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In this study, we identified multidimensional profiles in students’ math anxiety, math self-concept, and math interest using data from a large generalizable sample of 16,547 9th grade students in the United States who participated in the National Study of Learning Mindsets. We also analyzed the extent that students’ profile memberships are associated with related measures such as prior mathematics achievement, academic stress, and challenge-seeking behavior. Five multidimensional profiles were identified: two profiles which demonstrated relatively high levels of interest and self-concept, along with low math anxiety, in line with the tenets of the control-value theory of academic emotions (C-VTAE); two profiles which demonstrated relatively low levels of interest and self-concept, and high levels of math anxiety (again in accordance with C-VTAE); and one profile, comprising more than 37% of the total sample, which demonstrated medium levels of interest, high levels of self-concept, and medium levels of anxiety. All five profiles varied significantly from one another in their association with the distal variables of challenge seeking behavior, prior mathematics achievement, and academic stress. This study contributes to the literature on math anxiety, self-concept, and interest by identifying and validating student profiles that mainly align with the control-value theory of academic emotions in a large, generalizable sample.
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1. Introduction

For decades, math and other STEM disciplines have been at the forefront of many educational research and reform efforts (National Research Council et al., 2012; National Academies of Sciences, Engineering, and Medicine et al., 2019). In a broad sense, the goals of these efforts are to better prepare students to understand STEM concepts they may encounter in their daily lives and/or to prepare them for careers in STEM disciplines. One commonality among many of these approaches to reforming STEM is an acknowledgment that, though academic achievement is important, it is far from the only factor that contributes to STEM learning and expertise (National Academies of Sciences, Engineering, and Medicine, 2019). Thus, a multi-dimensional perspective on STEM learning is vital to achieving these shared goals.

To extend this multi-dimensional perspective, the current project extends on previous research related to student STEM learning by applying constructs related to the control-value theory of academic emotions (Pekrun, 2006) and employing latent profile analysis (LPA), a person-centered approach capable of capturing within-person relations among several variables. More specifically, we estimate profiles of a nationally representative sample of United States high school students as indicated by their math self-concept, math interest, and math anxiety. Finally, we examine the extent to which student profile membership is associated with prior math achievement, as well as academic stress and challenge-seeking behaviors. This work can inform future mathematics curriculum and intervention design by highlighting commonalities and differences in students’ motivational and emotional profiles, as well as demonstrating how these profiles may be associated with their own prior experiences in math.

In the sections that follow, we first situate this work in Control-Value Theory of Emotions (Pekrun, 2006; Pekrun et al., 2007). We then review relevant literature on students’ motivation and learning as related to theory. Finally, we illustrate the contribution of within-person methods such as LPA to work in similar fields and contexts.



2. Review of relevant literature


2.1. The control-value theory of achievement emotions

The control-value theory of achievement emotions (C-VTAE) provides a framework explaining how emotions are tied to achievement activities and outcomes. Pekrun (2006) identifies a theoretical co-development of both control and value appraisal. First, control-value theory posits that students’ academic emotions—both state-level and trait-level emotions—arise due to control beliefs and value beliefs. In other words, the specific achievement emotions students will feel when engaged with an academic task depend on the extent to which they feel in control of (or out of control of) a task as well as the extent to which the task is important to them (Pekrun et al., 2007). Further, these control beliefs, value beliefs, and the subsequent emotions they elicit are thought to be domain-specific (Pekrun et al., 2002; Pekrun, 2006; Boekaerts and Pekrun, 2015).

Through this framework, math anxiety is hypothesized to develop when a student experiences low control of a math activity, especially when also experiencing a higher value appraisal (Nie et al., 2011; Bieg et al., 2013; Wang et al., 2021). Hence, students experiencing the most math anxiety would be those who are experiencing low control (in our case, operationalized by self-concept), along with high value (operationalized in this study by math interest). Although several studies related to the components of control and value appraisal have found mixed findings (e.g., Ganley and McGraw, 2016; Malanchini et al., 2020), most studies find that control appraisal (i.e., self-concept) and value appraisal (i.e., math interest) have negative associations with math anxiety (Ahmed et al., 2012; Ganley and McGraw, 2016; Muis et al., 2018; Wang et al., 2021). Many studies have also found that math anxiety is negatively related to math achievement, both concurrently and longitudinally (Ma, 1999; Pekrun et al., 2017; Namkung et al., 2019), with potentially reciprocal links between these constructs. The presence of other negative achievement emotions, such as anger or boredom, may also impact the strength of association between anxiety and math achievement (Peixoto et al., 2017; Abín et al., 2020).

When both control and value appraisal are studied together, the negative association between math self-concept and anxiety is stronger when the student’s math value is perceived as higher (Bieg et al., 2013). The recent study developed by Wang et al. (2021) establishes how math anxiety, self-concept, and math value develop in tandem over time, finding heterogeneous contributions of both control and value appraisal. Wang et al. (2021) found three classes of co-development with varying relationships between anxiety, self-concept and math value. This included a stable class, characterized by stable anxiety, high concept, and high value. They also found a class that had increasing anxiety, along with decreasing self-concept and value. The third class they described as fluctuating with curvilinear changes in math anxiety, self-concept, and value.

Relatedly, Orbach and Fritz (2022) used latent profile analysis to identify different patterns of trait math anxiety and state math anxiety while also analyzing attitudes toward math, academic self-concept, fixed/growth mindsets, executive functions, and math performance. Their results found seven distinct profiles of math anxiety and core beliefs toward math. The profile with lower math performance had higher anxiety and negative cognitive beliefs towards math, and the profile with higher math performance had high trait math anxiety and positive cognitive beliefs. These two recent studies highlight the complex interplay between these constructs as well as the importance of using within-person analyses to better understand how these constructs function differently for different people.



2.2. Math anxiety

According to Ramirez and colleagues (Ramirez et al., 2018), math anxiety “refers to feelings of fear, tension, and apprehension that many people experience when engaging with math” (p. 145). This anxiety is theorized to be domain-specific and trait-like, suggesting that these feelings are relatively consistent across mathematics tasks and are constrained to the domain of mathematics (although people may nevertheless experience anxiety in other domains). Consistent with other emotions, math anxiety may have affective, conative, cognitive, physiological, and neurological components (Pekrun, 2006; Lyons and Beilock, 2012; Boekaerts and Pekrun, 2015; Ramirez et al., 2018). For example, when presented with a math assignment, a student with high math anxiety might worry that he will fail on the assignment, he might be motivated to avoid the assignment as a way to regulate this anxiety (Gross, 2015), he might sweat or experience an increased heart rate, and he might experience similar neural activation patterns to a person in physical pain (Lyons and Beilock, 2012).

Numerous studies have found that math anxiety is negatively related to math achievement, both concurrently and longitudinally (Ma, 1999; Pekrun et al., 2017; Namkung et al., 2019), with potentially reciprocal links between these constructs. Several theories exist that explain the relations between math anxiety and math achievement; however, we focus here on Pekrun’s CVT (Pekrun, 2006; Pekrun et al., 2007, 2011), since it can account for other constructs relevant to the current study.

Performing poorly on math tasks can diminish learners’ math self-efficacy beliefs, or their beliefs about their ability to succeed on math tasks (Bandura, 1986; Usher and Pajares, 2008). In other words, past failures in math may lead students to doubt their ability to succeed in math in the future. According to the control-value theory of achievement emotions (Pekrun, 2006), such low control beliefs, particularly when combined with high value beliefs, likely lead learners to experience math anxiety. That is, when learners consider performing well in math to be valuable but also doubt their ability to do so, they are likely to feel anxiety. A recent large-scale longitudinal study of secondary students conducted by Pekrun and colleagues (Pekrun et al., 2017) supports the notion of reciprocal causality between math achievement and math anxiety. Across all time points in a five-year study, math anxiety modestly yet significantly predicted later math achievement; likewise, math achievement modestly yet significantly predicted later math anxiety.

Although much of this research attests that math anxiety may disrupt learning and tends to have an overall negative effect on math performance, there may be some cases in which some math anxiety may be beneficial (Wang et al., 2015). Famously, the Yerkes-Dodson law (Yerkes and Dodson, 1908) suggests that the relationship between psychological arousal and task performance is curvilinear, meaning that, up to some point, increased anxiety may relate to improved performance on math tasks. Zeidner (1998) noted that this effect likely depends upon task difficulty, with performance on more difficult tasks improving less or not at all even with modest increases in anxiety, and performance on simpler tasks showing more benefit from increased anxiety.



2.3. Math interest

Interest refers to “the psychological state of engaging or the predisposition to re-engage with particular classes of objects, events, or ideas over time” (Hidi and Renninger, 2006, p. 112). Much like other motivational variables in academic contexts, interest is domain-or content-specific, and, according to Frenzel and colleagues (Frenzel et al., 2010), “there is no such thing as general student interest” (p. 509). Although students can and often do experience state-like interest, often referred to as situational interest, which is interest that is triggered by situation-specific factors (e.g., a student might be interested in a specific math lesson because the teacher uses a novel technology or demonstration), the current study is more concerned with trait-like interest, sometimes referred to as individual interest, which is a more enduring disposition (Ainley, 2007). Nevertheless, it is important to note that triggering situational interest is a critical early step in developing individual interest in specific topics or domains (Hidi and Renninger, 2006; Ainley, 2007). Individual interest also aligns closely with conceptualizations of intrinsic value (Wigfield and Eccles, 2000; Wigfield and Cambria, 2010), which refers to the enjoyment a student gains from engaging with an academic task.

Across content areas, interest in a specific subject is positively related to achievement, engagement with tasks in that subject, attention, goal-setting, competence beliefs, and expertise development (Schiefele et al., 1992; Alexander et al., 1997; Alexander and Murphy, 1998; Schiefele, 1999, 2001; Ainley et al., 2002; Alexander, 2003; Ainley, 2007; Wigfield and Cambria, 2010). However, previous research suggests that over time, students may lose interest in mathematics as they progress through school (Köller et al., 2001; Fredricks and Eccles, 2002; Frenzel et al., 2010). Furthermore, students’ levels of interest seem to be influenced by classroom-level factors, including teachers’ enthusiasm for math (Frenzel et al., 2009, 2010).

Interest may facilitate deeper processing and more sustained engagement with tasks in that area (Murphy and Alexander, 2002; Alexander, 2003). Interest, then, may promote a deeper understanding of math topics, more strategic engagement with tasks, and the choice of enrolling in more challenging math courses (Köller et al., 2001), all of which contribute to the STEM expertise currently being called for by national policymakers (National Research Council et al., 2012; National Academies of Sciences, Engineering, and Medicine et al., 2019).



2.4. Students’ math self-concept

Self-concept refers to the perception one has of one’s self through experiences and how they interact and interpret their environment (Shavelson et al., 1976). Self-concept beliefs can measure how one views their own abilities in academic or nonacademic domains (Marsh and Craven, 1996). Assessments of self-concept include examples such as “Mathematics is one of my best subjects” and “It’s important to me to do well in mathematics classes” (SDQI; Marsh et al., 2005). Recent work has identified self-concept as a mediating factor between math performance, anxiety, though it has focused on elementary rather than secondary school settings (Justicia-Galiano et al., 2017; Kaskens et al., 2020). Prior research on students’ math self-concept in secondary settings has identified a positive relationship between self-concept and achievement (Marsh and Martin, 2010; Parker et al., 2013). For example, Timmerman et al. (2017) used correlation and regression analyses to examine the association between math anxiety, test anxiety, math self-concept, achievement motivation, and the outcome of math achievement in a sample of high school students in Netherlands. They found that when considered concurrently, only math self-concept contributed unique explanatory power when predicting math achievement. Trait anxiety, such as math anxiety, has been found to be negatively relative to self-concept (Ahmed et al., 2012).



2.5. Person-centered approaches to studying mathematics motivation

Person-centered approaches such as latent profile analysis (LPA; Masyn, 2013; Nylund-Gibson and Choi, 2018) and cluster analysis (Everitt, 1979) attempt to identify relatively homogeneous groups of people within a heterogeneous population or sample by differentiating them according to their scores on several key variables. In doing so, these methods can provide researchers with a more nuanced understanding of within-person relations among math motivational constructs that other approaches, such as examining bivariate correlations or linear predictive relations, may not adequately capture.

For example, in a study investigating Taiwanese junior high school students’ conceptualizations of what comprises learning in math, Wang and colleagues (Wang et al., 2017) used LPA to identify four different student learning profiles, which in turn were associated with differences in both mathematics self-efficacy and performance. Wang et al. (2018) used a similar approach to identify latent profiles of math anxiety (both learning anxiety and exam anxiety) and mathematics motivation. Furthermore, LPA has been used to investigate a wide range of educational phenomena, including profiles of middle-school students’ science motivational beliefs (Bae and DeBusk-Lane, 2018), secondary students’ sources of science self-efficacy (Chen and Usher, 2013), math achievement and anxiety (Hart et al., 2016), math motivation, engagement, and academic performance (Xie et al., 2020), and students’ personal conceptions of math learning (Wang et al., 2017).

This study will also utilize LPA to better understand the relationship between math anxiety, self-concept, and interest in a nationally representative sample of 9th grade students in the United States. This study will also determine the extent to which membership in each profile is associated with academic stress, challenge seeking behaviors, prior mathematics GPA. Given the demonstrated salience of math motivation and the complex interplay of control, value, and emotions demonstrated by C-VTAE, and the importance of measuring it with person-centered approaches, our work sought to answer the following research questions:



2.6. Research questions and hypotheses




1. Are there distinct profiles, or classes, of students who show similar patterns of performance across measures of math anxiety, math self-concept, and math interest?


Hypothesis 1: Given prior literature using related constructs and the theoretical relationship between anxiety, math self-concept, and math interest articulated in C-VTAE, we hypothesize that students in this sample can be classified into a number of distinct latent profiles. Given the exploratory focus of this paper, we do not offer a hypothesis as to the number of profiles which may exist.
 




1. To what extent are students’ profile memberships associated with related measures, including prior mathematics achievement, perceived academic stress and challenge-seeking behavior?


Hypothesis 2: Our hypothesis for this question is more general in nature, given the exploratory purpose of the paper. We would hypothesize, based on the theoretical relationships between our variables of interest (math interest, anxiety, and self-concept) and prior math achievement, academic stress, and challenge-seeking behavior, that latent profiles defined by our variables of interest would also exhibit significant differences on these related constructs.
 




3. Methods


3.1. Data

Data for this paper come from a nationally generalizable dataset collected as part of the National Study of Learning Mindsets (Yeager et al., 2019). These data included responses from 16,547 students nested within 76 regular public high schools in the United States. Schools were selected for participation based on a two-stage probability sampling procedure outlined in Tipton et al. (2019). One hundred and thirty nine high schools from across the United States were selected for recruitment into the study; 76 agreed and eventually participated in the NSLM. Gopalan and Tipton (2018) conducted numerous statistical comparisons of the schools that participated in the NSLM with national benchmarks and found that the NSLM sample closely resembles the profile of “all regular, U.S. public high schools with at least 25 students in 9th grade and in which 9th grade is the lowest grade” (p. 1).

Data used in the current study were all collected online via a restricted web survey portal in Fall 2015. Students were asked to complete a 25 min survey using computers provided by their school. Table 1 provides school-and student-level descriptive statistics and demographic characteristics of the sample. The data are now publicly available (Yeager, 2015) via application to the Inter-university Consortium for Political and Social Research (ICPSR).



TABLE 1 Student and school-level descriptive statistics for analytic sample.
[image: Table1]



3.2. Measures

Student measures used in this study included: (1) prior math achievement, (2) math anxiety, (3) math interest, (4) math self-concept, (5) math challenge-seeking behavior, and (6) perceived academic stress. Math prior achievement was operationalized as each students’ 8th grade math grade point average (GPA). This measure ranged from 0 (F) to 4.30 (A).

Math anxiety (“Math makes me anxious”), interest (“Math is interesting to me”), and academic stress (“Schoolwork is stressful for me”) were all measured single items from the time-1 student survey, with a 5-point Likert-type response scale that ranged from 1 (“Strongly disagree”) to 5 (“Strongly agree”). Math self-concept (“I am a math person”) was a single item ranging from 1 (“Strongly disagree”) to 7 (“Strongly agree”). Mathematics challenge seeking behavior was also measured using a single item, which described a challenging math problem and then asked the student how likely they were to try and solve the problem. Responses here were also measured on a 0 (“Highly unlikely”) to 4 (“Highly likely”) Likert-type scale. Given that items used somewhat different scale lengths, for purposes of interpreting profile differences we used a percent of maximum possible (Cohen et al., 1999) transformation, which converts differing scale lengths into a percent of total possible endorsement of each item.



3.3. Statistical analyses

Latent profile analysis is a method that attempts to identify hidden subgroups within a sample or population (Nylund-Gibson and Choi, 2018) and is analogous to factor analysis approaches. Where factor analysis attempts to use participant response patterns on specific items to identify one or more latent factors measured by these items, LPA uses participant response patterns on items to identify one or more (typically more) hidden groups of people. This emphasis on identifying subgroups of people has led many to refer to LPA (and LCA) as a “person-centered approach” to analysis, where factor analysis may be considered a “variable-centered approach” (Nylund and Asparouhov, 2007; Berlin et al., 2014). As such, LPA may offer insights into typologies of people that traditional variable-centered approaches may fail to identify.

The main variables of interest used in our LPA were mathematics self-concept, mathematics anxiety, and mathematics interest, all measured by self-report items and described above. These three indicators are the basis for determining the optimal number of student subgroups to answer Research Question (RQ) 1. As described in RQ 2, several additional measures were used as distal outcomes to test the validity of the LPA solution, including academic stress and challenge-seeking behavior, both measured by self-report items, and prior math achievement, as measured by students’ 8th grade mathematics grade point average (GPA).

The LPA modeling approach used was the parametric procedure outlined by Finch and French (2014). To answer RQ 1, single-level LPA was used to determine the appropriate number of student profiles. The fit statistics used to make this determination included: the Bayesian Information Criterion (Schwarz, 1978), the sample size adjusted Bayesian Information Criterion (Sclove, 1987), the Bootstrap Likelihood Ratio Test (McLachlan et al., 2019), the Lo–Mendell–Rubin Test (Lo et al., 2001), consistent AIC (Bozdogan, 1987), Bayes factor (Wagenmakers, 2007), approximate weight of evidence (Banfield and Raftery, 1993) and approximate correct model probability (Schwarz, 1978). To answer RQ2, the distal outcomes described above were included following the Bolck, Croons, and Hagenaars (BCH; Bolck et al., 2004) process for modeling outcomes in an LPA recommended by Nylund-Gibson et al. (2019). The BCH method adjusts associations between profile membership and distal outcomes for potential classification error. In this approach the parameters of the latent classes are held fixed while also accounting for classification error. Then, distal outcomes are included and their relation to the latent class variable is estimated by comparing class-specific mean and variance estimates among the classes. This is accomplished via a global Chi-square test, which is significant if any pairwise comparisons are significant, as well as via individual pairwise comparisons.

Several additional methodological challenges were addressed using the following approaches. To account for possible violations of the multivariate normality assumption, a robust maximum likelihood estimator (Estimator = MLR in Mplus) was used. To assess model fit, the scaled Satorra-Bentler Chi-Square statistic (Satorra and Bentler, 2001) was used in place of the traditional Chi-Square, which is not robust to violations of normality. Standard errors were adjusted for the clustering of students within schools using the sandwich estimator (Huber, 1967; White, 1980).




4. Results

Results are presented in two sections: (a) enumerating the mathematics learning profile groups (latent profiles) and (b) assessing mathematics learning profile differences with respect to distal measures.


4.1. Identifying learning profiles

Table 2 provides model fit statistics for 1-to-10 profile solutions. Overall, fit statistics suggested a five-profile solution provided the best model fit, as indicated by the nonsignificant VLMR-LRT test results for the 6-profile and greater solutions. The BIC, and SABIC, CAIC, and AWE statistics all dropped consistently from 1 to 10, offering no additional evidence. This is common when working with especially large samples (Nylund-Gibson and Choi, 2018). Entropy was highest for the five-and six-profile solutions.



TABLE 2 Model fit statistics for latent profile analysis, by sample and profile solution.
[image: Table2]

Figure 1 presents a visual summary of BIC, SABIC, and CAIC statistics for each of the profile solutions from 1 to 10. The figure shows a significant drop in all three values moving from five to six profiles, and then exhibits diminishing returns thereafter, with little improvement for the 6-to-10 profile solutions. Thus, given the alignment between the VLMR-LRT test results and the visual inspection of the trend in fit statistics, we chose to move forward with the five-profile solution.

[image: Figure 1]

FIGURE 1
 Model fit statistics for latent profile analysis.




4.2. Further articulating learning profiles

Having chosen the 5-profile solution based on the available fit evidence, we next created a conditional means plot to visualize the relative shapes and levels of each profile. Conditional means, adjusting for the classification error for each student, were generated for math self-concept, anxiety, and interest for each of the 5 profiles (see Figure 2). The POMP transformation was applied to allow for comparisons between items measured on different scales.

[image: Figure 2]

FIGURE 2
 Conditional means of math interest, math anxiety, and math self-concept for the preferred five class solution.


Table 3 includes descriptive statistics by profile, along with their sample sizes in parentheses.



TABLE 3 Profile-specific descriptive statistics for latent profile analysis (LPA) indicators.
[image: Table3]

Profiles 1 (3% of sample) and 3 (16% of sample) include students that tended to have higher levels of anxiety and lower levels of self-concept and interest. Profile 1 demonstrated the highest average levels of anxiety (more than 3.50 out of 5 scale points), and profile 3 had the second highest at 3.1 out of 5 points. Compared to Profile 3, Profile 1 had lower levels of both self-concept and interest. Profiles 2 (10% of sample) and 5 (34%) are characterized by lower levels of anxiety and high levels of self-concept and interest. Profile 2 had the lowest level of anxiety (1.70 out of 5) but differing slightly levels of interest (3.70 out of 5) and self-concept (7 out of 7) with profile members having the highest self-concept possible. Students in profile 5 had slightly lower interest (3.10 out of 5) and self-concept (6 out of 7), and higher anxiety than profile 2 (2.20 out of 5). This aligns with prior literature that higher value and control appraisal have negative associations with math anxiety. Profile 4 (37% of sample) represents the largest group in our sample and is characterized by students that had average math interest (2.40 out of 5) with slightly higher anxiety (2.70 out of 5), and higher self-concept (5 out of 7).



4.3. Learning profiles and distal outcomes

We next analyzed the extent to which profile membership might be associated with differential responses on distal variables, including challenge seeking behavior, prior math achievement, and academic stress. Results of this analysis are available in Table 4. Similar to the previous section, we present the conditional mean (or proportion) associated with each outcome. In footnotes, we include all significant pairwise profile differences.



TABLE 4 Estimated profile means and differences in distal outcomes pairwise profile differences on distal variables.
[image: Table4]


4.3.1. Challenge-seeking behavior

Overall, the percentage of students who attempted a challenging math problem ranged from a minimum of 25% in Profile 1 to a maximum of 59% in Profile 2. In a variable-centered analysis, we might hypothesize that challenge-seeking is positively associated with self-concept and interest, and negatively associated with math anxiety. If this holds within-person, then we might expect that students in profiles with high self-concept and low anxiety might demonstrate higher levels of challenge seeking behavior. Our analysis confirms this. For example, Profiles 2 and 5 both have high self-concept and high interest. Although they exhibit slightly different levels of challenge seeking, 59% in Profile 2 and 49% in Profile 5, they have the highest levels of challenge seeking amongst all the profiles. We also found that Profile 4, a profile with medium anxiety, had the next highest levels of challenge seeking, at 40%.



4.3.2. Math prior achievement

Overall, 8th grade math GPA ranged from a minimum conditional mean of 2.19 (out of 4.30) in Profile 1 to a maximum conditional mean of 3.39 in Profile 2. We would expect that math prior achievement would likely relate positively to self-concept and interest, and negatively to anxiety. Thus, we expected that Profiles 2 and 5 might have the highest math prior achievement. Our results confirm this, as Profile 2 exhibited the highest mean prior achievement (this profile also had the highest self-concept and interest). Profile 5 had the second-highest prior achievement.



4.3.3. Academic stress

Overall, academic stress ranged from a minimum conditional mean of 2.76 (out of 5) in Profile 2 to a maximum conditional mean of 3.66 in Profile 1. This is less variation than was observed for math anxiety, which ranged from a minimum of 1.70 in Profile 1 to a maximum of 3.70 in Profile 2. In theory, academic stress should map most closely onto math anxiety, so we hypothesized that students in Profiles 1 and 3 should also have the highest academic stress. Our results confirm this. We found that the profile with the highest academic stress, Profile 1, had high levels of anxiety. Profile 3, the next highest in academic stress, was high for anxiety as well.





5. Discussion

Using an exploratory approach to latent profile analysis and including math anxiety, self-concept, and math interest as indicators, we found significant evidence that extends on previous research on students’ math learning, emotions, and motivation by investigating control-value profiles of students’ math motivation and emotions in a nationally representative sample of more than 16,000 ninth grade students in the United States. We also examined the extent to which student profile membership predicts academic stress and challenge-seeking behaviors, and the relationship between student profile membership and prior math achievement.

Results call for the need to look beyond linear relations among these complex, multifaceted constructs. Several prior studies that analyze both control and value appraisal have found results that do not strictly align with the framework that value appraisal has negative associations with math anxiety (Ganley and McGraw, 2016; Malanchini et al., 2020). Pekrun’s control-value theory (Pekrun, 2006) and much prior research (Ashcraft and Kirk, 2001; Park et al., 2014; Ramirez et al., 2018) find an inverse relationship between math anxiety and math achievement. This is consistent with all profiles found in the NSLM sample. Profiles 1 and 3 included students with lower levels of prior math achievement who reported higher levels of math anxiety. While for the students in profiles 2 and 5 higher math achievement was paired with low math anxiety. Profile 4, the largest profile identified in this study, illustrates the contribution of a within-person approach to examining these constructs. Composing more than 37% of the total sample, and demonstrating medium levels of interest, high levels of self-concept, and medium levels of anxiety, this profile exhibits patterns that are not easily identified in variable-centered analyses testing C-VTAE. This specific profile could well be overlooked or unnoticed in a variable-centered framework.

Math interest is consistently found to have a positive association with achievement (Köller et al., 2001). Interventions that target increasing interest such as utility-value interventions are found to minimize achievement gaps (Harackiewicz et al., 2016). In our study, the two profiles with the highest levels of math interest, Profiles 2 and 5 in Figure 2, also tended to have the highest prior math GPAs. We also found that math interest and math self-concept appeared to mirror each other closely, with profiles that exhibited higher levels of interest also exhibiting higher levels of self-concept, and vice versa. This pattern aligns with results from Wang et al. (2018), which found that students’ math interest and math self-perception (a different but related concept than self-concept), also were very closely related across all eight of their latent profiles.

However, the largest profile in our sample did not exhibit a clear alignment with the framework. Although in prior research, when control and value appraisal are studied together, the negative association between math self-concept and anxiety is stronger when the student’s math value is perceived as higher. This group showed lower math interest than self-concept, which may explain the higher math anxiety. Profiles aligned with theory in predicting whether students would attempt a challenging problem. The differences noted here were the anxiety levels between the two groups. We expected self-concept to relate positively to interest and negatively to anxiety, which aligns with the profiles with highest math self-concept. The research literature demonstrates that math anxiety can have conflicting, and at times unexpected, relationships with students’ math interest and self-concept. For example, as Wang et al. (2015) noted, anxiety can have nonlinear relationships with achievement, often dependent upon students’ motivation; Abín et al. (2020) found using variable-centered methods that the contribution of math anxiety to math achievement may be minimal after accounting for students’ intrinsic interest and utility value. Thus, it is not surprising that a significant portion of the sample demonstrated patterns that may not strictly adhere to theory.

This work furthers the research related to STEM disciplines in that achievement is not the only factor contributing to STEM learning, but psychological and socio-emotional factors have an impact as well. This theme was a key component of a recent report by the National Academies of Sciences, Engineering, and Medicine (2019), and reinforced by Wang et al.’s (2018) latent profile analysis of high school students in Italy, as was well as by Malanchini et al. (2020), which incorporated genetic factors in addition to math motivation, anxiety, and performance. This work also highlights the importance of taking a group centered approach when analyzing these constructs. Similar to Wang et al. (2018), we find distinct multidimensional profiles that characterize students’ interpersonal variability in math anxiety, interest, and self-concept, and that these largely align with students’ performance in mathematics. This research contributes to identifying learning profiles to better understand school and classroom factors and how they can shape achievement, behaviors, and beliefs.


5.1. Limitations and future directions

This work has several limitations that are important to emphasize. First, the profile indicators we used here for student math anxiety and self-concept were responses to a single item on the NSLM survey. We acknowledge that single items are typically not ideal for measuring psychological constructs. However, in this case, given that the NSLM was not primarily designed to assess the constructs we use here (and rather to focus on learning mindsets), we believe that the advantage of having a large, generalizable sample of responses outweighs the drawbacks of only having single item responses. In some cases, single-item measures can be appropriate to measure psychological constructs provided that the item is clearly written, with a clear object and attribute (Bergkvist, 2015). We believe this is the case for the items we use. Given the data collection timeline for NSLM, we used 8th grade math GPA as the indicator of school math performance. Ideally, our measure of performance would come directly from 9th grade, however 8th grade math GPA is likely to strongly correlate with 9th grade math performance. Finally, we want to caution readers that our analysis does not allow for causal inferences, as students are not randomly assigned to classrooms, nor is profile membership exogenous from other unobserved measures that may not be included in this dataset. In addition, all of these measures (except prior math GPA) were collected in the same online session. Therefore, any relationships between profile membership and other student variables should not be seen as causal.

This work also suggests a number of future directions in this area that might be beneficial. For example, it would be important to explore potential differences in profile composition related to gender, minoritized racial and ethnic groups, and socioeconomic status, especially given the longstanding inequities and underrepresentation in STEM (National Science Board, 2021). It is also important to consider a longitudinal perspective, perhaps examining change in student profile membership over time via latent transition analysis or a similar approach. These profiles are likely not static, and as high school students continue to develop there could be both changes in profile membership as well as potential changes in the pattern and structure of the profiles overall. Wang et al. (2021) have begun this work by following middle and high school students over time and mapping the co-development of math anxiety along with control and value appraisals, but more evidence is needed to fully describe how this change process may occur.



5.2. Conclusion

This work builds on and extends prior research on students’ math motivation and emotions in the transition to high school. We found a variety of complex student profiles which conform to many of the tenets of C-VTAE. However, we also found that our largest profile, comprising nearly 40% of the total sample, displayed a pattern of anxiety, interest, and self-concept that did not clearly separate as might be expected. It is possible that this group is made up of students who are relatively average or typical in their levels of these indicators, and as such do not display the separation seen in the other profiles. Nonetheless, this finding is interesting, given the size of the profile and suggests that for many students, the hypothesized relationship between these three constructs may not be as clear. We hope that this work can further elucidate the tenets of C-VTAE in a within-person context while also contributing to a more nuanced and complex understanding of the interplay between student motivation, emotion, and achievement in mathematics.
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