, we measured 

undergraduate biology students’ EVT and AGT motivations and investigated which 

measurement model best fit the data, and whether measurement invariance held across three 

semesters. Having determined the best-fitting measurement model and type of invariance, we 

used scores from the best performing model to predict biology achievement. Measurement 

results indicated a bifactor-ESEM model had the best data-model fit for EVT and an ESEM 

model had the best data-model fit for AGT, with evidence of measurement invariance across 

semesters. Motivation factors, in particular attainment value and subjective task value, predicted 

small to medium-sized amounts of variance in biology course outcomes each semester.  Our 

findings provide support for using modern measurement models to capture students’ STEM 

motivations and potentially refine conceptualizations of them. Such future research will enhance 

educators’ ability to benevolently monitor and support students’ motivation, and enhance STEM 

performance and career success. 
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Educational Impact and Implications Statement 

Students’ motivations are key predictors of persistence and success in postsecondary STEM 

courses and majors, yet recent research has suggested a need to use more advanced and complex 

models for measuring these motivations. Our study extended this previous work by testing these 

more advanced and complex models in a new course context and across multiple semesters. Our 

findings supported using these more complex but likely more accurate measurement models to 

understand postsecondary students’ motivations in an introductory biology course. These more 

accurate measurement models proved helpful for predicting final exam scores and course grades, 

with implications for how researchers conceptualize the many aspects of student motivation. 

These findings highlight the importance of carefully theorizing and measuring student 

motivation, because accurate data are needed to help educators create and monitor classrooms 

that promote positive student motivation.  Such measures can also help researchers develop 

better tools for intervening upon students’ motivations, fostering successful STEM career 

trajectories and success. 
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Investigating Bifactor Modeling of Biology Undergraduates’ Task Values and Achievement 

Goals Across Semesters 

 There is increasing demand for STEM professionals in the workforce (National Science 

Board, 2021), yet post-secondary educators have struggled to increase STEM graduation rates 

(Olson & Riordan, 2012), in part due to significant student attrition out of STEM majors (Chen, 

2015). Such attrition likely has many causes, ranging from the cultural (e.g., racialized 

experiences in STEM; Eccles & Wigfield, 2020), to the contextual (e.g., unsupportive classroom 

climates; Seymour et al., 2019), to the individual (e.g., feelings of disenchantment with STEM; 

Rosenzweig et al., 2021), all likely dynamically interacting with one another. Such interactions 

often manifest in decreasing STEM motivations over time (Cromley et al., 2016; Perez et al., 

2019; Robinson et al., 2019), prompting significant interest in ways of conceptualizing, 

measuring, and monitoring these motivations over the course of students’ STEM career (Jiang et 

al., 2020). Such monitoring is necessary to understand how to construct cultures, contexts, and 

individual supports that promote STEM persistence, achievement, and careers. Yet, 

understanding STEM motivation has proven challenging due to the many theories and models of 

motivation in the literature (Wigfield & Koenka, 2020).  

Conceptualizations of motivation range from a focus on students’ expectancies and 

perceptions of value and cost (i.e., expectancy value theory; EVT; Eccles & Wigfield, 2020), to 

their goals (i.e., achievement goal theory; AGT; Elliot & Dweck, 2005), to students’ sense of 

autonomy and agency or lack thereof (i.e., self-determination theory; Ryan & Deci, 2000), 

among others. These theories have driven a large corpus of empirical research into understanding 

and promoting positive STEM course and career motivations (Cromley et al., 2016; Hong & 

Bernacki, 2022; Lee et al., 2022; Perez et al., 2019; Robinson et al., 2019, 2022; Rosenzweig et 
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al., 2020). Likewise, there has been a great deal of recent scholarship on how best to model 

responses to motivation instruments, ranging from more traditional confirmatory factor analysis 

methods (e.g., Muenks et al., 2023) to recently resurgent bifactor methods (Holzinger & 

Swineford, 1937; Lohbeck et al., 2022) and profile analyses (Lee et al., 2022). Recent STEM 

education research supporting the utility of using bifactor-exploratory structural equation 

modeling (ESEM) measurement models with EVT conceptualizations (Lohbeck et al., 2022; Part 

et al., 2020, 2023) suggests the need to consider refining EVT. However, before embarking on 

such theory development, it is important test whether such measurement models and their 

theoretical implications are reproduced in new contexts, with different samples, and across 

multiple time points (Greene, 2022). In addition, evidence supporting the use of bifactor-ESEM 

measurement models with EVT indicates a need to test similar measurement models with other 

motivation conceptualizations (i.e., achievement goal theory). Thus, more research is needed to 

determine the optimal measurement model for motivation constructs, across contexts and time, 

which, in turn, can be used to refine theory and derive scores that provide more accurate and 

useful information about students’ motivation (Robinson et al., 2022).  

Therefore, in this study, we gathered college students’ responses to items from multiple 

motivation conceptualizations (i.e., EVT, AGT), across three consecutive semesters of the same 

introductory biology course, to determine which measurement model proved most informative 

for each conceptualization, across each semester. Then, we examined whether and how our 

derived motivation scores predicted course performance. Our findings extend previous research 

on modeling motivation to new contexts (i.e., a biology course at a different institution than the 

one studied in Part et al., 2020), new constructs (i.e., testing bifactor and ESEM models with 

achievement goal theory), and across course semesters, with implications for how scholars 
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conceptualize and measure EVT and AGT motivations and for how scholars and practitioners 

use those conceptualizations and measures for monitoring and intervening upon motivation 

across time and context. 

Theories of Achievement Motivation 

 Theories that describe students’ motivation for academic tasks are numerous and consider 

individuals’ beliefs about themselves (e.g., self-concept, self-efficacy), their interests in engaging 

specific tasks, the value and enjoyment a task could provide, the costs it might require, and how 

task engagement might suit one’s goals, afford or challenge one’s autonomy and feelings of 

relatedness, or arouse desirable or undesirable emotions during learning, among others (Wentzel 

& Miele, 2018). With an aim to understand the ways learners engage in active learning in hybrid 

STEM courses, we focused primarily on two theories. First, we examined students’ perceptions 

of themselves as learners poised to engage in tasks that promise value but also can be costly, for 

which students hold task-specific expectancies (Eccles & Wigfield, 2020). Second, we focused 

on the achievement goals that compel students’ course engagement (Elliot & Dweck, 2005). 

Situated Expectancy-Value Theory 

Eccles and Wigfield (Eccles et al., 1983; Eccles & Wigfield, 2020) have argued that 

students’ subjective expectancies for success and their perceptions of the value or cost of 

engaging in tasks determine their motivation, which in turn affects their decisions to engage, 

complete, and thrive in tasks, including academic activities. The expectancy aspect of situated 

expectancy-value theory bears some resemblance to self-efficacy (i.e., students’ perception of 

their likely success at completing specific tasks; Bandura, 2001) and is often conceptualized 

(Wigfield & Eccles, 2000) and measured as such (e.g., Nagengast et al., 2011). Students also 

have perceptions of the value of specific tasks, which affects their motivation. Value perceptions 
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have four aspects (Eccles & Wigfield, 1983). Attainment value concerns how students view the 

importance of successfully completing a task, with such value related to their sense of identity. 

Tasks perceived as strongly related to a student’s identity have more attainment value than those 

seen as more tangential. Intrinsic value concerns how enjoyable a task is to a student. Utility 

value concerns students’ perception of the alignment between a task and their current and future 

goals. Finally, cost concerns students’ perceptions of the negative consequences of engaging in a 

task. Modern conceptualizations of EVT have included three kinds of cost, based on the amount 

of effort the task is perceived to take, the opportunities to pursue other tasks that would be lost 

when engaging in a task, and the negative psychological consequences of engaging in a task 

(e.g., Perez et al., 2014). Importantly, the various aspects of EVT are subjective (i.e., a task that 

may have significant attainment value for one student may be perceived as having low 

attainment value for another). Eccles and Wigfield (2020) have recently asserted an elaboration 

of their prior work, called situated expectancy value theory, which prioritizes students’ context, 

culture, and history when developing interventions and when determining whether and how 

findings might generalize from one context, group, or time period to another.  

Achievement Goal Theory 

 Achievement goal theorists have posited students’ learning behaviors are initiated and 

sustained by the goals they set to gain competency (Elliot & Dweck, 2005). According to the 

perspective of achievement goal theory, students set competency goals that involve a definition 

(Elliot & MacGregor, 2001; Elliot & Murayama, 2008) to either master content or perform well 

with content (e.g., mastery or performance). These definitions interact with the goal’s valence, 

which denotes a desire to approach success or avoid failure (Harackiewicz et al., 2002). As such, 

achievement goal theorists measure students’ endorsement of mastery approach, mastery 
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avoidance, performance approach, and performance avoidance goals. However, theory and 

research have established mastery avoidance goals tend not to be relevant to tasks that introduce 

novel content. Instead, these goals are only relevant to instances where one may possess 

sufficient competency to set goals that avoid declines in such mastery (Van Yperen et al., 2009). 

Because the early undergraduate STEM course in this study introduces students to central topics 

in biology for which they are assumed to have little to no prior knowledge, we focused on the 

measurement of mastery approach, performance approach, and performance avoidance goals. 

Students with higher endorsements of mastery approach goals aim to develop 

competence, which suggests these students are more motivated to actively construct meaning 

from learning materials. Indeed, findings from prior research suggest mastery approach goals 

result in more adaptive outcomes, like greater self-efficacy, increased persistence, and effective 

use of self-regulated learning strategies (Kaplan & Maehr, 2007; Urdan & Kaplan, 2020). On the 

other hand, students who endorse performance goals seek to demonstrate a desired level of 

competence in comparison to their peers, which is less likely to motivate them toward actively 

constructing meaning from learning materials. Typically, performance goals are posited to be 

less adaptive than mastery goals (Pintrich, 2000), but the approach and avoidance distinctions 

highlight important nuance. Students with higher endorsements of performance approach goals 

are oriented toward demonstrating ability, such as performing better than their peers, whereas 

students with higher endorsements of performance avoidance goals are oriented towards simply 

not demonstrating poor performance. Thus, performance approach goals can be adaptive for 

learning, especially when students’ performance goals are oriented towards maximizing 

achievement, and not toward social norms (Dompnier et al., 2013). In contrast, performance 

avoidance goals are typically less adaptive for learning. For example, researchers have found that 
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performance approach goals are related to increased engagement, interest, and learning (e.g., 

Senko & Harackiewicz, 2005; Krou et al., 2021; Yeh et al., 2019), whereas performance 

avoidance goals are associated with lower intrinsic motivation, engagement, and learning (e.g., 

Church et al., 2001; Pajares et al., 2000; Pekrun et al., 2009). It is important to note, however, 

that performance approach goals have also been linked to maladaptive outcomes, such as 

cheating and avoiding help-seeking (e.g., Karabenick, 2004; Tas & Tekkaya, 2010). Finally, 

students often pursue multiple goals simultaneously (Barron & Harackiewicz, 2001), where 

concurrently held goals comprise a goal complex which predicts outcomes in different ways than 

do independently held achievement goals (e.g., Sommet & Elliot, 2017). Taken together, mastery 

approach, performance approach, and performance avoidance goals are all important constructs 

when considering how a student will be motivated to pursue competency goals, which in turn 

affect a range of outcomes, including achievement (Simon et al., 2015).   

Modeling Motivation Data 

 A robust literature has evolved around the question of how best to conceptualize and 

model situated expectancy value theory (Eccles & Wigfield, 2020). The expectancy aspect of the 

model is relatively uncontroversial; typically, it is conceptualized as a single latent construct. 

Likewise, most EVT scholars have modeled value as comprised of three specific constructs or 

types: attainment, intrinsic, and utility. There is greater variance in how scholars have 

conceptualized and modeled the cost aspects of EVT (Flake et al., 2015; Perez et al., 2014). Cost 

has been modeled as a single construct (Eccles et al., 1983) but also as composed of three (i.e., 

effort, opportunity, and psychological; Perez et al., 2014) or four (i.e., effort, outside effort, loss 

of valued alternatives, and emotional; Flake et al., 2015) distinct types, and either as independent 

correlated factors or as indicators of a general cost latent factor (Part et al., 2020).  
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 Differences in views regarding the generality or specificity of cost suggest the need for 

rigorous investigation of multiple conceptualizations of EVT (Muenks et al., 2023; Part et al., 

2020). Such differences may be due, in part, to the statistical modeling approaches used to 

investigate the construct validity of competing conceptual models of EVT. Typical methods of 

amassing construct validity evidence are often overly conservative, such as typical confirmatory 

factor analysis (CFA; see Figure 1) models of item response data where each survey item is 

allowed to load only on its posited latent factor (e.g., an item designed to measure participant’s 

perceptions of psychological cost is modeled to load only on a psychological cost latent factor 

and no other factors) and only latent factors are allowed to correlate (Asparouhov, Muthén, & 

Morin, 2015). These conservative models preclude even small, incidental cross-loadings between 

items and non-posited factors (e.g., the item designed to indicate psychological cost allowed to 

cross-load on effort and opportunity cost factors). The omission of small, incidental cross-

loadings can lead to biased estimates of factor correlations and increased multicollinearity among 

latent factor scores (Howard et al., 2018). An alternative to confirmatory factor analysis, 

exploratory structural equation modeling (ESEM; see Figure 1), removes this restriction and 

allows each measured indicator to load on each latent factor, both posited and non-posited. 

Simulation studies suggest ESEM factor correlations tend to be closer to population values than 

those from CFA models (Asparouhov, Muthén, & Morin, 2015), resulting in factor scores with 

better discrimination and likely stronger predictive validity with outcomes of interest (e.g., 

achievement).  

 However, both CFA and ESEM still require an a priori decision about the level of 

specificity of the posited factors. Rather than choosing either a general or a specific 

conceptualization of constructs in a model like EVT, researchers have begun examining bifactor 
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versions of CFA and ESEM, where both a general factor and specific factors are modeled 

simultaneously (see Figure 1; Chen et al., 2012; Howard et al., 2018; Lohbeck et al. 2022; Part et 

al., 2020, 2023; Reise, 2012). These models partition item variance into a general factor (e.g., 

overall subjective task value) and several specific factors whose variance contributes to 

predicting outcomes of interest above and beyond the general one (e.g., specific forms of utility 

and cost; Chen et al., 2012). Bifactor models, either within a CFA or ESEM framework, can be 

used to investigate questions regarding the proper conceptualization and modeling of cost within 

an EVT framework (i.e., as a single factor or multiple factors) as well as how best to 

conceptualize the relations among cost and value aspects of that model. Part and colleagues 

(2020) did just that, testing numerous CFA and ESEM models, with and without general 

bifactors, finding psychometric evidence supporting a bifactor model with items indicating both 

a single, general subjective task value bifactor as well as six specific factors: attainment value, 

intrinsic value, utility value, effort cost, opportunity cost, and psychological cost. Support for a 

bifactor-ESEM model has implications for how motivation scholars conceptualize EVT, but such 

conceptualizations would benefit from further investigation with other samples in other contexts, 

thus prompting our study. 

 In addition, there is value in testing whether data indicating achievement goals 

(Harackiewicz et al., 2002) should also be modeled using CFA or ESEM methods, with or 

without a general bifactor (see Figure 1). Such testing of this motivation theory would logically 

follow from similar work by Part et al (2020), previously described, as well as similar bifactor 

investigations conducted with other motivation theories, such as self-determination theory 

(Gunnell & Gaudreau, 2015). Much like Eccles and Wigfield (1983) originally posited the 

existence of both general and specific perceptions of a task’s value, achievement goal theorists 
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(e.g., Elliot & Dweck, 2005) have characterized all achievement goals as reflecting a general 

desire to gain competence, and that specific goals are distinguished by their definition and 

valence (Elliot & McGregor, 2001). The empirical observation of emergent goal complexes and 

high correlations between achievement goals that share definitions and contrast in their valences 

(e.g., Elliot & Murayama, 2008) further suggests an underlying generality that bears 

investigation. 

Implications of Bifactor Modeling for Motivation Theory 

 The recent increase in research on bifactor models of motivation constructs (e.g., Howard 

et al., 2018; Lohbeck et al., 2022; Part et al., 2020, 2023) is not a revolution but rather a 

renaissance, with the first bifactor models articulated eighty years ago (Holzinger & Swineford, 

1937; Reise, 2012). These models have some analytic advantages over the more common 

hierarchical models (e.g., Muenks et al., 2023), including the ability to more clearly and 

simultaneously differentiate the relations between an outcome and both general and specific 

factors (Chen et al., 2006). However, empirical findings supporting a bifactor model necessarily 

imply revisiting motivation theory, via a process of epistemic iteration (Greene, 2022). Such 

reconceptualization has already begun for EVT based on the findings of Part and colleagues 

(2020, 2023) among others. Eccles and Wigfield (2020) directly referenced Part and colleagues’ 

findings when reflecting upon changes to EVT. They seemingly endorsed further investigation of 

a general subjective task value (STV) and specific value and cost factors, within a situated 

perspective: 

…we have not specified exactly how the various components would aggregate to form 

either the STV of individual achievement-related task or the relative STVs across several 

different task or activity options available to an individual at one time or over time. 
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Instead, we assume the weighting of each of these major components likely varies across 

developmental time and situations. (Eccles & Wigfield, 2020, p. 6) 

If we were to find additional evidence that a bifactor measurement model best fit the EVT data, 

across multiple samples and semesters, this would further support the reconceptualization of 

EVT already pursued by Part and colleagues and Eccles and Wigfield. 

 To our knowledge, bifactor measurement models of AGT have not been investigated. 

However, researchers have conducted other kinds of analyses suggesting the possibility of both a 

general goal pursuit factor as well as specific achievement goal factors. Soon after the 

conceptualization of achievement goal theory, researchers observed strong correlations among 

achievement goals and investigated the phenomenon where learners simultaneously pursued 

multiple goals as a goal complex (Barron & Harackiewicz, 2001).  This simultaneous pursuit of 

multiple goals suggests an overall “general” level of goal pursuit as well as more specific goal 

pursuits that can vary in intensity from one another and the general level, all comprising a 

“multiple goals perspective.” More recently, both the general level of goal pursuit across 

multiple goals and differences in ipsative shapes of the specific goals pursued by respondents can 

be seen in additional research on achievement goals that involve profile analyses. For example, 

several groups of researchers have submitted achievement goal factor scores (i.e., summed or 

factor-derived scores for participants’ mastery approach, performance approach, and 

performance avoidance goals) to latent profile analyses, often finding a relatively small number 

of trends in those scores (Holden et al., 2021; Schwinger & Wilds, 2012; Tuominen et al., 2020; 

Wang et al., 2016). Such consistent trends in the individual AGT factors suggest the possibility 

of a general AGT factor as well as specific AGT factors, mirroring a bifactor approach. Indeed, 

such a conceptualization has been incorporated into theory by Elliot (2005), via the term “goal 
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complexes.” In a recent review of achievement goal theory conceptual and empirical research, 

Urdan and Kaplan (2020) argued: “Goal complexes involve the psychological interplay between 

broad motives and specific objectives, which, together, frame and guide the student’s cognitive-

affective interpretation of the situation and selection of engagement strategies” (p. 7). This 

discussion of “broad motives” and “specific objectives” aligns well with a bifactor measurement 

model’s general and specific factors. As such, evidence supporting a bifactor measurement 

model would imply a reconceptualization of AGT similar to the one currently being pursued in 

EVT research (e.g., Part et al., 2020, 2023).  

Given the plausibility of bifactor-congruent conceptualizations of both EVT and AGT, in 

this study’s first research question, we investigated which of the four models in Figure 1 best fit 

the data from our EVT instrument, as well as which of those same models best captured 

responses to our AGT instrument. The concurrent effort to estimate a factor structure for values, 

costs, and achievement goals extends a line of research where complex models of motivation, 

from multiple theories, emerged and predicted achievement (Conley, 2012). In addition, we 

investigated configural (i.e., same factor structure), metric (i.e., equal factor loadings), and scalar 

(i.e., equal factor loadings and intercepts) measurement invariance models across semesters 

(Kline, 2015). Configural invariance indicates the foundational design of the instruments (e.g., 

which items indicate particular latent factors) holds across semesters. Metric invariance is 

needed to support cross-semester comparisons of relations among motivation latent factors and 

other constructs (e.g., SRL processing) and outcomes (e.g., course grade), whereas scalar 

invariance is needed to examine mean differences in those factors across semesters. Determining 

the optimal data-model fit for each motivation conceptualization increases the likelihood of, and 

power for, finding relations among motivations and other aspects of our study (Kline, 2015), 
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including achievement outcomes but also various types of learning interventions (e.g., Bernacki 

et al., 2020), which was another aspect of the larger scholarship within which this study was 

conducted.   

Accounting for Potential Confounds in the Data 

 Our collection and analysis of motivation data from students enrolled in introductory 

biology courses was part of a broader initiative to support these students’ success using 

predictive modeling to deliver targeted self-regulated learning (SRL; Greene, 2018) interventions 

(Bernacki et al., 2020). A series of meta-analyses have provided ample evidence of the benefits 

that self-regulated learning interventions can confer to those who complete them in face-to-face 

workshops, classroom trainings, and on digital platforms (e.g., Hattie, 2009; Theobald, 2021). 

More recent syntheses have documented the promise of providing support for self-regulated 

learning practices (Zheng, 2016), as well as evidence of the effects of training in such practices 

(Broadbent & Poon, 2015; Theobald, 2021). A class of digital, self-regulated learning 

interventions has been developed to target self-regulatory skills that are particularly useful to 

students who pursue learning objectives involving declarative and conceptual knowledge 

acquisition as demanded in STEM coursework (Bernacki et al., 2020, 2021; Cogliano et al., 

2020, 2022). These brief, digital interventions can be delivered directly within the digital 

platforms where hybrid STEM courses house learning materials and activities, and they have 

been found to improve adoption of desirable learning behaviors (Bernacki et al., 2020) and exam 

and course performance for learners (Bernacki et al., 2020, 2021).  However, learners vary in 

their responsiveness to interventions, which draws into question the role of students’ motivations 

in STEM persistence and achievement, which is the focus of this particular study. To maintain 

this focus, our predictive validity analyses will account for any SRL intervention effects, but 
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only as controls so that we can best understand the predictive validity of students’ motivation, 

which is the main focus of the second research question for this study. 

The Present Study 

 Students have many different types of motivation, and each can play a role in STEM 

persistence and achievement (Urdan & Kaplan, 2020). Researchers and educators would benefit 

from an investigation into (1) the optimal measurement modeling of both EVT and AGT 

constructs, (2) whether that modeling is invariant across multiple course semesters, and (3) the 

ways those motivation constructs predict STEM achievement outcomes. Therefore, across three 

semesters, we also gathered achievement goal theory and expectancy value theory data in the 

first few weeks of the course. Given past findings regarding best practices for modeling 

motivation (Hamilton et al., 2018; Part et al., 2020), we tested CFA and ESEM models, with and 

without general bifactors, thus reproducing scholarship on expectancy value theory (Part et al., 

2020) and extending this scholarship to another motivation model, achievement goal theory 

(Senko et al., 2011). Our first research question involved determining which of the four models 

shown in Figure 1 best fit the EVT data and the AGT data. We were interested in whether, in 

every semester, the same measurement model would be the best fitting one. Also, we 

investigated the measurement invariance of the best-fitting model across semesters (Kline, 

2015). For our second research question, we asked whether two course achievement outcomes, a 

cumulative final exam and the final course grade, related to motivation factor scores derived 

from the best fitting models determined for our first research question, controlling for any effects 

from our SRL intervention.  

Method 

Transparency and Openness 
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Methods of sample selection, data exclusion, and outcome measures are detailed below. 

Data, analysis code, and survey instruments are provided at 

https://osf.io/cdafk/?view_only=4465cf95217147859ea17d45ce9370ad. Analysis code includes 

models for all Fall 2019 analyses, which can be used to replicate parallel analyses for Fall 2020 

and Fall 2021. Data were analyzed using Mplus version 8.8 (Muthén & Muthén, 2017). This 

study was not preregistered.   

Sample and Context  

Participants at a large university in the southeastern US were recruited from an 

introductory biology course with two sections in Fall 2019 (N = 488), three sections in Fall 2020 

(N = 432), and two sections in Fall 2021 (N = 549), all utilizing the same syllabus (i.e., learning 

objectives, assigned textbook and materials, assignments, exam coverage and timing, 

instructional design) and pedagogy. This was the first required course for biology majors, who 

typically comprised around 25 percent of the course population each semester. The remainder of 

the course population included students from a variety of majors, many of which required that 

the student pass the course with a grade of B- or better.  Of note, Fall 2019 and Fall 2021 

semester courses were conducted face-to-face, whereas the Fall 2020 semester course was 

conducted entirely online due to the COVID-19 pandemic. This study was approved by the 

university’s institutional review board. 

Procedure 

 During the second week of the semester, participants completed online instruments with 

items derived from achievement goal theory (i.e., a trichotomous conceptualization with mastery 

approach, performance approach, and performance avoidance items) and expectancy value 

theory (i.e., self-efficacy, attainment value, intrinsic value, utility value, effort cost, opportunity 
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cost, psychological cost). In the Fall 2019 and Fall 2021 semesters, we collected trace data from 

participants’ interactions with the technology platforms and tools used in the course (e.g., 

learning management system, in-class response system) for the purpose of identifying 

participants most likely to benefit from our SRL intervention. We submitted trace data from the 

first few weeks of the course to a previously developed prediction model to differentiate students 

likely to receive a grade of C+ or worse (i.e., flagged students) from those likely to receive a 

grade of B- or better (i.e., non-flagged students), because for many of the students in the course, 

if they received a C+ or worse they would be required to repeat the course before proceeding in 

their major, a high-stakes detrimental outcome. Flagged participants were randomly assigned to a 

treatment or control condition. Then, several weeks before the first course exam, flagged 

treatment participants received one of two versions of a digital “Science of Learning to Learn” 

intervention designed to improve their learning skills and performance (Bernacki et al., 2020), 

whereas flagged control participants received a parallel intervention on an alternate assignment 

focused on the biology course topics.  

In Fall 2020, no prediction model was used and instead all participants were randomly 

assigned to either a treatment or a control condition. Therefore, no participants were “flagged” 

because no prediction model was used. Of note, in Fall 2021 there were multiple versions of the 

treatment intervention, but differences among these versions are not the focus of the current 

study. For the purposes of this study, we treated assigned condition as a covariate to account for 

these research design features but did not investigate them further. 

 In each semester, participants completed four course exams, with the first three 

administered after distinct units of content, and the fourth being a cumulative “final” exam. Final 

course grades were comprised of final exam scores (25%), two highest unit exams scores (50%), 
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homework (9%), quizzes (9%), and participation (7%). Course instructors received no indication 

of which of their students consented to participate in the study, nor were they made aware of 

participants’ motivation scores, whether participants were flagged or not, or participants’ 

assigned condition.  

Measures 

We measured students’ value to engage in the task across three subscales (e.g., attainment 

value, interest value, utility value) and students’ perceived cost of engaging in the task across 

three other subscales (e.g., effort cost, opportunity cost, psychological cost; Perez et al., 2014). 

Each subscale was comprised of four items that required a response on a 6-point Likert-type 

scale. Example items included, “Is the amount of effort it will take to do well in this course 

worthwhile to you?” (attainment value), “Learning the material covered in this course is 

enjoyable” (interest value), “What I learn in this course will be useful for me later in life” (utility 

value), “Considering what I want to do with my life, this course is just not worth the effort” 

(effort cost), “I’m concerned this course may cost me some treasured friendships” (opportunity 

cost), and “My self-esteem would suffer if I tried in this course and was unsuccessful” 

(psychological cost).  

The Achievement Goals Questionnaire-Revised (Elliot & Murayama, 2008) was used to 

measure students’ goal orientations and includes four subscales. In this study, we used three task-

relevant subscales: mastery approach, performance approach, and performance avoidance. Each 

subscale was comprised of three items that required a response on a 7-point Likert-type scale. 

Mastery approach items included, “My aim it to completely master the material presented in this 

class”, “My goal is to learn as much as possible”, and “I am striving to understand the content in 

this course as thoroughly as possible.” Performance approach items included, “I am striving to 
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do well in comparison to other students”, “My aim is to perform well relative to others”, and 

“My goal is to perform better than the other students.” Performance avoidance items included, 

“My goal is to avoid performing poorly compared to others”, “I am striving to avoid performing 

worse than other”, and “My aim is to avoid doing worse than other students.” Finally, exam and 

course grade data were imported from university records.  

Measurement Models 

 Similar to other recent publications on motivation (e.g., Hamilton et al., 2018; Lohbeck et 

al., 2022; Part et al., 2020), we investigated four different ways of modeling the constructs. As 

shown in Figure 1, which uses achievement goal theory as the exemplar, the traditional CFA 

model involves each item loading only on its specific factor with no paths to the other two 

factors, and with correlations among the three factors. The ESEM model allows each item to 

load on every factor, albeit with the estimation beginning with a target of loading on the specific 

factor for which it was designed, and all factors to correlate (Morin et al. 2013). The bifactor 

versions of each model introduce an omnibus general factor (e.g., general goal striving) on which 

every item is allowed to load while also precluding correlations among the specific factors (i.e., 

mastery approach, performance approach, performance avoidance), given the assumption that the 

general factor captures these relations (Reise, 2012). The bifactor-CFA model retains the 

restriction that items, beyond loading on the general factor, can only load onto the factor for 

which they were designed. The bifactor-ESEM model mirrors the bifactor-CFA model except 

that it allows all items to load on all specific factors, again with each item targeted to load most 

strongly on the specific factor for which it was designed. 

 We investigated each of the four measurement models for each motivation theory 

separately. Further, for expectancy value theory, we investigated the models using only the value 
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and cost factors of the theory (Perez et al., 2014). Self-efficacy was modeled using a traditional 

CFA model. 

Missing Data Management 

There were three kinds of missing data in our samples. First, our consent process 

included two options: participants could consent to our use of their motivation survey data and 

academic outcome data only versus also consenting to participating in our randomized controlled 

trial (RCT). Participants who did not consent to participating in our RCT could be included in 

analyses for research question one but could not be included in analyses for research question 

two because we included treatment condition as a predictor in that analysis. Second, whereas all 

students who completed the motivation surveys answered all items, some students did not 

complete any items on the motivation surveys, meaning they could not be included in any of our 

analyses. Third, each semester, between 2.5% and 4.2% of enrolled students withdrew from the 

class at some point before the final exam, meaning they did not have a final exam or course 

grade score. Thus, our analytic sample differed from the total course population and the sample 

sizes differed between research questions one and two (see Table 1). Given these types of 

attrition, we investigated the nature of missing data due to not consenting to partake in our RCT, 

not completing the motivation surveys, and withdrawing from the course. 

First, we conducted Little’s (1998) MCAR test for all motivation survey item measured 

variables and our final exam and course grade variables. The chi-square value was statistically 

significant, rejecting the null hypothesis that our missing data were missing completely at 

random. Thus, we investigated the nature of the missing data (Enders, 2022). First, if participants 

completed the motivation survey, there were complete data for all items; the survey did not allow 

participants to skip a response. Most participants without motivation data simply did not 
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complete the survey, with a small percentage having withdrawn from the course prior to the 

survey being administered. As shown in Table 1, for our first research question, 16, 14, and 9.4 

percent of the motivation survey data were missing across the three Fall semesters. For our 

second research question, most of the missing data came from participants who did not consent 

to participate in our RCT but did complete the course, meaning these participants had final exam 

and course grade data. A smaller percentage of participants did consent to participate in the RCT 

but withdrew prior to the end of the course, meaning they were missing final exam and course 

grade data only. For research question two, missing data could be due to: 1) having no 

motivation survey scores, 2) consent status (i.e., whether or not they consented to participating in 

our RCT), or 3) withdrawing from the course. Next, we explored relations among these factors. 

Using binary logistic regression where withdrawal was coded as one and enrollment 

throughout the semester coded as zero, we found that participants who did not complete the 

motivation surveys were more likely to withdraw from the course in Fall 2020 (Odds Ratio = 

9.100, p < .001) and Fall 2021 (Odds Ratio = 17.143, p < .001) but not in Fall 2019 (Odds Ratio 

= 1.036, p = .964). Second, participants who did not complete the motivation surveys had lower 

final exam and course grades across all semesters (all ps < .022, Cohen’s d ranged from .340 to 

1.136) except for final exam grade in Fall 2020, where no statistically detectable difference 

emerged. Third, consent status did not statistically significantly relate to motivation factor scores 

except in three cases. In Fall 2019, psychological cost, attainment value, and performance 

approach scores were negatively related to participants’ decision against participating in the 

RCT. Fourth, consent status did not statistically significantly predict withdrawals, final exam 

score, or course grade except for final exam grade in Fall 2019, where participants who did not 
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consent to participate in our RCT outperformed those who did consent (p < .015, Cohen’s d = 

.328).  

Given these findings, for Research Question 1, we employed missing data-handling 

procedures assuming a conditionally missing at random process where missing data were 

presumed unrelated to missingness after controlling for one or more of our three sources of 

missing data (i.e., motivation survey completion, consent status, withdrawal). We conducted 

analyses using Mplus 8.8’s FIML estimator with robust standard errors. We included withdrawal 

status, final exam, and course grades as auxiliary missing data covariates, using Mplus 8.8’s 

“auxiliary” command. However, auxiliary variables are not allowed in the estimation of ESEM 

models. For analyses for Research Question 2, there were no missing data on our outcome 

variables, but our analytic sample sizes ranged from 68% to 75% of the total course population 

due to students’ decision to not participate in our RCT, an inability for us to make a prediction 

about their performance because they did not complete the pretest, or their decision to withdraw 

from the course (see Table 1). 

Data Analysis 

All measurement modeling and regression analyses were conducted using Mplus 8.8. 

Many of our motivation survey measured variables had skewness-to-standard-error and/or 

kurtosis-to-standard-error ratios with an absolute value of about two, therefore we conducted all 

analyses with robust maximum likelihood estimation. We made several analytic decisions 

regarding our measurement modeling and invariance testing for Research Question 1. For our 

ESEM and Bifactor-ESEM analyses, we used the rotation methods that were the default in 

Mplus 8.8: geomin and bi-geomin, respectively. The four types of motivation factor models (i.e., 

CFA, Bifactor-CFA, ESEM, Bifactor-ESEM; see Figure 1) were compared using each configural 
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model’s AIC, BIC, SABIC, RMSEA, CFI, and SRMR criteria, looking for convergent evidence 

to decide upon the best model fit. We looked to choose models with lower AIC, BIC, SABIC, 

RMSEA, and SRMR values, and higher CFI values (Kline, 2015). After having chosen the best-

fitting type of model for each set of motivation constructs (i.e., EVT, AGT, self-efficacy), we 

examined measurement invariance of that model across semesters. To do this, we examined the 

chi-square difference test values across configural, metric, and scalar invariance models within 

types (Kline, 2015). A statistically significant chi-square difference test between the less 

parsimonious (e.g., configural model) and the more parsimonious (e.g., metric model) was 

interpreted as evidence to reject the more parsimonious model in favor of the less parsimonious 

one. 

For Research Question 2, our primary focus was whether scores from our motivation 

measurement models predicted our two primary achievement outcomes: final exam grade and 

course grade. Examining these relations required accounting for the various conditions to which 

participants were assigned across the three semesters. Therefore, we included condition 

assignment as a “control” so that we could assess our motivation factors’ unique predictive 

validity. In our Results section, we do not focus on the findings regarding our various conditions, 

given they are ancillary to our focus in this study. To conduct these analyses, we saved factor 

scores from our motivation measurement models and then used those scores as measured 

variables in regressions of final exam and course grade on those scores and condition status, 

again using Mplus 8.8. 

Results 

Descriptive Statistics 
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Demographic data for our sample appears in Table 2. Across semesters, approximately 

25% of the participants were biology majors, between 20 and 25% of the participants identified 

as first-generation college students, and between 22 and 30% of students identified as under-

represented minorities in STEM fields. Exam and course grade averages were consistent across 

semesters (see Table 3). Motivation survey item response averages were also relatively 

consistent across semesters and generally adhered to theory. Effort and opportunity cost means 

were lower on the response scale than psychological cost. Value item means were higher than 

cost item means. On average, self-efficacy responses were also relatively high on the response 

scale. Participants more strongly endorsed mastery approach items, compared to performance 

approach or avoidance items. 

Research Question 1: Determining Best Model for Motivation Data 

We estimated each of the four models in Figure 1 for the cost and value items from our 

expectancy value theory instrument, and then our self-efficacy items, and then once more for the 

achievement goal theory items.  

Expectancy Value Theory Modeling  

 Across the four types of models, the Bifactor-ESEM models best fit our EVT item data, 

across all metrics (see Table 4). Based on the chi-square difference tests of the three types of 

measurement invariance across semesters, metric but not scalar invariance was supported. The 

other data-model fit indices were similar for the metric and scalar models, thus we chose to adopt 

the Bifactor-ESEM metric measurement invariance model as our final model for EVT. Of note, 

typically Bifactor-ESEM models are rotated orthogonally, meaning that latent factors do not 

correlate with one another. Such rotation is not possible with metric or scalar measurement 

invariance models, except in the first group (i.e., in our study, Fall 2019; Morin et al., 2020). We 
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did investigate strict measurement invariance (i.e., residual covariances fixed across semesters) 

as well as invariance of latent factor correlations (i.e., all correlations equal to zero) but those 

models were statistically significantly worse fits to our data than the metric and scalar models. 

 The factor loadings largely adhered to EVT theory (see Table 5).  In each semester, items 

designed to measure their latent factor loaded strongest on that factor, albeit often with several 

statistically significant but practically small cross-loadings to other factors. Attainment value was 

the latent factor with the fewest strong, posited factor loadings. The subjective task value bifactor 

had strong, mostly statistically significant loadings, except for two of the psychological cost 

items that were statistically non-significant. Notably, the model estimation process converged on 

a solution where cost items loaded positively on the subjective task value factor, and value items 

loaded negatively, meaning that scores on this factor technically should be interpreted as the lack 

of subjective task value. This is an artifact of the estimation process and does not change the 

substantive interpretation of the latent factor itself.  Latent factor correlations were rotated to 

zero for the Fall 2019 group and in the Fall 2020 and Fall 2021 groups, all but three correlations 

were statistically non-significant and close to zero (see Table 6). Latent factor reliabilities ranged 

from .652 to .885, indicating strong reliability, on average. 

Achievement Goal Theory Modeling 

 For our AGT items, we were able to test only three of the four posited measurement 

models, because the Bifactor-ESEM model would not successfully converge (see Table 4). Data-

model fit indices revealed the ESEM model was the best measurement model. Chi-square 

difference tests indicated scalar measurement invariance across semesters for the ESEM model, 

therefore we selected this model as the best for the AGT items. Examination of the factor 

loadings revealed patterns as expected given how the items were designed (see Table 5). For 
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each semester, and each latent factor, the items with the strongest positive loadings were those 

designed to measure the latent factor. There were, however, statistically significant but 

practically small cross-loadings for each factor. Latent factor correlations were typically strong 

but not sufficient to warrant concern about collinearity (see Table 7). Correlations between 

mastery approach and performance avoidance latent factors were all small, reaching statistical 

significance in two but not all three of the semesters. Latent factor reliabilities were strong, 

ranging from .815 to 1.000. 

Self-Efficacy Modeling 

 Given our five self-efficacy items were designed to all indicate a single latent factor, 

CFA was the only measurement model possible. As can be seen in Table 4, data-model fit was 

only adequate by typical standards (e.g., Hu & Bentler, 1999). The addition of a single residual 

covariance improved data-model fit to common criteria and scalar measurement invariance was 

supported via the chi-square difference testing. As such, we accepted this measurement model, 

with scalar invariance, as our final model. Factor loadings were all positive and relatively strong 

(see Table 5). The latent factor reliability (i.e., Coefficient H) was .79. 

Supplemental Analysis of Measurement Invariance Across Major 

 In response to a reviewer question, we explored whether motivation model measurement 

invariance was supported between those participants who were Biology majors and those 

participants who were not. We reran all our analyses with major status as the groups and found 

the same measurement model as the one determined in our by-semester analyses was the best fit 

for each motivation theory (i.e., Bifactor-ESEM for EVT; ESEM for AGT; CFA with one 

residual covariance for Self-Efficacy). Further, we found scalar measurement invariance across 

Biology major status for our EVT model and AGT model, and metric invariance for our Self-
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Efficacy model. In sum, we interpreted these findings as supporting sufficient measurement 

invariance across Biology major status to use latent factors scores in our analyses for Research 

Question 2. 

Research Question 2: Predicting Final Exam and Course Grade Achievement 

To examine whether and how our motivation factors predicted final exam and course 

grade, we saved factor scores from each of the final measurement models determined via 

Research Question 1 analyses. We examined the correlations among our motivation factor 

scores, final exam, and course grade (see Tables 8-10). There were some consistent positive, 

statistically significant correlations between motivation factors across semesters. For example, 

psychological cost positively related to performance approach and performance avoidance 

factors across all three semesters, with relatively similar estimates except for the correlation 

between psychological costs and performance approach scores, which was lower in Fall 2019 

than in the other two semesters. Psychological costs correlated positively with mastery approach 

factors in only the Fall 2020 semester. Subjective task value was positively related to mastery 

approach and performance approach factors across all three semesters, with relatively consistent 

values. Subjective task value was also positively correlated with self-efficacy across all three 

semesters, with similar correlation values. Self-efficacy was positively and similarly related to 

mastery approach scores across all three semesters, also. In two of the three semesters, mastery 

approach scores were positively related to opportunity cost and intrinsic value scores, also. Effort 

cost and mastery approach scores were statistically, significantly, negatively related in two of the 

three semesters. In the Fall 2019 semester, there were two statistically significant correlations 

that were not present in the other semesters (i.e., mastery approach and performance avoidance 

scores; attainment value and performance avoidance scores), in Fall 2020 there were eight 
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unique correlations, and in Fall 2021 there were four unique correlations. Finally, correlations 

among motivation latent factors and final exam scores and course grades were relatively small, 

with none above the absolute value of .202 and statistical significance for only five out of 22 

correlations in Fall 2019, two out of 22 for Fall 2020, and nine out of 22 for Fall 2021. 

Next, we used measured variable path analysis to regress final exam (see Table 11) and 

course grade (see Table 12) variables on each set of factor scores and included dummy-coded 

variables to control for the RCTs we ran in each semester but that were not the focus of this 

analysis. Further, on the advice of a reviewer, we used multiple groups analysis to examine 

whether regression coefficients differed across students who were and were not biology majors. 

In Fall 2019, a path model with all path coefficients constrained to be equal had a statistically 

non-significant chi-square value, supporting using this more parsimonious model as our final 

model, compared to a model where path coefficients could vary. In this model, for both biology 

major and non-majors, subjective task value negatively predicted final exam score, which, given 

the valence of this factor, should be interpreted as the more subjective task value participants felt 

toward the course, the higher their predicted outcome score. Final course grade was positively 

predicted by participants’ attainment value score, but negatively related to their utility value 

score.  

The Fall 2020 path model, with all path coefficients constrained to be equal across 

biology major status, had a statistically significant chi-square value, implying that one or more 

path coefficients statistically significantly varied across status groups. A series of Wald tests 

were performed to identify path coefficients that should be allowed to vary across biology major 

status groups, resulting in five that, when freed, led to statistically significant improvements in 

model chi-square. A model with only those five path coefficients free to vary across biology 
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major status had a statistically non-significant model chi-square, indicating good data-model fit. 

For Non-Biology Majors attainment value positively predicted final exam score, whereas for 

Biology Majors, only utility value predicted final exam score, with a negative relationship. In 

terms of final course grade, subjective task value negatively predicted final exam score, which, 

given the valence of this factor, should be interpreted as the more subjective task value 

participants felt toward the course, the higher their predicted outcome score. The same biology 

major status differences existed for course grade as they did for final exam grade, and in 

addition, self-efficacy was differently weighted for each group. However, none of these path 

coefficients were statistically significant (i.e., there was no detectable relationship between these 

motivation factors and final course grade), despite each coefficient being statistically 

significantly different across biology major status. 

Finally, for the Fall 2021 cohort, a model with all path coefficients constrained to be 

equal across biology major status groups had a statistically non-significant chi-square, indicating 

good data-model fit and precluding an investigation of whether particular path coefficients 

differed across biology major status. Therefore, we used the fully constrained model as our final 

model. Opportunity cost and attainment value were positively, statistically significantly related 

to final exam score. Subjective task value negatively predicted both final exam score and final 

course grade, which, given the valence of this factor, should be interpreted as the more subjective 

task value participants felt toward the course, the higher their predicted outcome score.  

In terms of the predictive validity of the models, R2 values in Fall 2019 and Fall 2021 

were large (i.e., R2 ranged from .132 to .213; see Tables 11 and 12), whereas in Fall 2020, the 

semester when students participated in class online due to COVID-19, Non-Biology Major R2s 

were medium (i.e., .060, .054) and Biology Major R2s were large (i.e., .143, .199). However, 
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those total R2s represent the combined predictive validity among all predictors, including 

statistically non-significant motivation latent factor regression coefficients as well as variance 

predicted by the treatment effects. Therefore, we calculated the unique predictive validity for just 

the statistically significant latent motivation factors, as well (see Tables 11 and 12). R2 

equivalents for just these statistically significant latent motivation factors ranged from .018 to 

.047, often characterized as relatively small relations (Gignac & Szodorai, 2016).   

Discussion 

Given the United States’ need to diversify and support the many pathways to STEM 

careers (Cannady et al., 2014), more research is needed to determine how to optimize STEM 

education experiences (Rosenzweig et al., 2021). Such optimization is aided by accurate 

conceptualization, measurement, and monitoring of student motivation, so that researchers and 

educators can understand what innovations (e.g., active learning instructional designs, self-

regulated learning interventions; Bernacki et al., 2020; Eddy & Hogan, 2014) positively affect 

students’ achievement goals, expectancies, values, self-efficacy, and other relevant phenomena. 

The findings for our first research question revealed that both expectancy value theory and 

achievement goal theory were better modeled using ESEM methods, compared to traditional 

CFA methods, aligning with evidence in the motivation methodological literature (e.g., 

Asparouhov et al., 2015; Hamilton et al., 2018). Likewise, our study extends Part and colleagues’ 

(2020) findings, showing support for bifactor-ESEM modeling for expectancy value theory in a 

second educational context (i.e., undergraduate biology courses v. undergraduate anatomy and 

physiology course, each at different institutions), across three separate semesters. Taken 

together, this study and the Part et al. (2020) study impel the need for continued exploration of 

the implications of bifactor-ESEM modeling for expectancy value theory, particularly in terms of 
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what the general subjective task value represents, the strength and roles of the general and 

specific factors within particular contexts, and the degree to which each kind of factor changes as 

a result of new experiences. 

However, before the implications of measurement findings can be used to refine theory, 

psychometric explanations for unexpected item functioning must be explored (Greene, 2022). 

We examined the measurement of SEVT using a widely adopted item set that has been 

developed by theory authors (Battle & Wigfield, 2003), adapted by additional scholars (Perez et 

al. 2014), and rigorously investigated here and in other scholarship (Part et al. 2020; Muenks et 

al., 2023). Overall, items designed to measure SEVT specific factors loaded strongly on their 

target factors and weakly on other factors. Nonetheless, because task value constructs are 

understood to be situated within a learning task and environment, additional research is 

warranted to examine how features of academic tasks and the learners who engage in them may 

influence the way constructs are measured across studies. In particular, our findings suggest the 

items measuring attainment value may benefit from review, given two of them had relatively low 

target loadings, with one item also cross-loading onto the intrinsic value factor with standardized 

values around .340 (see Table 5). Part et al (2020) found similar psychometric concerns with the 

attainment value items. Further, the construct reliabilities for the effort cost factor were 

somewhat lower than those for other factors (i.e., .652-.683), but not far below typical metrics 

for adequate measurement. Mathematically, the range of targeted loadings for this factor had the 

lowest ceiling (i.e., .619) among all the factors, which likely contributed significantly to the 

lower reliability for this factor, as well.  

The relatively weak relationships between items and the effort cost factor, compared to 

the stronger loadings between items and the other SEVT factors, may indicate differences in 
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respondents’ experiences of effort versus other costs and values. One avenue for future research 

is to use mixed methodologies (Meyer & Schutz, 2020) to explore what referent respondents use 

when responding to effort cost items, compared to other items. For example, estimations of 

psychological cost refer back to features of the task and estimations of opportunity costs refer to 

respondents’ outside commitments. In both these cases, the referents are relatively clear and 

tangible. Effort cost estimations, on other hand, require respondents to refer to an estimation of 

how much effortful engagement tasks might require. This is a less obvious estimation, 

potentially involving interactions between task features and the respondents’ individual 

characteristics. Such effort cost judgments may vary across learners, and perhaps also as a result 

of additional phenomena such as their prior preparation for the task, as theorized in the SEVT 

model, as well as respondents’ own personal heuristics for making such judgments. Our data did 

not include measures of these phenomena, therefore in future research they might need to be 

collected and investigated to understand the relative strength of the effort cost factor loadings.  

Finally, our findings regarding the psychometric qualities of the subjective task value 

factor cohered with those from Part et al. (2020), including the finding that psychological cost 

did not seem to indicate as strongly on the general factor as other aspects of SEVT. Again, this 

common finding, across contexts and samples, suggests further need to investigate the design of 

the psychological cost items. If psychometric investigations of the items fail to identify profitable 

revisions to the wordings, then it may be the case that conceptualizations of subjective task value 

must account for lower prevalence of psychological cost in what Part et al. (2020) characterized 

as accumulation of social and educational experiences into an “internal working valuation model 

for an individual’s STEM courses” (p. 12). 
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Our data supported using an ESEM measurement model for the AGT data, but did not 

provide support for a separate general, bifactor that might instantiate the “goal complexes” 

posited by Elliot (2005) and Urdan and Kaplan (2020). Our findings do not necessarily imply the 

idea of goal complexes should be abandoned, but it may be the case that they must be modeled 

differently (e.g., latent profile analyses; Holden et al., 2021; Schwinger & Wilds, 2012; 

Tuominen et al., 2020; Wang et al., 2016). However, our findings do support the use of ESEM 

methods over CFA techniques, which call into question the results of latent profile analyses, or 

any other analyses, that derived factor scores via CFA.  

We were particularly pleased to find, for each motivation theory, at least metric 

measurement invariance across semesters, suggesting substantial consistency across context, 

even when the semesters observed varied in course modality (i.e., in-person lectures in Fall 2019 

and 2021, whereas Fall 2020 was delivered online). The clear superiority of the ESEM-based 

measurement models for expectancy value theory and achievement goal theory, and their 

consistency across semesters, argues for future investigations of optimal motivation 

measurement models not just to inform their conceptualization (Eccles & Wigfield, 2020; 

Wigfield & Koenka, 2020) but also to inform how scores from those measurement models are 

used to deploy interventions (Rosenzweig et al., 2022) and refine education practice (e.g., 

creating adaptive classroom goal structures, Canning et al., 2020; making value more salient, 

Priniski et al., 2018; reducing perceptions of cost, Rosenzweig et al., 2020). In essence, our 

findings suggest the motivation instruments show sufficient consistency to be used to inform 

practice, in contexts similar to the one we studied, but their scores are best derived using more 

advanced techniques (e.g., ESEM) than is typical in practice and prior research. 
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Our second research question involved an investigation of the predictive validity of 

motivation scores derived from our measurement models. After controlling for confounds due to 

SRL interventions we deployed, which were ancillary to this study, we found motivation factors, 

measured once at the beginning of the semester, predicted a small amount of the variance in 

postsecondary biology academic outcomes. However, even findings of small relations can have 

practical value, particularly when they have low financial, time, and effort costs to administer, 

such as is the case with these motivation surveys (Kraft, 2020). Initial student characteristics, 

such as motivation, prior knowledge, and learning behaviors, have been used to predict 

achievement with accuracy (Bernacki, Chavez, Usebeck, 2020). In turn, such predictions have 

been used to deliver interventions to support STEM learning and avert negative achievement and 

retention outcomes (Bernacki, Vosicka, et al., 2020; Bernacki et al., 2021). Similarly, prior 

research has shown the motivational profiles that students exhibit at the outset of a STEM course 

are predictive of the ways they engage with course content and the success they achieve (Hong et 

al., 2020), and that initial and evolving motivations have implications for persistence (Hong & 

Bernacki, 2022). Our findings suggest these early identification, prediction, and intervention 

efforts might be enhanced with more complex, yet more accurate, motivation measurement 

models. Such modeling has already proven useful regarding how to parse the state and trait 

aspects of EVT (Part et al, 2023) and we expect additional longitudinal research utilizing bifactor 

and ESEM modeling would prove equally insightful. 

In the particular introductory biology course we focused upon in this study, across all 

three semesters, attainment value was a useful predictor of achievement. This finding aligns with 

research on the importance of attainment to STEM undergraduates’ identity (Perez, et al., 2014) 

and how students’ self-concept influences the type of STEM degree they pursue (Toh & Watt, 
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2022). Moreover, Part et al (2020) found that attainment value was of sufficient centrality that it 

tracked closely with the more general perception of a course’s value for those who enroll in 

pursuit of a STEM degree and career. Our findings further bolster the argument for attainment 

value as an important aspect of EVT. 

Also, the general factor for expectancy value theory, subjective task value, predicted 

achievement in each semester of this particular biology course. Subjective task value very well 

could be a critical predictor of performance and engagement in STEM (Hong & Bernacki, 2022). 

These findings provide further evidence that for continued evolution of EVT, there is potentially 

great value in specifying “exactly how the various components would aggregate to form either 

the STV of individual achievement-related task or the relative STVs across several different 

task(s)” (Eccles & Wigfield, 2020, p. 6). It may be that EVT should be expanded to formally 

conceptualize a general SVT factor, with subsequent implications for how to reconceptualize the 

more specific values and costs via a process of epistemic iteration (Greene, 2023). As students 

navigate changes in the instructional context during the course of their STEM degree pursuit, 

bifactor modeling that parses the specificity and dimensionality of student motivation may 

provide important insight into students’ perception of their courses, the opportunities they 

provide for learning, and their expectancy that they can engage productively in them (Byrnes & 

Miller, 2007). 

For research questions 1 and 2, nearly all our findings held across non-biology and 

biology majors in this course. The intriguing exceptions to this consistency were the 

relationships between motivation factors and academic outcomes in Fall 2020, which was during 

the COVID-19 pandemic and required moving the course to a completely online modality. In 

this semester, utility value, attainment value, and self-efficacy motivation factors were weaker 
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predictors of achievement for non-biology majors, compared to biology majors. Overall, the r-

squared values for the regression of academic outcomes on motivation factors, and the ancillary 

intervention, were small for non-biology majors, but medium to large for biology majors. These 

findings are post hoc and exploratory, therefore definitive explanations are not possible or 

warranted. Nonetheless, it is intriguing that during a time of high curricular and extracurricular 

stress (Tate & Warschauer, 2022), these relations between motivation and academic achievement 

differed depending upon a student’s major. It may be that established effects of course modality 

on students’ engagement (Martin & Borup, 2022) and sense of presence (Shea et al., 2022) must 

be expanded to include effects on motivation, particularly for those students for whom the course 

is not a major requirement. This is clearly an area for future research, hopefully via intentional 

and benevolent natural experiments on the effects of changes in course modality, rather than 

changes forced by unfortunate circumstances. 

Limitations 

Our analyses are necessarily restricted to those students who chose to participate in each 

phase of our study. Some participants did not complete the motivation survey and therefore 

could not be included in any analyses. In two of the three semesters, these participants were more 

likely to withdraw from the course than their peers who did complete the survey. In all 

semesters, participants who did not complete the motivation survey had lower final exam and 

course grades than their peers. Given this, the internal validity of our inferences from the 

motivation modeling and measurement invariance analyses must be necessarily circumscribed. 

More descriptive and qualitative research is needed to understand why participants decided 

against completing the motivation survey and about the nature of their motivation (Meyer & 

Schutz, 2020). Participants’ reasons for choosing against completing the motivation survey may 
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be driven by a factor, or factors, that also relate to their achievement scores. If this is the case, 

accounting for this factor may change the results of analyses of the motivation surveys’ factor 

structure and measurement invariance. Likewise, some participants completed the motivation 

surveys but did not agree to participate in our RCT, thus limiting the internal validity of 

inferences from the results of our analyses for Research Question 2. When we examined whether 

consent status related to motivation scores, across the eleven motivation factors and three 

semesters (i.e., 33 analyses), only three statistically significant relationships were found, all in 

Fall 2019. Whether or not students chose to participate in the RCT was not statistically 

significantly related to withdrawal, final exam score, or course grade except in one semester (i.e., 

final exam grade in Fall 2019). These findings suggest consent status was not a factor in our 

analyses, except perhaps in Fall 2019. Nonetheless, future research is needed to understand these 

students’ reticence to participate in the RCT, and whether it is related to differences in the nature 

or amount of their motivation. 

 There is value in studying motivation across consecutive semesters of the same course, 

but such value necessarily comes with limitations on the generalizability of the findings. There is 

a clear need for more research on motivation measurement models with different cohorts of 

students, in different courses and majors, and in different contexts. Indeed, it may be the case 

that the underlying conceptualizations of motivation in achievement goal theory and expectancy 

value theory do not adequately capture the phenomena for some groups of students (Kumar et 

al., 2018). As such, more re-imaged scholarship is needed to determine the breadth, depth, and 

proper scope of the conceptualizations of motivation that drive measurement modeling (Greene, 

2023). 
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 This study was nested within a larger scholarship project focused on self-regulated 

learning interventions. As such, the effects of these interventions had to be considered when 

examining how motivation scores predicted student achievement in the course. This confounding 

can be controlled statistically, but such adjustments do not account for the possibility that 

motivation interacted with the interventions, or the prediction modeling, to affect student 

outcomes. Ideally, future research would not involve such interventions, so the role of motivation 

in STEM achievement can be examined without significant confounds. 

Implications for Practice 

 Our findings for research question 1, in particular the importance of considering more 

advanced ESEM and Bifactor-ESEM models when deriving EVT and AGT scores, present 

something of a dilemma for practitioners. It is likely unreasonable to expect most educators to be 

able to derive and test various measurement models, including particularly complex ESEM 

varieties, before making inferences about student motivation from scores from EVT, AGT, and 

self-efficacy instruments. Nonetheless, failure to account for a subjective task value factor (Part 

et al., 2020, 2023) or failure to use ESEM to derive factor scores may result in biased and 

potentially uninformative data on student motivation (Asparouhov et al., 2015). Such data may 

prove misleading, or at worst harmful, for supporting students’ STEM performance and 

aspirations. Therefore, we see three clear implications for practice from our findings. First, given 

the growing evidence of subjective task value as an important aspect of EVT, practitioners 

should be made aware of this conceptualization of values and costs and scoring guides for EVT 

instruments should help practitioners derive both general and specific EVT scores. Relatedly, 

second, practitioners and researchers would benefit from a common, online source for pooling 

and analyzing motivation data. Anonymized scores from motivation instruments could be 
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uploaded to a central repository where various kinds of ESEM and Bifactor-ESEM analyses 

could be automated and agglomerated. Such a tool could quickly produce motivation scores for 

practitioners while simultaneously building a large dataset of scores for further human-driven 

analyses that continued to confirm or refine the measurement, and perhaps even the situativity, of 

these constructs. Third, given our findings regarding the predictive value of utility value and 

subjective task value in particular, practitioners who lack the resources to administer and analyze 

motivation instrument data could focus their efforts on these constructs, mirroring successful 

interventions based on these phenomena (Rosenzweig et al., 2022), perhaps with added nuance 

given our consistent finding of a positively predictive, general subjective task value factor but 

the intriguingly negative relationship between outcomes and the specific utility value factor, in 

our context. 

Conclusion  

Many postsecondary STEM students benefit from motivational monitoring and support, 

which in turn should promote positive academic and career outcomes (Rosenzweig et al., 2022). 

To support these students, researchers and practitioners need instruments that produce useful and 

accurate indicators of student motivation. Prior research has suggested more complex 

measurement models (e.g., ESEM, Bifactor-ESEM models) produce more accurate motivation 

scores than more typical models (e.g., CFA; Hamilton et al., 2018; Lohbeck et al., 2022; Part et 

al., 2020, 2023), and our findings provided further support for such claims. In addition, we found 

these models were consistent across three semesters of students, with at least metric 

measurement invariance across expectancy value, achievement goal, and self-efficacy theory 

constructs. Scores from these models, in turn, predicted academic outcomes across all three 

semesters, particularly scores from those factors measuring attainment value and subjective task 
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value. Researchers and practitioners wishing to monitor and intervene upon students’ STEM 

motivations to promote academic and career success should consider using these more complex 

measurement models to derive the most accurate and useful indicators of which students would 

benefit from support and how best to help them. Finally, these findings suggest the need to 

further investigate refined conceptualizations of STEM student motivation. 
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Table 1 

 

Course population, withdraw count, consent status, and analytic sample sizes, by semester 

 

Semester Fall 2019 Fall 2020 Fall 2021 

Course Population 488 432 549 

Withdrew With No 

Motivation Survey Data 

1 9 9 

Did Not Withdraw But No 

Motivation Survey Data 

78 51 22 

Analytic Sample for 

Research Question 1 

409 (16% missing) 372 (14% missing) 518 (9.4% missing) 

Did Not Consent to 

Participate in RCT, Did 

Not Withdraw 

66 55 103 

Did Not Complete Pretest 6 3 1 

Course Subsample 

Available for Research 

Question 2 Analyses 

337 314 414 

Withdrew After 

Completing Motivation 

Survey 

11 (3.3% attrition) 9 (2.9% attrition) 2 (.5% attrition) 

Analytic Sample Size for 

Research Question 2 

326 (33% missing 

from course 

population) 

305 (29% missing 

from course 

population) 

412 (25% missing 

from course 

population 

Total Withdrawal 

Percentage for Entire 

Course Population 

2.5% 4.2% 2.0% 

Note: In Fall 2021, one section of the course did not participate in the randomized controlled 

trial; they are included in the “Did not Consent” column. 
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Table 2 

 

Group Size and Demographics by Semester 

 

 Fall 2019 Fall 2020 Fall 2021 

 Total RQ1 RQ2 Total RQ1 RQ2 Total RQ1 RQ2 

n 488 409 332 432 372 308 549 518 412 

Experimental Group          

Excluded from experiment 96 77  69 62  99 93  

Non-Flagged Control 200 163 163       

Flagged Control 66 60 60       

Flagged Advice Page 126 109 109       

Randomly Assigned Control    269 223 222    

Randomly Assigned Science of Learning Lite     94 87 86    

Non-Flagged Biology Multimedia       207 199 198 

Flagged Biology Multimedia       74 69 67 

Flagged Science of Learning Multimedia       74 68 64 

Flagged Coaching       95 89 83 

Academic Groups          

Biology major 24.0% 25.2% 25.3% 25.5% 24.2% 25.5% 27.3% 26.1% 27.9% 

Honors program 6.3% 5.9% 6.3% 4.5% 5.4% 4.5% 5.2% 5.6% 5.3% 

Demographic Groups          

Female 69.9% 71.7% 70.2% 67.3% 66.9% 66.0% 69.2% 68.7% 68.0% 

First generation college student 23.7% 24.3% 24.3% 25.9% 25.5% 24.6% 20.6% 21.2% 19.3% 

Under-represented minorities in STEM fields 23.8% 22.3% 22.8% 25.4% 25.8% 25.4% 29.8% 30.0% 29.5% 

Ethnicity          

Caucasian 68.9% 68.9% 68.7% 66.0% 65.9% 66.8% 62.4% 63.5% 64.3% 

Asian 13.7% 13.9% 14.8% 18.5% 18.8% 19.0% 18.0% 18.3% 18.4% 

African American 12.7% 11.7% 12.3% 13.0% 13.2% 12.9% 16.0% 16.2% 16.3% 

Hispanic or Latinx 9.2% 8.6% 8.4% 11.8% 12.1% 12.3% 12.6% 12.9% 12.9% 

Non-Hispanic Latinx 5.1% 4.9% 4.5% 5.1% 5.1% 4.2% 6.2% 6.4% 5.8% 

Native American 2.7% 2.4% 2.7% 2.5% 2.4% 2.9% 3.1% 3.3% 2.9% 

Hawaiian or other Pacific Islander 0.4% 0.5% 0.6% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 

Not Specified 3.1% 3.2% 2.7% 1.4% 1.3% 0.6% 1.6% 1.5% 1.5% 
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Table 3 

 
Descriptive Statistics 

 

 Fall 2019 Fall 2020 Fall 2021 

Assessment or Item Mean SD Mean SD Mean SD 

Final exam 75.950 14.219 75.807 13.044 76.271 12.578 

Final grade in course 82.712 9.737 83.982 10.856 84.279 8.974 

Effort Cost 1 1.950 1.127 2.060 1.124 1.93 1.085 

Effort Cost 2 2.380 1.211 2.500 1.279 2.40 1.185 

Effort Cost 3 2.200 1.308 2.220 1.231 2.17 1.218 

Effort Cost 4 2.170 1.240 2.150 1.175 2.06 1.047 

Opportunity Cost 1 2.470 1.376 2.580 1.423 2.71 1.469 

Opportunity Cost 2 2.140 1.243 2.030 1.165 2.19 1.213 

Opportunity Cost 3 1.920 1.151 1.830 1.101 1.86 1.101 

Opportunity Cost 4 1.920 1.159 1.900 1.147 1.90 1.107 

Psychological Cost 1 4.120 1.425 4.320 1.326 4.40 1.330 

Psychological Cost 2 4.070 1.346 4.050 1.384 4.16 1.366 

Psychological Cost 3 3.470 1.440 3.630 1.394 3.49 1.403 

Psychological Cost 4 3.570 1.467 3.520 1.417 3.41 1.498 

Attainment Value 1 5.300 .792 5.140 .845 5.14 .795 

Attainment Value 2 5.240 .727 5.140 .780 5.19 .772 

Attainment Value 3 5.710 .562 5.630 .612 5.69 .560 

Attainment Value 4 5.170 .873 5.100 .909 5.18 .916 

Intrinsic Value 1 4.460 1.019 4.460 1.007 4.45 .976 

Intrinsic Value 2 4.540 .967 4.630 .976 4.68 .838 

Intrinsic Value 3 4.440 .966 4.480 .953 4.58 .895 

Intrinsic Value 4 4.730 .907 4.780 .866 4.83 .830 

Utility Value 1 5.160 1.148 4.950 1.334 5.10 1.132 

Utility Value 2 4.250 1.112 4.170 1.211 4.17 1.111 

Utility Value 3 5.110 1.007 4.980 1.131 5.08 1.049 

Utility Value 4 5.270 1.046 5.080 1.175 5.24 1.064 

Self-efficacy 1 4.680 .893 4.740 .902 4.71 .877 

Self-efficacy 2 4.610 .899 4.690 .900 4.68 .889 

Self-efficacy 3 5.260 .794 5.270 .752 5.28 .756 

Self-efficacy 4 5.170 .800 5.140 .808 5.15 .775 

Self-efficacy 5 5.100 .827 5.070 .874 5.12 .855 

Mastery Approach Goals 1 6.450 .859 6.290 .966 6.37 .867 

Mastery Approach Goals 2 6.680 .694 6.490 .839 6.59 .697 

Mastery Approach Goals 3 6.620 .725 6.520 .765 6.53 .750 

Performance Approach Goals 1 6.100 1.146 6.060 1.136 6.07 1.151 

Performance Approach Goals 2 5.950 1.255 6.000 1.168 6.07 1.145 

Performance Approach Goals 3 4.980 1.506 5.070 1.462 5.12 1.487 

Performance Avoidance Goals 1 5.470 1.633 5.500 1.570 5.74 1.477 

Performance Avoidance Goals 2 5.330 1.645 5.43 1.603 5.63 1.493 

Performance Avoidance Goals 3 5.290 1.609 5.33 1.595 5.51 1.504 
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Table 4 

 

Data-Model Fit and Measurement Invariance Testing Across Semesters 

 

Model Chi-square 

value/df 

AIC BIC SABIC RMSEA 

(90% 

confidence 

interval) 

CFI SRMR Chi-square difference 

test with less restrictive 

model 

Expectancy Value Theory (Values and Cost only) 

CFA 

Configural 

2604.214(711)*** 95069.035 97736.376 96135.320 .074  

(.071, .077) 

.881 .080 n/a 

CFA 

Metric 

2603.081(747)*** 95051.002 97527.816 96041.123 .071 

(.068, .074) 

.883 .095 34.747(36) 

CFA Scalar 2705.489(783)*** 95078.217 97364.507 95992.175 .071 

(.068, .074) 

.879 .089 99.412(36)*** 

Bifactor-

CFA 

Configural 

a 

2669.942(684)*** 95124.474 97934.705 96247.881 .077 

(.074, .080) 

.875 .148 n/a 

Bifactor-

CFA 

Metric a 

2680.620(766)*** 95090.490 97466.749 96040.414 .071 

(.069, .074) 

.879 .154 86.753(82) 

Bifactor-

CFA Scalar 

a 

2775.636(800)*** 95115.470 97311.790 95993.463 .071 

(.068, .074) 

.876 .139 92.235(34)*** 

ESEM 

Configural 

1316.898(441)*** 75137.669 77882.594 76195.864 .068 

(.064, .072) 

.944 .026 n/a 



 BIFACTOR MODELING OF MOTIVATION 60 

ESEM 

Metric 

1521.319(657)*** 74995.950 76624.296 75623.693 .055 

(.052, .059) 

.944 .042 235.022(216) 

ESEM 

Scalar 

1634.701(693)*** 75038.736 76480.984 75594.737 .056 

(.053, .060) 

.940 .046 118.767(36)*** 

Bifactor-

ESEM 

Configural 

803.925(387)*** 74663.080 77687.150 75828.888 .050 

(.045, .055) 

.973 .017 n/a 

Bifactor-

ESEM 

Metric 

1042.684(625)*** 74508.143 76301.908 75199.657 .039 

(.035, .043) 

.973 .037 258.327(238) 

Bifactor-

ESEM 

Scalar 

1126.775(659)*** 74528.494 76146.501 75152.251 .040 

(.036, .044) 

.970 .040 87.708(34)*** 

Achievement Goal Theory 

CFA 

Configural 

276.225(72)*** 49248.333 50296.216 49667.231 .076 

(.067, .086) 

.943 .274 n/a 

CFA 

Metric 

277.396(84)*** 49239.066 50223.441 49632.576 .069 

(.060, .078) 

.946 .413 9.123(12) 

CFA Scalar 299.636(96)*** 49233.020 50153.886 49601.142 .066 

(.057, .074) 

.943 .125 17.617(12) 

Bifactor-

CFA 

Configural 

a b 

153.894(57)*** 49108.239 50235.507 49558.871 .059 

(.048, .070) 

.973 .237 n/a 

Bifactor-

CFA 

Metric a b 

170.946(85)*** 49107.917 50086.999 49499.311 .045 

(.036, .055) 

.976 .467 30.573(28) 
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Bifactor-

CFA Scalar 

a b 

185.319(95)*** 49100.185 50026.344 49470.423 .044 

(.035, .053) 

.975 .243 12.298(10) 

ESEM 

Configural 

62.412(36)** 30061.459 30712.797 30312.556 .041 

(.023, .058) 

.992 .012 n/a 

ESEM 

Metric 

95.889(72)* 30037.534 30502.775 30216.889 .028 

(.009, .041) 

.993 .038 34.110(36) 

ESEM 

Scalar 

111.224(84)* 30028.278 30431.487 30183.719 .027 

(.010, .040) 

.992 .042 15.107(12) 

Bifactor-

ESEM 

Configural 

c 

        

Bifactor-

ESEM 

Metric c 

        

Bifactor-

ESEM 

Scalar c 

        

Self-Efficacy 

CFA 

Configural 

260.310(15)*** 31423.048 32042.252 31670.579 .183 

(.164, .203) 

.912 .487 n/a 

CFA 

Metric 

281.373(23)*** 31412.569 31989.434 31643.174 .151 

(.136, .168) 

.907 .194 4.470(8) 

CFA Scalar 307.416(31)*** 31406.688 31941.214 31620.368 .135 

(.121, .149) 

.901 .302 9.937(8) 

CFA with 

one 

residual 

31.859(12)** 31108.104 31743.185 31361.987 .058 

(.034, .083) 

.993 .128 n/a 
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covariance 

Configural  

CFA with 

one 

residual 

covariance 

Metric 

42.474(20)** 31100.694 31693.435 31337.646 .048 

(.028, .068) 

.992 .373 8.139(8) 

CFA with 

one 

residual 

covariance 

Scalar  

52.450(28)** 31093.139 31643.543 31313.166 .042 

(.024, .060) 

.991 .341 8.457(8) 

*p < .05; **p < .01; ***p < .001  

Note: Values in italics are optimal on that criterion, for those motivation factors.  
a Model’s latent variable covariance matrix was not positive definite 
b To achieve model convergence, the residual variance of one indicator was set to zero. 
c Model did not terminate normally, numerous estimation errors. 
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Table 5 

 

Final Factor Analytic Model Standardized Loadings For Best-Fitting Expectancy-Value Theory, 

Achievement Goal Theory, and Self-Efficacy Measurement Models 

 

Factor Item Fall 2019 Fall 2020 Fall 2021 

Effort Cost Effort Cost 1 .619*** .581*** .559*** 

 Effort Cost 2 .610*** .559*** .566*** 

 Effort Cost 3 .477*** .486*** .470*** 

 Effort Cost 4 .553*** .547*** .571*** 

 Opportunity Cost 1 .019 .018 .016 

 Opportunity Cost 2 .061** .062** .056** 

 Opportunity Cost 3 .167*** .177*** .165*** 

 Opportunity Cost 4 .164*** .158*** .155*** 

 Psychological Cost 1 .108* .109* .103* 

 Psychological Cost 2 .100* .094* .090* 

 Psychological Cost 3 -.106** -.104** -.098** 

 Psychological Cost 4 -.209*** -.208*** -.185*** 

 Attainment Value 1 -.179*** -.161*** -.167*** 

 Attainment Value 2 -.007 -.007 -.006 

 Attainment Value 3 -.124** -.113** -.110** 

 Attainment Value 4 .017 .016 .014 

 Intrinsic Value 1 .017 .017 .017 

 Intrinsic Value 2 -.019 -.019 -.019 

 Intrinsic Value 3 .063* .059* .061* 

 Intrinsic Value 4 .039 .037 .037 

 Utility Value 1 -.067* -.056* -.060* 

 Utility Value 2 .018 .016 .017 

 Utility Value 3 -.069* -.060* -.063* 

 Utility Value 4 -.057 -.047 -.049 

Opportunity Cost Effort 1 .115*** .113*** .109*** 

 Effort 2 .118*** .112*** .115*** 

 Effort 3 .155*** .164*** .160*** 

 Effort 4 .100*** .103** .109** 

 Opportunity Cost 1 .702*** .680*** .631*** 

 Opportunity Cost 2 .815*** .855*** .778*** 

 Opportunity Cost 3 .649*** .714*** .671*** 

 Opportunity Cost 4 .675*** .678*** .670*** 

 Psychological Cost 1 .184*** .193*** .183*** 

 Psychological Cost 2 .180*** .177*** .169*** 

 Psychological Cost 3 .011 .011 .011 

 Psychological Cost 4 -.049 -.051 -.046 

 Attainment Value 1 .008 .008 .008 

 Attainment Value 2 .049 .047 .045 

 Attainment Value 3 -.047 -.047 -.044 

 Attainment Value 4 .080* .076* .071* 
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 Intrinsic Value 1 .058 .058 .059 

 Intrinsic Value 2 .037 .039 .040 

 Intrinsic Value 3 .089** .087** .091** 

 Intrinsic Value 4 .050 .050 .050 

 Utility Value 1 .146*** .126*** .138*** 

 Utility Value 2 .098** .090** .094** 

 Utility Value 3 .125*** .112*** .119*** 

 Utility Value 4 .121*** .103*** .108*** 

Psychological Cost Effort 1 -.128*** -.116*** -.120*** 

 Effort 2 -.033 -.029 -.032 

 Effort 3 .042 .041 .043 

 Effort 4 .014 .014 .015 

 Opportunity Cost 1 .218*** .196*** .194*** 

 Opportunity Cost 2 .106** .103** .100** 

 Opportunity Cost 3 .044 .045 .046 

 Opportunity Cost 4 .057 .053 .056 

 Psychological Cost 1 .823*** .806*** .814*** 

 Psychological Cost 2 .813*** .745*** .761*** 

 Psychological Cost 3 .582*** .549*** .559*** 

 Psychological Cost 4 .618*** .596*** .571*** 

 Attainment Value 1 .093** .081** .091** 

 Attainment Value 2 .119** .107** .110** 

 Attainment Value 3 .286*** .254*** .266*** 

 Attainment Value 4 .147*** .130** .130** 

 Intrinsic Value 1 -.008 -.004 -.008 

 Intrinsic Value 2 -.001 -.001 -.001 

 Intrinsic Value 3 .002 .002 .002 

 Intrinsic Value 4 .012 .011 .012 

 Utility Value 1 .103*** .083*** .096*** 

 Utility Value 2 .017 .014 .016 

 Utility Value 3 .114*** .095*** .108*** 

 Utility Value 4 .097** .077** .086** 

Attainment Value Effort 1 -.037 -.038 -.038 

 Effort 2 -.050* -.051* -.052* 

 Effort 3 .033 .037 .036 

 Effort 4 .027 .030 .032 

 Opportunity Cost 1 -.017 -.017 -.016 

 Opportunity Cost 2 .036* .040** .036** 

 Opportunity Cost 3 .019 .022 .021 

 Opportunity Cost 4 .025 .027 .027 

 Psychological Cost 1 -.031 -.034 -.032 

 Psychological Cost 2 -.005 -.006 -.005 

 Psychological Cost 3 .072** .077** .074** 

 Psychological Cost 4 .105*** .115*** .105*** 

 Attainment Value 1 .169*** .168*** .177*** 

 Attainment Value 2 .655*** .667*** .648*** 
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 Attainment Value 3 .298*** .300*** .297*** 

 Attainment Value 4 .796*** .801*** .758*** 

 Intrinsic Value 1 .058* .062* .063* 

 Intrinsic Value 2 .039 .044 .045 

 Intrinsic Value 3 .042 .044 .047 

 Intrinsic Value 4 .036 .038 .038 

 Utility Value 1 .042 .038 .042 

 Utility Value 2 .075** .073** .077** 

 Utility Value 3 .061** .058** .062** 

 Utility Value 4 .194*** .175*** .185*** 

Intrinsic Value Effort 1 .085*** .082** .081** 

 Effort 2 -.003 -.003 -.003 

 Effort 3 .009 .010 .010 

 Effort 4 -.009 -.009 -.010 

 Opportunity Cost 1 .010 .010 .009 

 Opportunity Cost 2 .042* .044* .030* 

 Opportunity Cost 3 .063** .069* .066** 

 Opportunity Cost 4 .028 .028 .028 

 Psychological Cost 1 -.103* -.108* -.104* 

 Psychological Cost 2 -.076 -.074 -.072 

 Psychological Cost 3 .061 .061 .059 

 Psychological Cost 4 .158*** .163*** .148*** 

 Attainment Value 1 .363*** .340*** .360*** 

 Attainment Value 2 .114** .109** .106** 

 Attainment Value 3 .111** .105** .105** 

 Attainment Value 4 .032 .030 .029 

 Intrinsic Value 1 .645*** .652*** .667*** 

 Intrinsic Value 2 .640*** .674*** .692*** 

 Intrinsic Value 3 .729*** .714*** .755*** 

 Intrinsic Value 4 .653*** .648*** .655*** 

 Utility Value 1 .083* .072* .079* 

 Utility Value 2 347*** .318*** .336*** 

 Utility Value 3 .185*** .166*** .178*** 

 Utility Value 4 .024 .021 .022 

Utility Value Effort 1 -.202*** -.217*** -.221*** 

 Effort 2 -.102*** -.107*** -.115*** 

 Effort 3 .081** .094** .096** 

 Effort 4 .038 .043 .048 

 Opportunity Cost 1 .089*** .095*** .092*** 

 Opportunity Cost 2 .098*** .113*** .107*** 

 Opportunity Cost 3 .068** .083** .081** 

 Opportunity Cost 4 .073*** .081*** .084*** 

 Psychological Cost 1 -.032 -.037 -.037 

 Psychological Cost 2 -.039 -.042 -.043 

 Psychological Cost 3 .119*** .133*** .133*** 

 Psychological Cost 4 .172*** .195*** .185*** 
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 Attainment Value 1 .236*** .244*** .267*** 

 Attainment Value 2 .161*** .170** .172*** 

 Attainment Value 3 147*** .154** .159*** 

 Attainment Value 4 .271*** .283*** .278*** 

 Intrinsic Value 1 .166*** .185*** .195*** 

 Intrinsic Value 2 .193*** .228*** .242*** 

 Intrinsic Value 3 .136*** .147** .161** 

 Intrinsic Value 4 .163*** .178*** .187*** 

 Utility Value 1 .753*** .716*** .817*** 

 Utility Value 2 .406*** .410*** .448*** 

 Utility Value 3 .688*** .680*** .759*** 

 Utility Value 4 .680*** .637*** .700** 

Subjective Task Valuea Effort 1 .552*** .538*** .551*** 

 Effort 2 .491*** .468*** .504*** 

 Effort 3 .538*** .568*** .585*** 

 Effort 4 .618*** .635*** .705*** 

 Opportunity Cost 1 .481*** .466*** .455*** 

 Opportunity Cost 2 .511*** .535*** .513*** 

 Opportunity Cost 3 .450*** .494*** .490*** 

 Opportunity Cost 4 .469*** .470*** .490*** 

 Psychological Cost 1 .028 .029 .029 

 Psychological Cost 2 .065 .064 .064 

 Psychological Cost 3 .561*** .569*** .572*** 

 Psychological Cost 4 .609*** .630*** .596*** 

 Attainment Value 1 -.430*** -.403*** -.445*** 

 Attainment Value 2 -.395*** -.380*** -.386*** 

 Attainment Value 3 -.278*** -.264*** -.274*** 

 Attainment Value 4 -.399*** -.379*** -.375*** 

 Intrinsic Value 1 -.463*** -.468*** -.499*** 

 Intrinsic Value 2 -.501*** -.527*** -.564*** 

 Intrinsic Value 3 -.527*** -.516*** -.569*** 

 Intrinsic Value 4 -.508*** -.504*** -.532*** 

 Utility Value 1 -.449*** -.387*** -.445*** 

 Utility Value 2 -.286*** -.263*** -.289*** 

 Utility Value 3 -.442*** -.396*** -.445*** 

 Utility Value 4 -.453*** -.385*** -.426*** 

Self-Efficacy Self-efficacy 1 .570*** .570*** .570*** 

 Self-efficacy 2 .615*** .615*** .615*** 

 Self-efficacy 3 .570*** .570*** .570*** 

 Self-efficacy 4 .692*** .692*** .692*** 

 Self-efficacy 5 .740*** .740*** .740*** 

Mastery Approach Mastery Approach 1 .682*** .699*** .633*** 

 Mastery Approach 2 .918*** .886*** .850*** 

 Mastery Approach 3 .786*** .843*** .730*** 

 Performance Approach 1 .042* .049* .040* 

 Performance Approach 2 .002 .002 .002 
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 Performance Approach 3 -.005 -.005 -.005 

 Performance Avoidance 1 -.037* -.044* -.039* 

 Performance Avoidance 2 .027** .032** .028** 

 Performance Avoidance 3 .020 .023 .020 

Performance Approach Mastery Approach 1 .091* .081* .087* 

 Mastery Approach 2 -.090** -.076** -.086** 

 Mastery Approach 3 .041 .038 .039 

 Performance Approach 1 .985*** 1.001*** .961*** 

 Performance Approach 2 .856*** .910*** .890*** 

 Performance Approach 3 .536*** .551*** .551*** 

 Performance Avoidance 1 .147*** .152*** .158*** 

 Performance Avoidance 2 -.043 -.044 -.047 

 Performance Avoidance 3 -.012 -.012 -.012 

Performance Avoidance Mastery Approach 1 .028 .025 .026 

 Mastery Approach 2 .028 .024 .026 

 Mastery Approach 3 -.031 -.029 -.029 

 Performance Approach 1 -.158*** -.162 -.149*** 

 Performance Approach 2 -.059* -.063* .059* 

 Performance Approach 3 .259*** .268*** .258*** 

 Performance Avoidance 1 .639*** .666*** .669*** 

 Performance Avoidance 2 .927*** .955*** .968*** 

 Performance Avoidance 3 .900*** .924*** .895*** 

* p < .05, ** p < .01, *** p < .001 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores 

should be interpreted as higher subjective task value, and higher scores indicating lower 

subjective task value  

Note: Despite metric measurement invariance for EVT models across semesters and scalar 

measurement invariance for AGT models across semesters, standardized factor loadings vary 

across semesters because of differences in latent factor variances.  
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Table 6 

 

Expectancy Value Theory, Bifactor-ESEM Metric Invariance Latent Factor Correlations  

 

 Effort Opportunity Psychological Attainment Intrinsic Utility Subjective  

Task Value a 

Effort .683 / .654 /  

.652  

-.108 .011 -.019 -.097 -.023 -.107 

Opportunity -.073 .826 / .850 /  

.802 

.182* .081 .001 -.076 -.033 

Psychological .063 .015 .845 / .811 / 

.818 

-.110 -.010 .031 -.012 

Attainment -.046 .008 -.091 .729 / .737 / 

.696 

-.022 -.002 -.007 

Intrinsic -.138  .106 .025 .011 .720 / .787 / 

.807 

-.111 .136 

Utility .038 .111 .141  -.158 -.016 .728 / .683 / 

 .837 

.030 

Subjective  

Task Value a 

.035 -.188* -.059 .052 .045 -.215* .873 / .873 / 

.885 

 

        

* p < .05, ** p < .01, *** p < .001 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores should be interpreted as higher 

subjective task value, and higher scores indicating lower subjective task value  

Note: Fall 2019 latent factor correlations rotated to be zero; Fall 2020 correlations on lower triangle, Fall 2021 on upper triangle; 

Coefficient H reliability values, shown as Fall 2019 / Fall 2020 / Fall 2021, on diagonal 
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Table 7 

 

Achievement Goal Theory ESEM Scalar Invariance Latent Factor Correlations 

 

 Mastery Approach  Performance Approach Performance Avoidance 

Mastery Approach .887 / .876 / .815   

Performance Approach .454*** / .389*** / .336*** .973 / 1.000 / .942  

Performance Avoidance .202** / .134* / .045 .576*** / .658*** / .679*** .918 / .945 / .952 

* p < .05, ** p < .01, *** p < .001 

Note: Correlations shown as Fall 2019 / Fall 2020 / Fall 2021; Coefficient H reliability values, shown as Fall 2019 / Fall 2020 / Fall 

2021, on diagonal  
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Table 8 

 

Correlations Among Motivation and Outcome Variables for Research Question 2, Fall 2019 

 
 Effort Opportunity Psychological Attainment Intrinsic Utility Subjective  

Task 

Value a 

Self-
Efficacy 

Mastery 
Approach 

Performance 
Approach 

Performance 
Avoidance 

Final 
Exam  

Effort             

Opportunity .039            
Psychological -.041 -.024           

Attainment .062 .019 .036          

Intrinsic .055 .042 .043 -.074         
Utility -.009 .066 .025 .027 .032        

Subjective  

Task Value a 
.030 .014 .066 -.001 -.069 -.067       

Self-Efficacy -.041 -.044 -.031 .136* .178** .014 -.578**      

Mastery 

Approach 
-.122* -.067 .098 .113* .087 .143** -.386** .450**     

Performance 

Approach 
.042 .011 .153** .143** -.033 .096 -.160** .204** .526**    

Performance 
Avoidance 

.163** .038 .245** .144** -.058 .100 -.052 .105 .226** .617**   

Final Exam .053 .008 .085 .086 -.025 -.073 -.150** .125* .096 .040 .068  
Course Grade .007 .046 -.006 .179** -.057 -.031 -.172** .114* .096 -.035 -.043 .886** 

* p < .05, ** p < .01, *** p < .001 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores should be interpreted as higher 

subjective task value, and higher scores indicating lower subjective task value  
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Table 9 

 

Correlations Among Motivation and Outcome Variables for Research Question 2, Fall 2020 

 
 Effort Opportunity Psychological Attainment Intrinsic Utility Subjective  

Task 

Value a 

Self-
Efficacy 

Mastery 
Approach 

Performance 
Approach 

Performance 
Avoidance 

Final 
Exam  

Effort             

Opportunity -.061            
Psychological .011 .046           

Attainment -.020 .021 -.085          

Intrinsic -.095 .170** .068 .023         
Utility .021 .209** .249** -.178** .054        

Subjective  

Task Value a 
.136* -.138* -.014 .004 -.011 

-

.357** 
      

Self-Efficacy -.038 .058 -.079 .068 .141* .193** -.494**      

Mastery 

Approach 

-

.244** 
.215** .219** .089 .305** .445** -.503** .320**     

Performance 

Approach 
-.046 .130* .270** .042 .046 .207** -.196** .192** .425**    

Performance 
Avoidance 

.109 .019 .262** .003 -.019 .104 -.070 .049 .139* .704**   

Final Exam -.091 .083 -.033 .086 -.011 .014 -.194** .059 .059 -.007 -.023  
Course Grade -.051 .111 .030 -.003 .026 .046 -.146* .038 .057 -.003 -.028 .837** 

* p < .05, ** p < .01, *** p < .001 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores should be interpreted as higher 

subjective task value, and higher scores indicating lower subjective task value  
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Table 10 

 

Correlations Among Motivation and Outcome Variables for Research Question 2, Fall 2021 

 
 Effort Opportunity Psychological Attainment Intrinsic Utility Subjective  

Task Value 

a 

Self-
Efficacy 

Mastery 
Approach 

Performance 
Approach 

Performance 
Avoidance 

Final 
Exam  

Effort             

Opportunity -.093            
Psychological -.030 .226**           

Attainment .008 .111* -.089          

Intrinsic -.054 .041 .052          
Utility -.012 -.004 .068 .015 -.085        

Subjective  

Task Value a 
-.069 .016 .013 -.091 .120* -.015       

Self-Efficacy .059 .007 -.151** .162** .080 .074 -.521**      

Mastery Approach -.060 .111* .091 .317** .152** .255** -.378** .376**     

Performance 
Approach 

.017 .158** .254** .186** .105* .065 -.162** .208** .413**    

Performance 

Avoidance 
.016 .084 .252** .079 .074 -.053 -.022 .068 .052 .726**   

Final Exam .056 .142** .129** .099* -.037 .010 -.158** .049 .084 .072 -.022  

Course Grade .062 .125* .143** .094 -.037 .037 -.202** .088 .145** .105* -.001 .852** 

* p < .05, ** p < .01, *** p < .001 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores should be interpreted as higher 

subjective task value, and higher scores indicating lower subjective task value  
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Table 11 

 

Final Exam Score Regressed on Latent Factors, by Semester 

 

Latent Factor Fall 2019 

Standardized 

Regression 

Coefficient 

Fall 2020 

Standardized 

Regression 

Coefficient 

Fall 2021  

Standardized 

Regression  

Coefficient 

Non-Biology Major n / 

Biology Major n 
242/84 227/78 297/115 

Effort Cost .044/.045 -.073/-.077 .033/.035 

Opportunity Cost .025/.026 .067/.070 .104*/.107* 

Psychological Cost .075/.094 -.001/-.001 .086/.093 

Attainment Value .093/.103 *.154/-.140 .101*/.085* 

Intrinsic Value -.042/-.045 -.009/-.009 -.001/-.001 

Utility Value -.095/-.066 .032/-.203* .019/.012 

Subjective Task Value a -.137*/-.135* -.198/-.189 -.153**/-.168** 

Self-efficacy -.020/.022 -.029/-.028 -.056/-.052 

Mastery Approach .064/.037 -.079/-.035 -.046/-.035 

Performance Approach -.060/-.062 -.027/-.030 .096/.103 

Performance Avoidance -.034/.045 .002/.002 -.121/-.130 

Non-flagged Group b .116/.145   

Advice Page Group b -.127*/-.210*   

Science of Learning Lite 

Group c 
 -.002/-.003  

Non-Flagged Biology 

Multimedia Groupd 
  .317***/.337*** 

Science of Learning 

Multimedia Groupd 
  -.020/-.020 

Coaching Groupd   -.014/.014 

Model R2 .132***/147** .060*/.143* .190***/.182*** 

Sum of Squared Standardized 

Regression Coefficients for 

Statistically Significant 

Motivation Latent Factors 

Only 

.019/.018 .024/.041 .041/.047 

Model chi-square(df), p-value 32.801(26), .168 23.799(19), .204 23.409(28), .712 

* p < .05, ** p < .01, *** p < .001 
Note: Standardized path coefficients and R2 values shown as Non-Biology Major / Biology Major. 

They differ due to different variances in outcome variables across biology major status groups. Path 

coefficients that statistically significantly differ from one another are shown in italics and are found 

only in Fall 2020.  
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores 

should be interpreted as higher subjective task value, and higher scores indicating lower subjective 

task value  
b Comparison group in Fall 2019 was flagged, control students 
c Comparison group in Fall 2020 was control students 
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d Comparison group in Fall 2021 was flagged, control students  
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Table 12 

 

Course Grade Regressed on Latent Factors, by Semester 

 

Latent Factor Fall 2019 

Standardized Path 

Coefficient 

Fall 2020 

Standardized 

Path Coefficient 

Fall 2021  

Standardized Path 

Coefficient 

Non-Biology Major n / 

Biology Major n 
242/84 227/78 297/115 

Effort Cost .027/.029 -.083/-.078 .041/.044 

Opportunity Cost .063/.069 .108/.099 .081/.085 

Psychological Cost .060/.081 .012/.012 .093/.101 

Attainment Value .135**/.159** .072/-.180 .075/.064 

Intrinsic Value -.042/-.048 .013/.010 .000/.000 

Utility Value -.102*/-.077 .055/-.158 .032/.019 

Subjective Task Value a -.110/-.116 -.193*/-.162* -.162**/-.181** 

Self-efficacy -.009/.010 -.093/.213 -.042/-.040 

Mastery Approach .131/.082 -.079/-.030 .015/.012 

Performance Approach -.119/-.133 .001/.001 .082/.089 

Performance Avoidance -.002/-.003 -.018/.-.017 -.094/-.103 

Non-flagged Groupb .158*/.212*   

Advice Page Groupb -.127/-.172   

Science of Learning Lite 

Group c 
 .025/.024  

Biology Multimedia Group d   .345**/.374** 

Science of Learning 

Multimedia Group d 
  -.017/-.020 

Coaching Group d   .006-.014 

Model R2 .145***/.166** .054*/.199* .209***/.213*** 

Sum of Squared Standardized 

Regression Coefficients for 

Statistically Significant 

Motivation Latent Factors 

Only 

.029/.025 .037/.026 .026/.033 

Model chi-square(df), p-value 32.801(26), .168 23.799(19), .204 23.409(28), .712 

* p < .05, ** p < .01, *** p < .001 

Note: Standardized path coefficients and R2 values shown as Non-Biology Major / Biology 

Major. They differ due to different variances in outcome variables across biology major status 

groups. Path coefficients that statistically significantly differ from one another are shown in 

italics and are found only in Fall 2020. 
a The Bifactor-ESEM solution for this factor reversed all factor loadings, therefore lower scores 

should be interpreted as higher subjective task value, and higher scores indicating lower 

subjective task value  
b Comparison group in Fall 2019 was flagged, control students 
c Comparison group in Fall 2020 was control students 
d Comparison group in Fall 2021 was flagged, control students  
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Figure 1 

 

Methods of Modeling Motivation Specific and General Factors

 
Note: Models shown reflecting various ways of modeling item responses to a measure of 

achievement goal theory. Models for other motivation theories, such as expectancy value theory, 

would look similar, with more or fewer specific factors, as warranted by the theory. 

MAP = mastery approach achievement goal; PAP = performance approach achievement goal; 

PAV = performance avoidance achievement goal 
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