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Abstract: Motivational beliefs are closely related to academic achievement, yet the affective 

processes through which they are associated with performance remain insufficiently specified in 

science education, particularly in subject-specific learning contexts such as Physics. General 

Emotional Engagement (GEE) may represent a relevant affective pathway in this association; 

however, it has rarely been examined as an intervening variable in structural models. In this study, 

we examined whether GEE is statistically associated with the link between motivational beliefs and 

Physics achievement in upper-secondary education. An initial sample of 340 secondary-school 

students completed measures of self-efficacy, expectancy of success, task value, and class-related 

achievement emotions. Two structural equation models were estimated, with socioeconomic status, 

gender, academic year, and academic track included as covariates. In both models, motivational 

beliefs were positively associated with GEE, which was positively associated with course grades; the 

indirect associations through GEE and the direct associations with grades were statistically 

significant. Overall, the findings support the view that emotional engagement may help explain how 

motivational beliefs are associated with achievement in Physics classrooms. Moreover, the 

self-efficacy model showed better fit and greater parsimony than the expectancy–value model, 

suggesting that competence-related beliefs may be more closely aligned with Physics achievement 

during adolescence.  
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1. Introduction  

Adolescence is a developmental period in which students consolidate academic competencies 

that shape subsequent educational and occupational pathways [1]. In Uruguay, upper-secondary 

Physics is especially relevant because it coincides with track choice and with later STEM-related 

pathways. Even modest differences in competence-related beliefs and motivation may translate into 

meaningful differences in grades and subsequent persistence in science-related domains [2‒4]. In 

particular, the subject is often perceived as difficult and is associated with ambivalent or declining 

attitudes toward science among secondary students [5‒7]. It is therefore important to clarify how 

motivational and emotional processes are related to Physics performance. 

Within science education, motivational beliefs are generally assumed to shape achievement over 

time, but the affective processes linking them to subject-specific performance remain unclear. For 

that reason, examining how these beliefs are related to students‟ emotional experience in classroom 

activity is theoretically important. In the introduction, we first outline the theoretical links among 

motivational beliefs, achievement emotions, and engagement, then review the relevant empirical 

literature, identify the major gaps, and finally state the aims and contribution of this study. 

1.1. Theoretical background: Expectancy–value theory and social cognitive theory 

Expectancy–value theory posits that students‟ achievement outcomes are proximally shaped by 

their expectations of success and the value they assign to learning activities. Situated extensions of 

the theory further emphasize that these beliefs are formed within social and institutional contexts, 

which is especially relevant in differentiated upper-secondary settings; in this framework, 

expectancy-related beliefs and task value are theorized to support persistence, effort, and 

achievement, especially as students move into more specialized or tracked programs [8‒12]. A 

parallel line of theorizing is provided by social cognitive theory, which identifies self-efficacy as a 

central belief in students‟ academic functioning [13,14]. Self-efficacy refers to students‟ perceived 

capability to meet domain-specific academic demands and is understood as a core mechanism 

shaping how they interpret tasks, regulate effort, and persist when difficulties arise [15]. These 

effects are especially relevant in Physics, where sustained practice is often required. Because 

self-efficacy is shaped by mastery experiences, modeling, social persuasion, and affective cues, even 

modest differences in perceived capability may accumulate into meaningful differences in 

performance [16]. Although expectancy of success and self-efficacy are related competence-relevant 

beliefs, they are conceptually distinct. Expectancy refers to a relatively outcome-focused prediction 

of how well one will perform on a specific upcoming task, whereas self-efficacy refers to a broader 

judgment of one‟s capability to organize and execute the actions required to meet domain-specific 

demands. This conceptual distinction is one reason the two frameworks are compared under parallel 

conditions in this study, rather than treated as interchangeable. 

Control–value theory (CVT) provides a complementary framework for explaining how 

motivational appraisals give rise to discrete achievement emotions and, in turn, shape academic 
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functioning. Motivational beliefs do not operate in an affect-neutral manner: They are systematically 

intertwined with students‟ academic emotions, which can either facilitate or hinder the translation of 

motivation into sustained engagement and achievement [17,18]. CVT proposes that emotions emerge 

from students‟ appraisals of control (e.g., competence and efficacy) and value (e.g., importance and 

utility), and that these emotions influence cognitive resources, engagement, strategy use, and 

performance [17]. From a CVT perspective, expectancy- and efficacy-related beliefs capture students‟ 

sense of control (i.e., “Can I handle this?”), while task value captures their sense of value (i.e., “Is 

this worth it?”). These appraisals are expected to configure students‟ emotional experiences during 

learning, which then shape the quality and sustainability of their engagement and 

achievement-related behaviors. 

1.2. Conceptualizing emotional engagement as an affective pathway 

Emotional engagement has been conceptualized as a central dimension of students‟ connection to 

learning, complementing behavioral and cognitive engagement [19]. Work further suggests that 

emotional engagement can be understood in terms of activation versus deactivation during learning, 

and that disengagement is not merely low engagement but a qualitatively distinct process [20]. Some 

higher-education studies have likewise modeled academic engagement as an intervening variable 

between motivational beliefs and performance [21].  

However, the conceptual value of emotional engagement as a meaningful variable depends on 

how it is conceptualized and measured: If it is treated as an undifferentiated affective composite, it 

may blur important differences among emotions that stem from different appraisal patterns and may 

relate differently to students‟ functioning. A more precise approach is to conceptualize emotional 

engagement in terms of discrete class-related achievement emotions [22] and represent their shared 

variance in an integrated measurement model. Understood in this way, the General Emotional 

Engagement (GEE) construct used here differs from the broad emotional-engagement indices 

common in engagement research, which typically rely on a small set of global items (e.g., interest or 

enjoyment of school). Rather than treating emotional engagement as a single undifferentiated rating, 

we model it as the variance shared across eight discrete class-related achievement emotions that, 

within Control–Value Theory, arise from students‟ control and value appraisals [17]. A hierarchical 

(third-order) specification was adopted rather than a purely valence-based representation because, in 

this framework, achievement emotions are differentiated not only by valence but also by 

activation [17,22]; a single positive–negative dimension would therefore not fully capture their 

structure. We retained a higher-order rather than a bifactor representation because our primary 

interest was in the common affective involvement that these emotions share in the Physics classroom 

while enabling each emotion to retain its content. The third-order factor captures this shared affective 

involvement, the second-order factors capture broader positive and negative dimensions, and the 

first-order factors retain the discrete emotions. Standardized factor loadings and residual variances 

for both structural models are summarized in the Results, and the full hierarchical measurement 

structure is described in Supplementary Material 1. 

From this perspective, emotional engagement can be understood as students‟ affective 

involvement in learning activities, reflected in a predominance of positive activating emotions 

and relatively low levels of negative emotions associated with withdrawal or disengagement 

tendencies [23]. Reviews converge with this account by showing that enjoyment is typically linked 
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to adaptive motivational and self-regulatory processes, whereas boredom and hopelessness are linked 

to reduced effort and disengagement [24‒26]. 

1.3. Motivation, engagement, and achievement: Expectancy–value beliefs and self-efficacy 

Expectancy–value beliefs and self-efficacy have been consistently linked to sustained effort, 

engagement, and achievement, supporting the broader claim that motivational beliefs matter for 

academic functioning. Self-efficacy is reliably associated with more adaptive learning behaviors and 

higher achievement [21,27], and Latin American evidence likewise suggests that it is meaningfully 

tied to adolescents‟ school adjustment [28‒30]. In parallel, research in science education has 

increasingly emphasized that motivation and emotions are jointly implicated in students‟ 

participation and achievement. For example, a large SEM study with Chilean and Spanish secondary 

students showed that motivational variables predicted boredom and enjoyment in science classes, 

and that these emotions in turn helped explain engagement toward science studies, supporting the 

view that affective classroom experience is not merely concomitant to motivation but part of the 

process through which it becomes educationally consequential [31]. Evidence also suggests that 

emotions may not simply accompany motivated learning, but may help explain how motivational 

beliefs are reflected in achievement. In a mathematics study, Butkienė et al. [32] found that positive 

classroom-related emotions consistently mediated the associations between several motivational 

beliefs and achievement, whereas negative emotions showed a more limited mediating role. 

Although that study was conducted in mathematics and within a broader expectancy–value 

framework, it still supports examining emotions as explanatory pathways rather than treating them 

only as correlates of academic outcomes. The literature further indicates that positive achievement 

emotions tend to relate positively to academic outcomes, whereas negative emotions tend to relate 

negatively [24,33‒35]. 

Even so, these pathways have been less consistently supported when they are tested through 

intervening processes. Emotional engagement is a theoretically coherent candidate because it links 

control and value appraisals with how students actually participate in school. However, studies 

remain limited and often rely on broad affective indices, making it unclear whether 

expectancy–value constructs and self-efficacy show comparable or distinct relations with emotional 

engagement and achievement when tested under parallel conditions.  

1.4. Research gaps 

There are two major gaps in the literature on motivational–emotional pathways to achievement 

that are especially relevant for secondary-school Physics. 

First, emotional engagement is often operationalized through broad affective composites that 

obscure differences among class-related achievement emotions. This is especially problematic in 

Physics, where participation and performance are shaped by the interplay between perceived 

competence, task value, and the emotional demands of cumulative and evaluative content. Work has 

shown that emotions influence learning in Physics instruction, relate to retention in the Physics track, 

and matter for how students make sense of science learning experiences [36‒38]. However, few 

researchers have tested structural models in which motivational beliefs are linked to performance 

partly through a hierarchically defined emotional engagement factor aligned with CVT. 

Second, few researchers have directly compared alternative motivational perspectives on 
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competence-related beliefs within the same structural framework to examine whether they yield 

convergent or differential patterns of association with achievement in Physics. This is relevant 

because competence-related beliefs in Physics are tied not only to current grades but also to students‟ 

broader positioning within the subject. Whitcomb et al. [39] showed that self-efficacy develops 

alongside interest, identity, belonging, and perceived recognition, whereas Basileo et al. [40] found 

that self-efficacy showed the strongest association with achievement and mediated the link between 

motivation and grades across two school subjects. Work with secondary-school students continues to 

document close associations between students‟ motivational beliefs and their achievement emotions, 

with such emotions in turn relating to academic engagement [41,42]. Together, these studies suggest 

that competence beliefs may be especially proximal to achievement, but this issue needs to be tested 

in subject-specific models that incorporate students‟ emotional experience during classroom learning. 

These gaps are particularly relevant in Latin American contexts, where evidence on 

motivational–emotional pathways to achievement is limited. Emerging regional work suggests that 

achievement emotions are meaningfully associated with academic outcomes and may also shift 

alongside instructional interventions, underscoring the practical value of examining emotions as 

theoretically relevant mechanisms rather than merely as correlates [43]. 

1.5. This study 

To address these gaps, we use a sample of upper-secondary students from Maldonado, Uruguay, 

and examine Physics performance as the main outcome. Using structural equation modeling, we 

compare two models in which GEE functions as an intervening variable linking motivational beliefs 

and achievement (Figure 1). One model evaluates expectancy and task value as predictors of GEE 

and performance; the other evaluates self-efficacy as a predictor of GEE and performance. This 

design enables a direct comparison of two motivational frameworks under parallel conditions. In 

both models, key sociodemographic and schooling covariates are incorporated as predictors of the 

motivational constructs, reflecting the known contextual patterning of motivation and achievement in 

secondary education [8,10]. We hypothesize that, in the expectancy–value model (H1), expectancy 

and task value will be positively associated with GEE and Physics performance, and that GEE will 

be positively associated with Physics performance. We further hypothesize (H2) that part of the 

association of expectancy and task value with Physics performance will be statistically represented 

through GEE. In the self-efficacy model (H3), self-efficacy will be positively associated with GEE 

and Physics performance, and GEE will be positively associated with Physics performance. We 

further hypothesize (H4) that part of the association between self-efficacy and Physics performance 

will be statistically represented through GEE. 

This study makes three major contributions. First, we operationalize Emotional Engagement as a 

third-order latent factor grounded in discrete AEQ emotions, offering a CVT-consistent alternative to 

broad affective composites. Second, we directly compare self-efficacy and expectancy–value 

frameworks under parallel SEM conditions. Third, we add evidence from a Uruguayan 

secondary-school context, helping address the geographic imbalance in this literature and offering a 

model with potential relevance for school-based identification and intervention in Latin America. 

Together, these contributions frame the study as a theory-informed test of how motivational beliefs 

are related to achievement through students‟ emotional involvement in classroom learning. 
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a. EV Model 
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Figure 1. Hypothetical models tested. 

2. Method 

2.1. Participants 

Using nonprobability convenience sampling, we recruited 340 upper-secondary students aged 15 

to 18 years from Maldonado, Uruguay (M = 16.48, SD = 0.96), of whom 191 (57.4%) were boys and 

142 (42.6%) were girls. Regarding age distribution, 60 (18.0%) were 15 years old, 106 (31.8%) were 

16, 115 (34.5%) were 17, and 52 (15.6%) were 18. In terms of socioeconomic status, 105 (31.5%) were 

classified as low, 111 (33.3%) as medium, and 117 (35.1%) as high.  

Because curricular track enrollment is a key feature of Uruguayan upper-secondary schooling, we 

harmonized students‟ programs into four comparable categories for analyses. In this sample, 56 

(16.8%) were enrolled in a non-specialized track, whereas 45 (13.5%) were in Art and Design, 102 

(30.6%) in Biosciences, and 130 (39.0%) in the Scientific-Technological track. 

2.2. Instruments 

2.2.1. Sociodemographic questionnaire 

A questionnaire was administered to collect participants‟ sociodemographic information, such as 

gender, academic year, curricular track, and school shift, among other variables, and it included a 

short version of the Socioeconomic Status Index comprising the following indicators: family 



808 

 

STEM Education  Volume 6, Issue 5, 802–825 

composition and educational level, health insurance provider, household income earners, housing 

condition and tenure, and household amenities [44]. Items were collected using direct, 

fixed-response questions; for example: “How many people usually live in this household (excluding 

domestic service)?”, “How many household members receive income (from any source)?”, “How 

many bathrooms does the dwelling have?”, and “Does the household have air conditioning? If yes, 

indicate how many.” 

2.2.2. Achievement emotions questionnaire 

The Uruguayan shortened version of the Achievement Emotions Questionnaire [45] used in this 

study consisted of 32 items rated on a five-point Likert scale, assessing eight class-related achievement 

emotions: enjoyment, pride, hope, shame, anger, anxiety, hopelessness, and boredom (four items per 

emotion); sample items included “I enjoy being in class” and “I feel nervous in class”. For the 

emotional engagement measure, reliability was excellent based on polychoric correlations (ω = .98), 

with a substantial share of reliable variance attributable to the general factor (ωH = .76), consistent 

with the third-order hierarchical specification used to derive this variable. 

2.2.3. Expectancy of success scale 

An initial pool of ten items intended to measure expectancy of success was compiled from prior 

research using study-specific expectancy measures [8,12,46], mostly without reporting psychometric 

validation evidence. Item selection was refined through a pilot study. Two items shared by Carol 

Brown and David Putwain via personal communication were dropped because their removal 

improved psychometric functioning, and one reverse-coded item from Hulleman et al. [46] was 

removed because it generated confusion. The final version comprised four items: Two originating 

from Wigfield and Eccles [12], who used the label expectancy, for example “How well do you expect 

to do in Physics this year?”, and two of the three items used by Hulleman et al. [46] to assess 

performance expectations, for example “I think I‟ll do well on the following sets of problems”. 

Responses were given on a seven-point Likert scale, and the scale showed good internal consistency 

in this sample (α = .83, ω = .83). 

2.2.4. Motivated strategies for learning questionnaire 

To assess task value and self-efficacy, we used 13 items from two subscales from the adaptation 

by Curione et al. [47] of the abbreviated version of the Motivated Strategies for Learning 

Questionnaire [27], given that this instrument has been validated in Uruguayan university students. 

The task value subscale comprised seven items tapping primarily the extent to which students 

perceived Physics as interesting, useful, and important (e.g., “It is important for me to learn the 

material in this course”; “I think what I am learning in this course is useful for me to know”), but it 

did not include items assessing perceived cost, which is commonly considered part of the broader 

task value construct in expectancy–value theory. The self-efficacy subscale comprised six items (e.g., 

“My study skills are excellent compared with other students in this course”). In the present sample, 

internal consistency was adequate (task value: α = .92, ω = .92; self-efficacy: α = .86, ω = .86). Items 

were rated on a 7-point Likert-type scale (1–7). In Curione et al.‟s [47] validation study, the reported 

coefficients were α = .83 for task value (labeled intrinsic value in that study) and α = .63 for 

self-efficacy. 
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2.2.5. Physics performance 

Physics performance was operationalized as the grade obtained in each student‟s last individual 

Physics assessment; grades from assessments completed in groups were not used because they 

complicate attribution of outcomes to individual students and may be distorted by group processes 

such as unequal participation and social loafing [48]. Grades were recorded on the Uruguayan 1–12 

scale, where 6 is the minimum sufficiency grade. In this sample, performance was relatively high (M 

= 8.68, SD = 2.71) and showed negative skewness (skewness = −0.999), with approximately 90% of 

grades falling within the sufficiency range (6–12). This distribution aligns with patterns observed 

under grade inflation scenarios, which is a well-documented concern in many Western education 

systems, as it can distort incentives and introduce grading biases that prioritize immediate 

satisfaction over evidence of durable learning [49]. Twelve values were missing for this variable. 

Operationalizing achievement through a single teacher-assigned grade has known limitations for 

reliability, comparability across classrooms, and construct validity, because grades reflect not only 

demonstrated learning but also teacher-specific criteria, weighting, and grading standards. The 

negatively skewed distribution noted above was consistent with these concerns. We therefore treated 

the grade as an institutionally meaningful but imperfect indicator of Physics achievement and return 

to its limitations in the Limitations section. 

2.3. Procedure 

Meetings were held with the principals of each educational institution to present the research, the 

instruments, and to explain the ethical aspects. After school authorization, informed consent forms 

were distributed through classroom teachers to parents or legal guardians. Participation was voluntary, 

anonymity and responsible data use were assured, and the protocol had prior approval from a research 

ethics committee. Data were collected in classrooms using students‟ cellphones. Sociodemographics 

and psychological variables were assessed in August, and Physics grades were later obtained from 

teachers between October and November. This temporal separation meant that the motivational and 

emotional measures preceded the outcome by roughly two to three months. Although this ordering 

did not establish causality, it was consistent with the assumed direction of association, from earlier 

motivational and emotional appraisals to later graded performance, and reduced the likelihood that 

grades obtained at the end of the term shaped students‟ reports of their beliefs and emotions 

measured at the beginning. 

2.4. Data analysis 

Outlier detection combined three complementary procedures: univariate z-scores, with a cutoff of 

|z| > 3.29, as suggested by Tabachnick and Fidell [50], visual inspection of scatterplots to identify 

bivariate irregularities, and Mahalanobis distance for detecting multivariate outliers, using a 

significance level of p < .001 following recommendations from Pérez and Medrano [51]. Applying 

these criteria led to the removal of seven outlying cases; therefore, after excluding the twelve 

students with missing data on the outcome variable, as noted in the previous section, the final 

analytic sample consisted of 321 participants, which was a reasonable and sufficient sample size for 

the purposes of the study [52]. Missing data were confined to the Physics grade (12 cases, 3.7% of 

the cleaned sample). Because missingness affected only the outcome variable and was limited in 
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extent, these cases were excluded listwise, the default treatment under the WLSMV estimator. 

Preliminary comparisons indicated that students with and without an available grade did not differ 

systematically on the focal motivational predictors, which was consistent with an at-random 

missingness pattern; nonetheless, the absence of an end-of-term grade for a small number of students 

was acknowledged as a limitation. Multicollinearity among the predictors was also examined: 

Variance inflation factors ranged from 1.00 (GEE) to 2.63 (expectancy of success), with all 

tolerances ≥ .38. These values were well below conventional cutoffs, and the models converged 

without estimation problems, indicating no evidence of problematic collinearity among the 

motivational and covariate predictors. 

Both models were estimated in Mplus within a structural equation modeling framework. Because 

the Achievement Emotions Questionnaire indicators were specified as ordered categorical items, 

models were estimated using the weighted least squares mean- and variance-adjusted estimator 

(WLSMV). We used Theta parameterization, which is appropriate when categorical measurement 

models require direct modeling of residual variances [53,54]. Following standard practice, we 

estimated the hierarchical CFA for GEE within SEM to obtain model-based scores for the latent 

constructs and to preserve the measurement structure while estimating the hierarchical model [55] 

(see Supplementary Material 1). Structural relations were tested using a mixed approach; GEE was 

estimated from its ordinal item indicators, whereas Physics performance and the remaining variables 

in the structural models were included as observed variables, using previously computed scale scores 

when applicable. Given the hierarchical measurement model and the number of structural paths, the 

number of iterations was set to 20,000 to support stable convergence.  

Model evaluation relied on standard global fit indices for categorical SEM, including the 

comparative fit index (CFI), Tucker–Lewis index (TLI), root mean square error of approximation 

(RMSEA), and the weighted root mean square residual (WRMR). Following commonly used 

conventions [56], RMSEA values < .08 were interpreted as indicating acceptable fit, whereas CFI and 

TLI were considered acceptable when > .90. Structural models were compared primarily on the basis 

of overall fit, parsimony, and the plausibility and magnitude of key structural coefficients. To 

diagnose localized misfit, we inspected modification indices and evaluated a minimally adjusted 

specification enabling theoretically plausible residual covariances. 

Sociodemographic and schooling covariates (socioeconomic status, gender, academic track, and 

academic year) were incorporated as exogenous predictors of the focal motivational constructs, 

consistent with the conceptualization of these variables as distal contextual determinants of 

motivational beliefs and engagement. 

Indirect effects were tested for the final model specifications as product-of-coefficients effects, 

with standardized estimates, standard errors, and 95% confidence intervals reported (delta-method 

confidence intervals, as bootstrap resampling was not available with the WLSMV estimator). A 

Monte Carlo simulation study estimated the expected statistical power to detect the hypothesized 

indirect effects using the same categorical SEM estimation framework and a sample size of 321. 

Results (see Supplementary Material 2) indicated acceptable parameter recovery, with moderate 

power for indirect effects in the expectancy–value model and higher power in the self-efficacy model. 

Because these estimates were based on the hypothesized baseline specifications, they did not 

incorporate the residual covariances introduced in the final adjusted models. 
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3. Results 

3.1. Expectancy‒value model 

The baseline model showed insufficient fit (CFI = .886, TLI = .879, RMSEA = .076, 90% CI 

[.072, .079], WRMR = 1.847). To address localized misfit, we tested a minimally adjusted 

specification by freeing two residual covariances in the third-order measurement model: enjoyment 

with boredom, and shame with anxiety. These associations were considered theoretically plausible 

because the paired emotions shared overlapping classroom-related content beyond the variance 

captured by the higher-order factors. Within Control–Value Theory, enjoyment and boredom were 

opposing activating–deactivating responses to the same ongoing classroom activity, so they tended to 

share method- and situation-specific variance (e.g., the same lessons and tasks evaluated as engaging 

vs. tedious). Likewise, shame and anxiety were negative, partly self-referential emotions evoked by 

evaluative and performance-related situations, and their items referred to closely related appraisals of 

threat and inadequacy. Enabling these two residual covariances therefore reflected local content 

overlap among specific emotion pairs rather than a substantive change to the hypothesized structure; 

no others were freed. These were also the only two residual covariances flagged by the modification 

indices, so freeing them was supported on both theoretical and empirical grounds. With these 

included, fit improved to acceptable levels (CFI = .920, TLI = .914, RMSEA = .064, 90% CI 

[.060, .068], WRMR = 1.591). The structural portion of the model accounted for 18.0% of the 

variance in Physics performance. Standardized estimates were coherent with the hypothesized 

structure, and the major structural relations were statistically significant (see Table 1 and Figure 2). 

Table 1. Statistics from the EV model paths. 

Path b β S.E. z p 

Expectancy → Emotional Engagement .461 .489 .044 5.54 < .001 

Task Value → Emotional Engagement .330 .405 .048 4.97 < .001 

Expectancy → Performance .224 .120 .041 2.82 .005 

Task Value → Performance .236 .147 .045 3.16 .002 

Emotional Engagement → Performance .530 .268 .081 3.11 .002 

Note. b = unstandardized coefficient; β = standardized coefficient; S.E. = standard error 

(for the standardized estimate). 
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Note. * p < .05, ** p < .01, *** p < .001. Paths from covariates are displayed but not labeled to preserve figure 

readability. Academic track was entered through three dummy-coded contrasts; full standardized coefficients 

and p values for all covariate effects are reported in Table 2. 

Figure 2. Path diagram of EV model with standardized coefficients. 

With respect to the major pathways, expectancy and task value were positively associated with 

GEE, and GEE was positively related to Physics performance. Expectancy and task value also 

retained direct positive associations with performance, indicating that students with higher scores on 

these beliefs tended to obtain higher grades. The indirect associations of expectancy and task value 

with Physics performance through GEE were statistically significant (expectancy: β = .131, 95% CI 

[.053, .209]; task value: β = .108, 95% CI [.041, .175]). These results indicated that part of the 

association of each motivational belief with grades was statistically represented through GEE. 

Regarding covariates, socioeconomic status, gender, and academic year were not significantly 

associated with either expectancy or task value (see Table 2). For academic track, Arts and Design 

was associated with lower expectancy and tended to be associated with lower task value, while 

Scientific-Technological was associated with higher task value; the remaining academic track 

contrasts were not statistically significant.  

Table 2. Standardized associations of covariates with expectancy and task value. 

Predictor Expectancy β p Task Value β p 

Socioeconomic status .019 .758 .014 .807 

Gender .037 .611 .026 .659 

Academic year .110 .194 .089 .223 

Track: Biosciences −.091 .465 .037 .714 

Track: Scientific-Technological .107 .382 .257 .007 

Track: Arts and Design −.184 .027 −.117 .089 

Note. β = standardized coefficient. Academic track coefficients represent contrasts relative 

to the reference category, „General track‟. 

3.2. Self-efficacy model 

Consistent with the previous model specification, we estimated this model enabling the same two 

theoretically plausible residual covariances (enjoyment with boredom; shame with anxiety). The 
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model showed acceptable global fit (CFI = .942, TLI = .939; RMSEA = .056, 90% CI [.052, .059]; 

WRMR = 1.449), accounting for 17.3% of the variability in Physics performance. Standardized 

estimates indicated a well-specified model, and the key structural paths were statistically significant 

(see Table 3 and Figure 3). 

Table 3. Statistics from the SE model paths. 

Path b β S.E. z p 

Self-Efficacy → Emotional Engagement .443 .541 .066 4.45 < .001 

Self-Efficacy → Performance .249 .137 .046 2.90 .004 

Emotional Engagement → Performance .724 .326 .076 4.17 < .001 

Note. b = unstandardized coefficient; β = standardized coefficient; 

S.E. = standard error (for the standardized estimate) 

 

 

Note. * p < .05, ** p < .01, *** p < .001. Paths from covariates are displayed but not labeled to preserve figure readability. 

Academic track was entered through three dummy-coded contrasts; full standardized coefficients and p values for all 

covariate effects are reported in Table 4. 

Figure 3. Path diagram of the SE model with standardized coefficients. 

In this model, higher self-efficacy was associated with higher general emotional engagement. 

Additionally, GEE was positively associated with Physics performance. Self-efficacy also showed a 

direct positive association with Physics performance, indicating that students who felt more 

efficacious tended to obtain higher grades in Physics. The indirect association between self-efficacy 

and Physics performance through GEE was also statistically significant (β = .176, 95% CI 

[.082, .270]), indicating that part of this association was statistically represented through emotional 

engagement. 

With respect to the covariates predicting self-efficacy in this model, socioeconomic status, 

academic year, and gender were not statistically significantly associated with self-efficacy (see Table 

4). For academic track, Arts and Design tended to be associated with lower self-efficacy, whereas 

Scientific-Technological was marginally associated with higher self-efficacy; the remaining 

academic track contrasts were not statistically significant.  
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Table 4. Standardized associations of covariates with self-efficacy. 

Predictor β p 

Socioeconomic status .037 .663 

Gender .025 .788 

Academic year .107 .337 

Track: Biosciences .016 .920 

Track: Scientific-Technological .253 .095 

Track: Arts and Design −.203 .061 

Note. β = standardized coefficient. Academic track coefficients represent 

contrasts relative to the reference category, „General track‟. 

3.3. Model comparison 

Both structural equation models provided an acceptable representation of the data (Table 5). Fit 

indices indicated that the SE specification captured the covariance structure somewhat more closely. 

Differences in explanatory power, however, were modest: The EV model accounted for a slightly 

larger proportion of variance in Physics performance, whereas the SE model achieved comparable 

explained variance under a more parsimonious parameterization (i.e., fewer freely estimated 

parameters). Taken together, the results suggested a modest trade-off between explained variance and 

overall model fit. 

Table 5. Structural equation models for predicting Physics performance. 

Model k χ² df χ²/df RMSEA 
RMSEA 90% 

CI 
WRMR CFI TLI R² 

EV 201 1954.5 829 2.36 .064 [.060, .068] 1.591 .920 .914 .180 

SE 191 1612.6 795 2.03 .056 [.052, .059] 1.449 .942 .939 .173 

Note. k = number of freely estimated parameters; df = degrees of freedom; R² indicates the proportion of 

variance explained in the dependent variable (Physics performance). 

 

The indirect pathways through GEE were statistically significant in both models and 

comparable in magnitude, with the self-efficacy pathway somewhat larger than the 

expectancy and task-value pathways (Table 6). This convergence indicates that GEE operated 

as a statistically relevant intervening variable under both motivational specifications, rather 

than being tied to a particular set of competence- or value-related beliefs. 
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Table 6. Standardized indirect effects through general emotional engagement. 

Model Indirect path β S.E. 95% CI p 

EV Expectancy → GEE → Performance .131 .040 [.053, .209] .001 

EV Task value → GEE → Performance .108 .034 [.041, .175] .001 

SE Self-efficacy → GEE → Performance .176 .048 [.082, .270] < .001 

Note. β = standardized indirect (product-of-coefficients) effect; S.E. = standard error; CI = 

delta-method confidence interval. GEE = General Emotional Engagement; EV = expectancy–value 

model; SE = self-efficacy model. 

 

The hierarchical measurement model for GEE was essentially equivalent across the two 

specifications. In both models, standardized first-order loadings of the Achievement Emotions 

Questionnaire items on the eight emotion factors were substantial (range .61–.95), the second-order 

loadings of the emotion factors on the positive and negative valence dimensions were high 

(range .76–.92), and the third-order loadings defining GEE as a positive-versus-negative contrast 

were .80 (EV) and .76 (SE) in absolute value. Residual variances of the latent factors ranged 

from .16 to .58 in the EV model and from .16 to .71 in the SE model (Table 7). These values 

described the measurement model before the two residual covariances (between enjoyment and 

boredom and between shame and anxiety) were freed; as noted above, those were the only 

covariances indicated by the modification indices and were added in the final structural models 

reported here. 

Table 7. Summary of the hierarchical measurement model for general emotional 

engagement in each structural model. 

Parameter EV model SE model 

First-order loadings (range) .62–.95 .61–.95 

Second-order loadings (range) .76–.92 .76–.92 

Third-order loadings (|λ|) .80 .76 

Residual variances of latent factors (range) .16–.58 .16–.71 

Note. Values are completely standardized estimates from the hierarchical measurement model estimated within each 

structural model, before enabling the enjoyment–boredom and shame–anxiety residual covariances. First-order loadings 

refer to items on the eight emotion factors; second-order loadings to emotion factors on the positive and negative valence 

dimensions; and third-order loadings to the two valence dimensions on GEE, specified as a bipolar contrast. All loadings 

were significant at p < .001. EV = expectancy–value model; SE = self-efficacy model. 

4. Discussion 

In this study, we compared two theoretically motivated SEMs, an expectancy–value (EV) 

specification and a self-efficacy (SE) specification, to predict Physics course grades, while 

examining emotional engagement as a potential intervening variable. Both models were supported by 

the data, but the SE specification showed the better combination of fit and parsimony, suggesting that 



816 

 

STEM Education  Volume 6, Issue 5, 802–825 

competence-related beliefs may be especially proximal to graded performance in Physics. This 

interpretation is consistent with evidence suggesting that emotions can mediate the association 

between motivational beliefs and achievement [32]. More specifically, our findings align with 

science education research suggesting that emotions are not peripheral to science learning, but part of 

the processes through which students sustain attention, remain involved, and make sense of 

disciplinary activity. For example, Valdesolo et al. [57] argued that emotions such as awe can 

stimulate explanation and exploration in science learning, and Yonai and Blonder [58] showed that 

emotion induction in authentic science-learning environments can shape students‟ engagement with 

scientific activity. In light of this literature, our results suggest that emotional engagement in Physics 

classrooms is not merely an affective by-product of instruction, but one pathway through which 

motivational beliefs may be linked to academic performance. 

Overall, the results supported the expected indirect-pathway pattern. In the EV model, 

expectancy and task value were positively associated with GEE and Physics performance, and GEE 

was positively associated with performance; direct paths from expectancy and task value to 

performance also remained significant. In the SE model, self-efficacy was positively associated with 

GEE and performance, and GEE was positively associated with performance. The paths from GEE to 

performance were stronger than the direct paths from the motivational beliefs to performance, 

suggesting that emotional engagement may be a more proximal pathway to achievement in the 

modeled system. Together with the statistically significant indirect effects reported above, this 

pattern is statistically consistent with partial mediation: Motivational beliefs were associated with 

grades directly and indirectly through students‟ emotional engagement. Because the design is 

non-experimental, however, these indirect effects are best understood as statistical pathways 

compatible with the proposed model rather than as evidence of a causal mediating mechanism. 

From this perspective, the stronger fit and greater parsimony of the SE model suggest that 

competence-related beliefs may be more closely aligned with graded performance than broader 

expectancy–value appraisals in this context. This pattern is also broadly consistent with 

meta-analytic evidence in science education showing that self-efficacy displays stronger associations 

with science achievement than other attitudinal components, such as interest or perceived societal 

relevance [59]. In Physics classrooms, where success often depends on sustained work across 

cumulative content, capability judgments may be especially close to the processes that translate into 

grades. This interpretation is consistent with social-cognitive accounts in which self-efficacy shapes 

how students approach task demands, regulate effort, and persist under challenge. It is also 

compatible with evidence showing that self-efficacy can occupy a central place within motivational 

systems tied to achievement [39,40]. 

The EV results also indicate that expectancy and task value were not redundant, as both retained 

unique positive links with course grades alongside their associations with GEE. This does not mean 

that task value is theoretically secondary. Rather, it suggests that value may be expressed more 

clearly in outcomes that are not fully captured by a single-term grade, such as sustained study 

investment, persistence after setbacks, or intentions to continue in Physics.  

Beyond the focal motivational predictors, the covariate results draw attention to the role of 

context, particularly academic track. Track differences are more plausibly interpreted as contextual 

markers of curricular exposure, peer composition, and institutional expectations than as indicators of 

intrinsic student differences. This reading is consistent with evidence that track placement can shape 

later educational trajectories even in systems oriented toward equal opportunity [3]. 
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4.1. Expectancy‒value, emotional engagement, and academic achievement 

Within expectancy-value theory, task value is context-sensitive, so its effects may appear more 

clearly in effort, engagement, and choice than in grades alone [10]. This is compatible with science 

education findings showing that motivation and emotions are jointly implicated in students‟ 

engagement with science classes [31]. In this study, we extend that literature in two major ways. First, 

whereas much of the available science education research has examined emotions as parallel 

correlates of engagement, persistence, or science participation, our models tested emotional 

engagement as an intervening variable linking motivational beliefs with achievement in a 

subject-specific context. Second, by modeling emotional engagement as a higher-order construct 

based on discrete achievement emotions, the study offers a more differentiated alternative to broad 

positive-versus-negative affect indicators that are common in science education research. In that 

sense, the study contributes to science education not only by showing that emotions matter in Physics, 

but also by proposing a theoretically grounded way of modeling their role. 

In our analyses, expectancy and task value were meaningfully related to students‟ emotional 

engagement in Physics, suggesting that their evaluations of the subject are reflected in how 

affectively involved they feel during classroom activity. Emotional engagement was positively 

associated with course grades, indicating that affectively engaged participation may help support the 

attention, persistence, and strategic effort that accumulate into performance across the term. In other 

words, students‟ evaluations of Physics may matter not only as cognitive judgments about usefulness 

or expected success, but also because they are reflected in the emotional quality of classroom 

participation, willingness to remain involved under challenge, and sustained engagement with 

disciplinary activity.  

4.2. Self-efficacy, emotional engagement, and academic achievement 

The model-comparison results also suggest that emotional engagement can be understood as a 

meaningful pathway through which competence beliefs are linked to achievement. Within 

social-cognitive and self-regulated learning accounts, self-efficacy is expected to shape effort, 

persistence, and responses to difficulty, thereby supporting more engaged participation and higher 

performance. Self-efficacy was directly related to performance and associated with emotionally 

engaged involvement during Physics learning. 

This interpretation is also compatible with control–value theory: Stronger competence appraisals 

tend to co-occur with more adaptive emotional experiences, which can support self-regulation and 

achievement. In Physics, where students must often work through cumulative and conceptually 

demanding content, such appraisals may be especially relevant to whether challenge is experienced 

as manageable rather than discouraging.  

4.3. Implications for classroom practice 

If self-efficacy is relatively close to graded performance and partly operates through emotional 

engagement, classroom practice can target competence beliefs and students‟ day-to-day emotional 

experience in Physics. This implies designing classrooms that are intellectually demanding and 

emotionally sustainable. Instruction should communicate relevance and challenge while helping 

students build confidence in their ability to engage successfully with Physics tasks. Effective Physics 
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instruction therefore needs to be not only cognitively demanding, but also emotionally sustainable. 

This point also helps clarify the study‟s relevance for science education beyond the local setting. 

International discussions in the field have increasingly emphasized that science learning depends not 

only on conceptual demand and instructional design, but also on whether students experience science 

as intelligible, worthwhile, and emotionally engaging. Our findings contribute to that discussion by 

suggesting that, in secondary-school Physics, emotionally sustainable classroom experiences may be 

one way in which motivational resources are translated into achievement. This interpretation is in 

line with intervention-based evidence from secondary chemistry showing that more participatory 

instructional formats can sustain higher positive emotions and lower negative emotions over time 

than conventional paper-and-pencil practice [60]. For Physics teaching specifically, this pattern 

suggests that instructional decisions should attend not only to the conceptual difficulty of the content 

but also to the emotional quality of classroom work. Because emotional engagement statistically 

carried part of the association between competence beliefs and grades, instructional approaches that 

help students experience demanding Physics tasks as manageable and worthwhile, rather than merely 

hard, may be especially consequential for sustained participation and, potentially, for persistence in 

the Physics track and related STEM pathways. This reading is consistent with school-based evidence 

that deliberately supporting students‟ engagement and emotional well-being can strengthen, rather 

than compete with, academic functioning [61]. 

To support self-efficacy, instruction can be designed to provide repeated mastery experiences: 

Tasks can be sequenced so students experience early success and then gradually face greater 

difficulty; formative checks and clear success criteria can reduce uncertainty; and worked examples 

or guided practice can help prevent early failure cycles that undermine confidence. Because grading 

can heighten pressure, learning-oriented assessment practices, such as low-stakes opportunities, 

revision options, and feedback-oriented rubrics, may also help protect efficacy and engagement. 

Emotional engagement can be supported by making Physics content feel meaningful and by 

organizing participation so students are active contributors; for example, through peer instruction, 

prediction–observation–explanation routines, or brief collaborative sensemaking tasks. More 

concretely in Physics, this might involve inquiry-based and hands-on laboratory activities in which 

students design simple experiments, record measurements, and confront the gap between predictions 

and observed results; problem-solving scaffolds such as worked examples that fade into guided and 

then independent practice on kinematics or electricity problems; and routines that connect abstract 

formalisms to tangible phenomena (e.g., relating force diagrams to everyday motion). Such activities 

can sustain enjoyment and curiosity while reducing the anxiety and boredom often associated with 

cumulative, equation-heavy content. These strategies matter not because they motivate students in a 

generic sense, but because they can make Physics more intelligible, agentic, and emotionally 

sustainable. For classrooms and tracks in which Physics is experienced as more distant or less central, 

pairing mastery-structured tasks with relevance-building prompts and frequent formative feedback 

may be especially useful. 

4.4. Limitations and future directions 

Several limitations should be acknowledged. Motivational beliefs and achievement emotions 

were assessed in August, whereas Physics grades were obtained between October and November. 

Although this ordering is compatible with the proposed direction of association, the 
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non-experimental design does not permit causal claims. Accordingly, the significant indirect effects 

should be interpreted as statistical pathways compatible with the proposed model, rather than as 

evidence that motivational beliefs causally affect grades through emotional engagement. The Monte 

Carlo results (Supplementary Material 2) further suggest that the indirect effects in the 

expectancy–value model, in particular, should be interpreted with caution, given the moderate 

statistical power estimated for these paths. In future studies, researchers should examine reciprocal 

relations over time and incorporate classroom-level variation in instructional practices. 

In addition, because all psychological constructs were measured through self-report, some 

associations may partly reflect a shared method source. Researchers could strengthen validity 

through multimethod designs, including behavioral indicators, teacher ratings, or performance-based 

assessments. Moreover, because grades represent only one achievement indicator, researchers should 

examine whether expectancy–value variables show stronger incremental validity for outcomes more 

proximal to value, such as elective continuation, sustained study time, persistence intentions, and 

course choices. 

Finally, because the sample was drawn from a specific geographical area of Uruguay and 

recruited through nonprobability convenience sampling, the generalizability of the findings is limited. 

Because schools and students were not randomly selected, the sample may over-represent institutions 

and classrooms that were more willing to participate, and it cannot be assumed to be representative 

of the country, or of Latin American secondary education more broadly. Self-selection of this kind 

can bias the estimated associations if willingness to participate is related to students‟ motivation, 

emotional engagement, or achievement, so the estimates should be read as specific to this sample 

rather than as population values. Replication across regions and intervention studies comparing 

efficacy-focused and value-focused supports would help clarify whether the pattern is specific to 

Physics or generalizes to other school subjects. 

4.5. Conclusions 

Overall, the findings support the relevance of emotional engagement in the association between 

motivational beliefs and Physics achievement in upper-secondary science education. Across both 

SEM specifications, motivational beliefs were positively associated with emotional engagement, 

which was positively associated with course grades, while direct paths from motivation to 

performance remained significant, and the indirect associations through emotional engagement were 

statistically significant in both models; a pattern statistically consistent with partial mediation, 

though not, given the non-experimental design, with a confirmed causal mechanism. Furthermore, 

model comparisons favored the self-efficacy specification as a more parsimonious and better-fitting 

account of Physics grades than the expectancy–value specification. Beyond these substantive results, 

the study contributes a hierarchically defined, Control–Value-consistent operationalization of general 

emotional engagement, derived from discrete achievement emotions rather than from a single global 

rating; this measurement approach may be useful for STEM education research seeking to model 

affect with greater theoretical precision. For practice, the findings point to the value of Physics 

classrooms that are simultaneously cognitively demanding and emotionally sustainable. Researchers 

should build on this design with longitudinal and intervention studies that can test the directionality 

of these associations and evaluate whether supporting competence beliefs and emotional engagement 

improves achievement and persistence in science. Taken together, these findings indicate that 
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students‟ competence beliefs and their emotional engagement during classroom learning are closely 

connected and should be considered together in research on motivation and achievement in science 

education. 

Author contributions 

Antonio Javier Casas: Conceptualization, methodology, data curation, formal analysis, 

investigation, funding acquisition, writing – original draft. Meimei Liu: Conceptualization, 

methodology, writing – review and editing. Gabriela Fernández-Theoduloz: Supervision, writing – 

review and editing. Victor Ortuño: Methodology, supervision. All authors read and approved the final 

manuscript. 

Use of Generative-AI tools declaration  

The authors declare that Generative-AI tools were used exclusively for language support during 

the preparation of this manuscript, including wording refinement, readability improvement, and 

suggestions for alternative phrasing in selected passages. No AI tools were used to generate or 

analyze data, produce images or graphical elements, or make scientific or interpretive decisions. The 

authors fully reviewed and edited all AI-assisted outputs and take full responsibility for the final 

content of the manuscript. 

Acknowledgments 

This article derives from the first author‟s Master‟s thesis in Psychology and Education, which 

was funded by the Comisión Sectorial de Investigación Científica (CSIC, Scientific Research 

Sectoral Commission) of the University of the Republic, Uruguay. The authors also thank the 

participating students and teachers for their collaboration in this study. 

Conflict of interest 

The authors declare that there is no conflict of interest. 

Ethics declaration 

All procedures performed in this study involving human participants were carried out in 

accordance with established ethical standards for research with human subjects. The study was 

approved by the Ethics Committee of the School of Psychology, University of the Republic 

(approval no. 191175-000013-23) and authorized by all participating schools. Informed consent was 

obtained from all participants and, in the case of minors, from their parents or legal guardians. 

References 

1. Wickersham, A., Dickson, H., Jones, R., Pritchard, M., Stewart, R., Ford, T., et al., Educational 

attainment trajectories among children and adolescents with depression, and the role of 

sociodemographic characteristics: longitudinal data-linkage study. The British Journal of 

Psychiatry, 2021, 218: 151‒157. https://doi.org/10.1192/bjp.2020.160 

https://doi.org/10.1192/bjp.2020.160


821 

 

STEM Education  Volume 6, Issue 5, 802–825 

2. Alhadabi, A., Science interest, utility, self-efficacy, identity, and science achievement among high 

school students: An application of SEM tree. Frontiers in Psychology, 2021, 12. 

https://doi.org/10.3389/fpsyg.2021.634120 

3. Oterhals, G., Bachmann, K.E., Bjerke, A.H. and Pedersen, A.V., The relative age effect shifts 

students‟ choice of educational track even within a school system promoting equal opportunities. 

Frontiers in Psychology, 2023, 13: 1066264. https://doi.org/10.3389/fpsyg.2022.1066264 

4. Silveira, F., Ortuño, V. and Torres, J., Modelo de regresión lineal múltiple para predecir la 

predisposición del alumnado de enseñanza media básica hacia las carreras científicas. In 

Educación científica para el desarrollo iberoamericano, L. Bengochea, D. Meziat, M. García, & 

M. W. Aldana, Eds., 2023, 298–305. Editorial Universidad de Alcalá. 

5. Angell, C., Guttersrud, Ø., Henriksen, E.K. and Isnes, A., Physics: Frightful, but fun. Pupils‟ and 

teachers‟ views of physics and physics teaching. Science Education, 2004, 88(5): 683–706. 

https://doi.org/10.1002/sce.10141 

6. Lyons, T., Different countries, same science classes: Students‟ experiences of school science in 

their own words. International Journal of Science Education, 2006, 28(6): 591–613. 

https://doi.org/10.1080/09500690500339621 

7. Osborne, J., Simon, S. and Collins, S., Attitudes towards science: A review of the literature and 

its implications. International Journal of Science Education, 2003, 25(9): 1049–1079. 

https://doi.org/10.1080/0950069032000032199 

8. Brown, C. and Putwain, D.W., Socio-economic status, gender and achievement: the mediating 

role of expectancy and subjective task value. Educational Psychology, 2022, 42(6): 730–748. 

https://doi.org/10.1080/01443410.2021.1985083 

9. Dietrich, J., Viljaranta, J., Moeller, J. and Kracke, B., Situational expectancies and task values: 

Associations with students‟ effort. Learning and Instruction, 2017, 47: 53–64. 

https://doi.org/10.1016/j.learninstruc.2016.10.009 

10. Eccles, J.S. and Wigfield, A., From expectancy-value theory to situated expectancy-value theory: 

A developmental, social cognitive, and sociocultural perspective on motivation. Contemporary 

Educational Psychology, 2020, 61: 101859. https://doi.org/10.1016/j.cedpsych.2020.101859 

11. Vu, T., Magis-Weinberg, L., Jansen, B.R., van Atteveldt, N., Janssen, T.W., Lee, N.C., et al., 

Motivation-achievement cycles in learning: A literature review and research agenda. Educational 

Psychology Review, 2022, 34(1): 39–71. https://doi.org/10.1007/s10648-021-09616-7 

12. Wigfield, A. and Eccles, J.S., Expectancy–value theory of achievement motivation. 

Contemporary Educational Psychology, 2000, 25(1): 68–81. 

https://doi.org/10.1006/ceps.1999.1015 

13. Lent, R.W. and Brown, S.D., Social cognitive career theory at 25: Empirical status of the interest, 

choice, and performance models. Journal of Vocational Behavior, 2019, 115: 103316. 

https://doi.org/10.1016/j.jvb.2019.06.004 

14. Lent, R.W., Brown, S.D. and Hackett, G., Toward a unifying social cognitive theory of career and 

academic interest, choice, and performance. Journal of Vocational Behavior, 1994, 45(1): 79‒122. 

https://doi.org/10.1006/jvbe.1994.1027 

15. Schunk, D.H. and DiBenedetto, M.K., Self-efficacy and human motivation. Advances in 

Motivation Science, 2021, 8: 153–179. Elsevier. https://doi.org/10.1016/bs.adms.2020.10.001 

16. Bandura, A., Self-efficacy: The exercise of control, W. H. Freeman, 1997. 

17. Pekrun, R., Control-value theory: From achievement emotion to a general theory of human 

emotions. Educational Psychology Review, 2024, 36(3): 83. 

https://doi.org/10.3389/fpsyg.2021.634120
https://doi.org/10.3389/fpsyg.2022.1066264
https://doi.org/10.1002/sce.10141
https://doi.org/10.1080/09500690500339621
https://doi.org/10.1080/0950069032000032199
https://doi.org/10.1080/01443410.2021.1985083
https://doi.org/10.1016/j.learninstruc.2016.10.009
https://doi.org/10.1016/j.cedpsych.2020.101859
https://doi.org/10.1007/s10648-021-09616-7
https://doi.org/10.1006/ceps.1999.1015
https://doi.org/10.1016/j.jvb.2019.06.004
https://doi.org/10.1006/jvbe.1994.1027
https://doi.org/10.1016/bs.adms.2020.10.001


822 

 

STEM Education  Volume 6, Issue 5, 802–825 

https://doi.org/10.1007/s10648-024-09909-7 

18. Umarji, O., McPartlan, P., Moeller, J., Li, Q., Shaffer, J. and Eccles, J., The motivational system 

of task values and anticipated emotions in daily academic behavior. Motivation and Emotion, 

2021, 45(5): 599–616. https://doi.org/10.1007/s11031-021-09898-y 

19. Reeve, J., Basarkod, G., Jang, H.R., Gargurevich, R., Jang, H. and Cheon, S.H., Specialized 

Purpose of Each Type of Student Engagement: A Meta-Analysis. Educational Psychology Review, 

2025, 37: 13. https://doi.org/10.1007/s10648-025-09989-z 

20. Wong, Z.Y. and Liem, G.A.D., Student engagement: Current state of the construct, conceptual 

refinement, and future research directions. Educational Psychology Review, 2022, 34(1): 

107‒138. https://doi.org/10.1007/s10648-021-09628-3 

21. Meng, Q. and Zhang, Q., The influence of academic self-efficacy on university students‟ 

academic performance: The mediating effect of academic engagement. Sustainability, 2023, 

15(7): 5767. https://doi.org/10.3390/su15075767 

22. Pekrun, R., Goetz, T., Frenzel, A.C., Barchfeld, P. and Perry, R.P., Measuring emotions in 

students‟ learning and performance: the achievement emotions questionnaire (AEQ). 

Contemporary Educational Psychology, 2011, 36: 36‒48. 

https://doi.org/10.1016/j.cedpsych.2010.10.002 

23. Pekrun, R. and Linnenbrink-Garcia, L., Academic emotions and student engagement. In 

Handbook of research on student engagement, S. L. Christenson, A. L. Reschly, & C. Wylie, Eds., 

2012, 259‒282. Springer. https://doi.org/10.1007/978-1-4614-2018-7_12 

24. Camacho-Morles, J., Slemp, G.R., Pekrun, R., Loderer, K. and Plakitsi, K., Activity achievement 

emotions and academic performance: A meta-analysis. Educational Psychology Review, 2021, 

33(3): 1051–1095. https://doi.org/10.1007/s10648-020-09585-3 

25. Loderer, K., Pekrun, R. and Lester, J.C., Beyond cold technology: A systematic review and 

meta-analysis on emotions in technology-based learning environments. Learning and Instruction, 

2020, 70: 101162. https://doi.org/10.1016/j.learninstruc.2018.08.002 

26. Tempelaar, D. and Niculescu, A.C., Types of boredom and other learning activity emotions: A 

person-centred investigation of inter-individual data. Motivation and Emotion, 2022, 46(1): 

84‒99. https://doi.org/10.1007/s11031-021-09909-y 

27. Pintrich, P.R. and De Groot, E.V., Motivational and self-regulated learning components of 

classroom academic performance. Journal of Educational Psychology, 1990, 82(1): 33–40. 

https://doi.org/10.1037/0022-0663.82.1.33 

28. Cutipa-Flores, T., Fabian-Osorio, L., Navarro-Cárdenas, M.A. and Abanto-Ramírez, C.D., 

Academic engagement and academic self-efficacy as predictors of academic procrastination in 

Peruvian adolescents. Frontiers in Education, 2025, 10: 1533810. 

https://doi.org/10.3389/feduc.2025.1533810 

29. Iaochite, R.T., Azzi, R.G. and Cervone, D., Autoeficácia acadêmica em estudantes do Ensino 

Médio: análise a partir do modelo KAPA de avaliação da personalidade. Educação: Teoria e 

Prática, 2025, 35(70): e63. https://doi.org/10.18675/1981-8106.v35.n.70.s19114 

30. Urruticoechea, A., Mels, C., de Pro, A.A. and Guasp, B.S., The relationship between 

social-emotional skills and academic performance: A gender analysis. Journal of Latinos and 

Education, 2026, 25(1): 224–236. https://doi.org/10.1080/15348431.2025.2515965 

31. Membiela, P., Acosta, K., Yebra, M.A. and González, A., Motivation to learn science, emotions in 

science classes, and engagement towards science studies in Chilean and Spanish compulsory 

secondary education students. Science Education, 2023, 107(4): 939‒963. 

https://doi.org/10.1007/s10648-024-09909-7
https://doi.org/10.1007/s11031-021-09898-y
https://doi.org/10.1007/s10648-025-09989-z
https://doi.org/10.1007/s10648-021-09628-3
https://doi.org/10.3390/su15075767
https://doi.org/10.1016/j.cedpsych.2010.10.002
https://doi.org/10.1007/978-1-4614-2018-7_12
https://doi.org/10.1007/s10648-020-09585-3
https://doi.org/10.1016/j.learninstruc.2018.08.002
https://doi.org/10.1007/s11031-021-09909-y
https://doi.org/10.1037/0022-0663.82.1.33.
https://doi.org/10.3389/feduc.2025.1533810
https://doi.org/10.18675/1981-8106.v35.n.70.s19114
https://doi.org/10.1080/15348431.2025.2515965


823 

 

STEM Education  Volume 6, Issue 5, 802–825 

https://doi.org/10.1002/sce.21793 

32. Butkienė, D., Čepaitė, L., Rakickienė, L., Šilinskas, G. and Raižienė, S., “I Know What You 

Think About Math, Now Tell Me What You Feel”: The Mediating Role of Emotions in the 

Relation Between Motivational Beliefs and Students‟ Achievement. Psichologija, 2026, 75: 

63‒83. https://doi.org/10.15388/Psichol.2026.75.4 

33. Pekrun, R., Lichtenfeld, S., Marsh, H.W., Murayama, K. and Goetz, T., Achievement emotions 

and academic performance: Longitudinal models of reciprocal effects. Child Development, 2017, 

88(5): 1653–1670. https://doi.org/10.1111/cdev.12704 

34. Pekrun, R., Loderer, K., Marsh, H.W., Murayama, K. and Goetz, T., Achievement emotions and 

school grades: A longitudinal analysis. Educational Psychology, 2023, 43(8): 978‒997. 

https://doi.org/10.1080/01443410.2023.2258765 

35. Putwain, D.W., Wood, P. and Pekrun, R., Achievement emotions and academic achievement: 

Reciprocal relations and the moderating influence of academic buoyancy. Journal of Educational 

Psychology, 2022, 114(1): 108–126. https://doi.org/10.1037/edu0000637 

36. Laukenmann, M., Bleicher, M., Fuhrmann, P., Gläser-Zikuda, M., Mayring, P. and von Rhöneck, 

C., An investigation of the influence of emotional factors on learning in physics instruction. 

International Journal of Science Education, 2003, 25(4): 489‒507. 

https://doi.org/10.1080/09500690210163233 

37. Lehtamo, S., Juuti, K., Inkinen, J. and Lavonen, J., Connection between academic emotions in 

situ and retention in the physics track: Applying experience sampling method. International 

Journal of STEM Education, 2018, 5(1): Article 25. https://doi.org/10.1186/s40594-018-0126-3 

38. Wickman, P.O., Prain, V. and Tytler, R., Aesthetics, affect, and making meaning in science 

education: an introduction. International Journal of Science Education, 2022, 44(5): 717‒734. 

https://doi.org/10.1080/09500693.2021.1912434 

39. Whitcomb, K.M., Maries, A. and Singh, C., Progression in self-efficacy, interest, identity, sense 

of belonging, perceived recognition and effectiveness of peer interaction of physics majors and 

comparison with non-majors and Ph.D. students. Research in Science Education, 2023, 53(3): 

525‒539. https://doi.org/10.1007/s11165-022-10068-4 

40. Basileo, L., Otto, B., Lyons, M., Vannini, N. and Toth, M., The role of self-efficacy, motivation, 

and perceived support of students‟ basic psychological needs in academic achievement. Frontiers 

in Education, 2024, 9. https://doi.org/10.3389/feduc.2024.1385442 

41. Yang, Y., Gan, Y., Zhang, Y. and Dong, J., The impact of growth mindset on behaviour, emotional, 

and cognitive engagement: The serial mediation role of achievement emotions and self-efficacy. 

International Journal of Science and Mathematics Education, 2026, 24: Article 22. 

https://doi.org/10.1007/s10763-025-10638-8 

42. Lu, X., Chen, X., Xu, D. and Kaiser, G., Secondary school students‟ motivation profiles and their 

relations with academic emotions in mathematics. International Journal of Science and 

Mathematics Education, 2026, 24: Article 34. https://doi.org/10.1007/s10763-026-10660-4 

43. Sandoval-Henríquez, F.J., Badilla-Quintana, M.G. and Acuña-Jara, C.A., Rendimiento académico 

y emociones de logro de estudiantes de primaria en una intervención con tecnologías inmersivas 

en el aula de Matemática. Revista Innovaciones Educativas, 2025, 27(43): 7‒20. 

https://doi.org/10.22458/ie.v27i43.5569 

44. Perera, M., Índice de nivel socioeconómico. Propuesta de actualización. Centro de 

Investigaciones Económicas, 2018. Montevideo, Uruguay.  

45. Casas, A.J. and Ortuño, V., A 32-item achievement emotions questionnaire (AEQ) for Argentina 

https://doi.org/10.1002/sce.21793
https://doi.org/10.15388/Psichol.2026.75.4
https://doi.org/10.1111/cdev.12704
https://doi.org/10.1080/01443410.2023.2258765
https://doi.org/10.1037/edu0000637
https://doi.org/10.1080/09500690210163233
https://doi.org/10.1186/s40594-018-0126-3
https://doi.org/10.1080/09500693.2021.1912434
https://doi.org/10.1007/s11165-022-10068-4
https://doi.org/10.3389/feduc.2024.1385442
https://doi.org/10.22458/ie.v27i43.5569


824 

 

STEM Education  Volume 6, Issue 5, 802–825 

and Uruguay: Psychometric evidence from a third-order hierarchical model. Psychological Test 

Adaptation and Development, 2026, 7(1): 91‒98. https://doi.org/10.1027/2698-1866/a000124  

46. Hulleman, C.S., Godes, O., Hendricks, B.L. and Harackiewicz, J. M., Enhancing interest and 

performance with a utility value intervention. Journal of Educational Psychology, 2010, 102(4): 

880‒895. https://doi.org/10.1037/a0019506 

47. Curione, K., Gründler, V., Píriz, L. and Huertas, J.A., MSLQ-UY, validación con estudiantes 

universitarios uruguayos. Revista Evaluar, 2017, 17(2). 

https://doi.org/10.35670/1667-4545.v17.n2.18716 

48. Luo, Z., Marnburg, E., Øgaard, T. and Okumus, F., Exploring antecedents of social loafing in 

students‟ group work: A mixed-methods approach. Journal of Hospitality, Leisure, Sport & 

Tourism Education, 2021, 28: 100314. https://doi.org/10.1016/j.jhlste.2021.100314 

49. Johnson, V.E., Grade inflation: A crisis in college education, Springer, 2003. 

https://doi.org/10.1007/b97309 

50. Tabachnick, B.G. and Fidell, L.S., Cleaning up your act: Screening data prior to analysis. In 

Using multivariate statistics, 2018, 52‒98. Pearson. 

51. Pérez, E. and Medrano, L., Análisis Factorial Exploratorio: Bases Conceptuales y Metodológicas. 

Revista Argentina de Ciencias del Comportamiento, 2010, 2(1): 58‒66. 

52. Wolf, E.J., Harrington, K.M., Clark, S.L. and Miller, M.W., Sample size requirements for 

structural equation models: An evaluation of power, bias, and solution propriety. Educational and 

Psychological Measurement, 2013, 73(6): 913‒934. https://doi.org/10.1177/0013164413495237 

53. Hirschfeld, G. and Von Brachel, R., Improving Multiple-Group confirmatory factor analysis in 

R–A tutorial in measurement invariance with continuous and ordinal indicators. Practical 

Assessment, Research, and Evaluation, 2014, 19(1): 1–24. https://doi.org/10.7275/qazy-2946 

54. Park, C.G., Implementing alternative estimation methods to test the construct validity of 

Likert-scale instruments. Korean Journal of Women Health Nursing, 2023, 29(2): 85‒90. 

https://doi.org/10.4069/kjwhn.2023.06.14.2 

55. Kline, R.B., Principles and practice of structural equation modeling, 5th ed., 2023. Guilford 

Press. 

56. McDonald, R.P. and Ho, M.R., Principles and practice in reporting structural equation analyses. 

Psychological Methods, 2002, 7(1): 64‒82. https://doi.org/10.1037/1082-989X.7.1.64 

57. Valdesolo, P., Shtulman, A. and Baron, A.S., Science Is Awe-Some: The emotional antecedents of 

science learning. Emotion Review, 2017, 9(3): 215–221. 

https://doi.org/10.1177/1754073916673212 

58. Yonai, E. and Blonder, R., “Powered by emotions”: Exploring emotion induction in out-of-school 

authentic science learning. Journal of Research in Science Teaching, 2025, 62(2): 553–575. 

https://doi.org/10.1002/tea.21982 

59. Mao, P., Cai, Z., He, J., Chen, X. and Fan, X., The relationship between attitude toward science 

and academic achievement in science: A three-level meta-analysis. Frontiers in Psychology, 2021, 

12: Article 784068. https://doi.org/10.3389/fpsyg.2021.784068 

60. Chen, S., Husnaini, S.J. and Chen, J.J., Effects of games on students‟ emotions of learning 

science and achievement in chemistry. International Journal of Science Education, 2020, 42(13): 

2224–2245. https://doi.org/10.1080/09500693.2020.1817607 

61. Waters, L., A review of school-based positive psychology interventions. The Educational and 

Developmental Psychologist, 2011, 28(2): 75–90. https://doi.org/10.1375/aedp.28.2.75 

https://doi.org/10.1027/2698-1866/a000124
https://doi.org/10.35670/1667-4545.v17.n2.18716
https://doi.org/10.1016/j.jhlste.2021.100314
https://doi.org/10.1007/b97309
https://doi.org/10.1177/0013164413495237
https://doi.org/10.7275/qazy-2946
https://doi.org/10.4069/kjwhn.2023.06.14.2
https://doi.org/10.1037/1082-989X.7.1.64
https://doi.org/10.1177/1754073916673212
https://doi.org/10.1002/tea.21982
https://doi.org/10.3389/fpsyg.2021.784068
https://doi.org/10.1080/09500693.2020.1817607


825 

 

STEM Education  Volume 6, Issue 5, 802–825 

 

Authors’ biographies 

Antonio Javier Casas is a lecturer at the Council for Teacher Education (CFE), Uruguay, holds a 

Master‟s in Psychology and Education from the University of the Republic (UdelaR), where he is 

also a Master‟s candidate in Cognitive Sciences. His postgraduate training and interests focus on the 

adaptation and validation of psychometric instruments and the design and evaluation of 

psychoeducational models for studying motivational and emotional processes linked to learning. He 

is part of Psychological Modeling and Measurement at the Center for Basic Research in Psychology 

(CIBPsi) and a member of the International Society for the Study of Behavioural Development 

(ISSBD). 

 

Meimei Liu is a PhD candidate at the Vrije Universiteit Amsterdam. Her research focuses on 

motivation, effort, and academic achievement. She combines longitudinal survey data, digital trace 

data, and advanced statistical modelling to investigate how students learn and persist over time. Her 

work aims to bridge psychological theory and educational practice by identifying factors that 

promote academic achievement and well-being. 

 

Gabriela Fernández-Theoduloz, PhD, is Associate Professor at the School of Psychology, 

University of the Republic, Uruguay, and coordinator of the Transdiagnostic Research in 

Psychopathology (ITraPsi) group. Her research focuses on transdiagnostic mechanisms underlying 

internalizing psychopathology across adolescence and emerging adulthood, including emotion 

regulation, affective dynamics, psychophysiological processes, and digital experiences. She has 

published in international journals such as Journal of Abnormal Psychology, Current Psychology, and 

Psychophysiology. She is also a researcher in the Basic Sciences Development Program 

(PEDECIBA) and Uruguay‟s National System of Researchers (SNI-ANII). 

 

Victor Ortuño holds a PhD in Motivation and Personality Psychology from the University of 

Coimbra, Portugal, and is an Assistant Professor at the School of Psychology, University of the 

Republic, Uruguay. He coordinates the research line in Psychological Modeling and Measurement at 

the Center for Basic Research in Psychology (CIBPsi). His academic work focuses on the 

development, adaptation, and validation of psychological instruments, with a particular interest in 

vocational psychology, personality, and subjective temporality. He has participated in research 

projects and publications related to psychological assessment and psychometrics in Ibero-American 

contexts. 

 

 

©2026 the Author(s), licensee by AIMS Press. This is an open 

access article distributed under the terms of the Creative Commons 

Attribution License (https://creativecommons.org/licenses/by/4.0/). 


