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Although motivation has been shown to have substantial influence on learning, the relative significance of Students’ motivational characteristics, compared to other school-related factors, for student learning and performance is still unclear. Furthermore, knowledge about the relative importance of different situational variables for predicting these motivational characteristics is crucial for educational decisions about how to enhance student motivation. This study examined (1) the relative importance of motivational characteristics derived from five different theories on motivation and epistemic beliefs, compared to almost 300 situational factors, for predicting student performance on the TIMSS 2011 achievement tests in science and mathematics, and (2) how student motivational characteristics can be predicted by the background variables in the TIMSS 2011 questionnaires and an additional questionnaire about motivation accompanying TIMSS in Sweden. Up to 52% of the variation in student performance could be predicted by models containing all background variables, and student motivational characteristics were among the most important variables in the model. Models that comprised only student motivational characteristics from several motivation theories predicted up to 27% of student performance on the achievement test, while models using only single motivational characteristics predicted, on average, 7%. Results emphasize teachers’ importance for student motivation. Five teacher features were consistently among the most important variables in predicting Students’ motivational characteristics. These five variables predicted as much of the variation in important student motivational characteristics as the remaining 300 situational variables together.
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INTRODUCTION

Motivation is a prerequisite for learning and achievement as it instigates action and sustains and directs behavior. It is also associated with emotions which, in turn, affect memory functioning, and cognitive focus (attention) (Fredrickson and Branigan, 2005; Izard, 2007; Mikels et al., 2008). Thus, research on motivation is highly relevant to understand how Students’ adaptive behaviors, emotional wellbeing, and learning can be supported in school. However, motivation is a complex phenomenon, manifested in the abundance of theories that together comprise a wide range of variables proposed to affect the amount and character of motivation. Examples of such variables are: psychological needs of competence, autonomy and, relatedness (Deci and Ryan, 1985; Ryan and Deci, 2000, 2020), images of an “ideal self” (Carver and Scheier, 1990; Carver and Scheier, 2002), achievement goals (Elliot and Thrash, 2001), causal attributions (Weiner, 2000), value beliefs and expectations of success (Eccles et al., 1983; Wigfield and Eccles, 2000; Eccles and Wigfield, 2020). There is a wealth of studies examining the relationship between different motivational constructs and a wide range of “external” variables like, for example, emotions (Goetz et al., 2016), achievement (Chatzisarantis et al., 2016; Lüftenegger et al., 2016; Mouratidis et al., 2018), reading amount (Troyer et al., 2019), and epistemic beliefs (Winberg et al., 2018). Most of these studies take a single theoretical perspective on motivation, which may facilitate design of, for example, interventions, and theoretical clarity.

However, it has been shown that single theory approaches often predict only low or moderate amounts of Students’ achievement (e.g., Hulleman et al., 2010). Moreover, as motivation theories often are both overlapping and complementary, a single-theory approach may not only preclude us from drawing ecologically valid conclusions about the significance of different aspects of Students’ motivation for their engagement and learning, but also prevent us from distinguishing critical elements of the inherently multivariate educational practices to support Students’ motivation (Linnenbrink-Garcia et al., 2016). Different theories may provide complementary information about individuals’ motivation, hence increasing our ability to predict and understand their behavior and achievement. People simultaneously have certain amounts of, for example, performance goals, mastery goals, intrinsic motivation, expectancy of success, and different types of extrinsic motivation and value beliefs. It is reasonable to expect these aspects of Students’ motivational processes to act not as separate entities, but as a system of variables that exert a joint influence on Students’ behavior and cognition. Therefore, although previous single-theory approaches have generated invaluable information on the functioning of separate aspects of Students’ motivation, research on their joint influence is warranted. Due to the partially complementary nature of motivation theories, it is reasonable to expect such multi-theory models to be better at explaining different aspects of students learning than single-theory models. However, little is known about exactly how much better they are (i.e., to what degree theories are complementary) and the relative contributions of theories to the models’ ability to explain different outcomes. Moreover, in an authentic school situation, there are many other factors that may influence student motivation and learning in school, for example, the support and attitudes of parents, how teaching is organized (e.g., frequency of homework) and what goals are communicated through the teaching (e.g., school emphasis on academic success) (Martin et al., 2012). Hence, when making decisions about educational improvements, knowledge about the importance of different aspects of Students’ motivation for Students’ achievement in relation to other school-related variables is essential for efficient interventions.

Furthermore, if Students’ motivational characteristics are important, it is essential to find the situational variables in the learning environment that are most conducive to the prediction of motivational characteristics. Similar to the lack of multi-theory approaches to investigate the influence of motivation, there is little research on the joint influence of multiple supports for Students’ motivation. Linnenbrink-Garcia et al. (2016) argued that this limits researchers’ ability to provide efficient recommendations for educational practices and, consequently, called for more integrative approaches to this issue.

The present paper aims at investigating the importance of motivational variables from several contemporary theories of motivation, in relation to a wide range of other school related variables, for explaining student achievement in mathematics and science. The study includes comparisons between single-theory and multi-theory prediction models. In addition, the study examines the relative importance of a very large number of situational variables pertaining to home and school environment for the prediction of Students’ motivational characteristics. Hence, the present study adds to the literature on the importance of motivational characteristics for the prediction of academic performance and how Students’ motivation can be supported in authentic, multivariate, learning environments. The study is exploratory in its nature because (1) it is not feasible to formulate hypotheses about specific relationships between the large number of variables included in the study and (2) little is known about many of possible relationships between the included variables, although they all are theoretically relevant for explaining Students’ motivation and achievement.

Studying these relationships requires a very large number of survey items to provide valid and reliable measurements of the variables involved. In addition, large and carefully selected student samples are necessary to yield results that are of interest for decisions about school in a wider population. In this study, these conditions are met by using the Swedish data from a Trends in International Mathematics and Science Study (TIMSS). The TIMSS studies comprise nationally representative samples of students and aim at gaining “a deeper understanding of the effects of policies and practices across countries’ different systems of education” (Martin et al., 2012, p. 6). TIMSS include student achievement data and comprehensive student, parent, teacher, school, and curricular background data generated through questionnaires to students, teachers, and principals. This data is intended to provide “vital information on key curricular, instructional, and resource-related factors that can impact the teaching and learning process” (Martin et al., 2012, p. 2). In the present study, we have used the Swedish data from TIMSS 2011. The reason for this choice is that in this specific TIMSS study an extra questionnaire, focusing exclusively on the eighth-grade Students’ motivation and beliefs about learning, was included for the Swedish sample. This allows for a more fine-grained exploration of student motivation and its role for achievement than using data from other TIMSS studies.


Research Questions

The background leads us to the following research questions:

1. How important are motivational characteristics, in comparison to other variables in TIMSS 2011 questionnaires, for predicting Swedish student results on TIMSS achievement tests?

2. Which situational variables, measured in this study, are the best predictors of student motivational characteristics?



Situating Study Variables in Theories of Motivation

The items in the TIMSS questionnaires pertain to student motivational characteristics, Students’ perceptions of the teacher and the teaching, and many situational aspects of the school and teaching (e.g., teachers’ educational level, or extent of bullying at school). Most of these items are included in the present study as individual items. Some items have been considered by TIMSS to measure the same underlying construct and have therefore been grouped together accordingly. The extra questionnaire, accompanying the ordinary TIMSS package, includes items that form an additional number of variables describing Students’ motivational characteristics and situation variables from well-known motivation theories. In the following, the motivation constructs in the extra questionnaire and those formed from the items in the ordinary TIMSS questionnaires are described and situated in theories of motivation. The names of the variables included in the study are italicized. Examples of questionnaire items belonging to each of these variables are provided in the methods section. The purpose of situating the variables in the motivation theories to which they pertain is to describe their function in motivated behaviors and justify their inclusion in the study. The purpose of the study is to explore the relative importance of different variables for motivation and achievement, and not development of the individual theories.


Motivational Variables

The motivational variables pertain to five different theories of motivation and epistemology: Expectancy value theory, Self-determination theory, Attribution theory, Achievement goal theory, and theory on Epistemic beliefs. They represent some of the most prominent contemporary theories of motivation and individuals’ thinking about knowledge. More important, they constitute complementary parts of on the motivational process, as we will discuss below.


Expectancy-value theory

Expectancy value theory (EVT; Eccles et al., 1983; Wigfield and Eccles, 1992; Eccles and Wigfield, 2020) is one of the most comprehensive motivation theories, considering not only the individual’s perceptions of task value and probability of succeeding on the task, but also a wide range of variables influencing these perceptions and, ultimately, the resulting choices and behavior of the individual. As such, it offers an umbrella under which many theories on motivation can be incorporated (Eccles and Wigfield, 2020). Although the motivation theories used in this study are treated in their own right, Eccles and Wigfield (2020) argue that they all are important for a fuller understanding of individuals’ behavior as they explicitly or implicitly pertain to different parts of the network of interpretational, evaluative, and motivational factors and processes that constitute the EVT model.

According to EVT, expectancies of success and values are the two main determinants of motivated behavior. Expectancy of success can be defined as individuals’ “beliefs about how well they will do on upcoming tasks, either in the immediate or longer term future” (Wigfield and Eccles, 2000, p. 7), which is closely related to Bandura (2010) self-efficacy, defined as an individual’s belief that she can produce desired effects by her actions. Neither expectancy of success, nor self-efficacy are measured in TIMSS 2011. However, questions about Students’ ability beliefs are included. These ability beliefs are distinguished conceptually from expectancies of success and self-efficacy as they focus on present ability while expectancies and self-efficacy are future oriented. Moreover self-efficacy and expectancy for success are task specific, while ability beliefs pertain to a more general sense of competence in an area. Nevertheless, in terms of predictive patterns, ability beliefs, expectancies of success, and self-efficacy seem empirically closely related, especially within a domain such as mathematics (Wigfield and Eccles, 2000). Hence, for the sake of reducing the load on the participants in the study, we chose not to add the concepts of self-efficacy and expectancy for success, but to rely on the extant TIMSS measure of ability beliefs. These are measured by several items in TIMSS, brought together in this study to form the variable called Perceived Competence. Value is the other proximal determinant of motivation in EVT, comprising attainment value (importance), incentive (intrinsic value), and utility value (usefulness of the task) (Eccles et al., 1983; Wigfield and Eccles, 2000). While utility value and incentive value are measured through a number of items in the ordinary TIMSS questionnaire, there are no items pertaining to attainment value. Therefore, attainment value was included in the extra questionnaire.

In EVT, expectancies and values are assumed to be influenced by task-specific beliefs, such as ability beliefs, the perceived difficulty of the task, and the individual’s goals, self-schema, affective memories of previous tasks, and the perceived causality of the outcomes of these previous tasks. These social cognitive variables, in turn, are influenced by a variety of “socialization influences” (Wigfield and Eccles, 2000, p. 69). The importance of the influence of the social context, especially the role of parents and the school environment, for the appraisals and the options individuals consider in a specific situation was further emphasized in a recent update of the EVT model. The model was renamed SEVT by Eccles and Wigfield (2020) to illustrate this expansion. Many of these socialization influences are addressed in TIMSS (see examples under the heading Situational Variables) as they are assumed to contribute substantially to the explanation of Students’ achievement on the TIMSS achievement test. The SEVT provides theoretical support for this assumption.



Attribution theory

The causes students attribute to their past achievements is one example of an important social cognitive variable in SEVT that is measured in the complementary questionnaire. There are many possible causes for the outcome of an activity, but they can all be categorized by their underlying properties (Weiner, 1985, 2000). Three central property dimensions have been found–locus of causality, stability, and controllability–posited to affect expectancy of future success and value. The extra questionnaire includes items to which students are to indicate the extent they perceive the causes of successful and unsuccessful test results to be their efforts, aptitude, and test difficulty, respectively. Controllability was the only dimension that could be discerned in the statistical validation process (see the “Materials and Methods” section). Controllability beliefs has been shown to be related to emotions and the perceived value of achievement outcomes (Weiner, 2000), and such affects may influence future behavior (Scherer, 2005), for example, via the “value box” in expectancy value theory.



Self-determination theory

Motivation can vary both regarding the level (i.e., how much motivation), and the type of motivation (Ryan and Deci, 2020). The type of motivation refers to why the action is performed. Thus, different types of motivation can be distinguished, based on the reasons or goals behind an action. A basic distinction is between intrinsic motivation, which refers to doing an activity because it is experienced as interesting or enjoyable, and extrinsic motivation, which refers to doing something because it leads to a separable outcome. Thus, extrinsically motivated behaviors are undertaken and sustained because of expectancies of the outcome of the activities (e.g., a good grade). According to Self-determination theory (Deci and Ryan, 1985; Ryan and Deci, 2000, 2020) there are also different forms of extrinsic motivation. Different forms of extrinsic motivation differ in the extent to which a value or regulation, through a process of internalization, is taken in by an individual and transformed into their own so that it will emanate from their sense of self. In other words, extrinsic motivation differs in the degree to which it is autonomous. The least autonomous form of extrinsic motivation is entitled external regulation. Such motivated behaviors are performed to satisfy an external demand or obtain an externally imposed reward contingency (e.g., work on a task because a student has been told to do so by the teacher). A second form of extrinsic motivation is introjected regulation. Introjection refers to a partial internalization in which external regulations are taken in by the individual but are not accepted as his or her own. Introjected behaviors are experienced as being pressured by interpersonal or intrapsychic contingencies or demands, such as the feeling that the individual must achieve high grades to be a worthy person (Ryan, 1982). Although the regulation is internal to the person, introjected behaviors are not experienced as fully part of the self and thus still have an external perceived locus of causality. Identification refers to a fuller internalization in which the person identifies with the value of a behavior and accepts its regulation as his or her own. Through identification the person experiences a greater sense of choice, less internal conflict, and more responsibility for initiating and maintaining the behavior. Finally, integrated regulation occurs when identified regulations have been fully assimilated to the self. This occurs through self-examination and bringing new regulations into congruence with the individual’s other values and needs (Black and Deci, 2000; Ryan and Deci, 2000). A substantial amount of research has shown that these different forms of motivation (different forms of extrinsic motivation and intrinsic motivation) are associated with differences in both well-being and performance (Ryan and Deci, 2020). Hence, self-determination theory and expectancy-value theory overlap in the sense that both models include perceived value as driver of behavior. However, SDT expands this further by differentiating between intrinsic value and between different levels of internalization of extrinsic values (e.g., utility and attainment value). Moreover, SDT makes explicit the role of situational factors for the internalization of extrinsic norms and values (e.g., factors that are conducive to the satisfaction of the basic psychological needs of competence, relatedness, and autonomy). Intrinsic motivation and different forms of extrinsic motivation are measured in the complementary questionnaire by items adapted from the Academic Self-Regulation Questionnaire (SRQ-A), previously validated by Ryan and Connell (1989).



Achievement goal theory

Achievement goal theory is a strand within motivation research that focuses on how individuals’ goals influence performance and wellbeing. However, it seems that researchers have not been able to agree upon any clear definition of the achievement goal construct. Elliot and Thrash (2001) pointed out that there seems to be at least two approaches; one that focuses on the specific purposes of an individual’s engagement in an activity, and one that considers achievement goals as a system of several interrelated constructs that together form a general achievement orientation. In this study the “purpose approach” advocated by Elliot and Murayama (2008) is adopted which focuses on the explicit goals themselves. Within the “purpose approach,” goals are most often divided into mastery and performance goals. Performance goals are commonly conceptualized as driven by a desire to demonstrate competence, paired with a normative standard for evaluating competence, while mastery goals focus on the development of competence evaluated against either a task-based or intra-personal standard. While both mastery and performance goals are considered to have an approach and avoidance aspect (Elliot and Thrash, 2001), a trichotomous model have been argued to produce the most consistent results (Lau and Nie, 2008) and is frequently used in educational research (Murayama and Elliot, 2009; Vedder-Weiss and Fortus, 2012). In this model the mastery goal construct comprises only the approach dimension, which henceforth will be named mastery goal, while the performance goal construct includes both approach and avoidance goals. Recently, researchers have further distinguished between the standard and standpoint subcomponent of achievement goals. While the standpoint subcomponent focuses on whether the students pursue the goals to develop (mastery) or demonstrate (performance) competence, the standard subcomponent focuses on whether competence is evaluated against a task- or self-based (mastery) or an other-based (performance) point of reference (Elliot and Hulleman, 2017). The relative merits of the different achievement goals for Students’ achievement have for long been subject for discussion. In a review of over 90 studies, Linnenbrink-Garcia et al. (2008) showed that mastery goals and performance-approach goals in general are positively correlated with achievement, although mastery goals were argued to be more adaptive than performance approach goals when solving challenging tasks. In contrast, Senko (2019) found that mastery goals were associated with interest-based studying strategies and negatively related to achievement on closed- format tests, while performance approach goals (measured using the standard standpoint) were associated with vigilant study strategies and predicted high achievement when learning goals were clear. No positive effects were found for performance goals when learning goals were unclear, and for mastery goals on open-ended tests. However, researchers tend to agree that performance-avoidance goals are negative for achievement (Hulleman et al., 2010).

There are several points at which achievement goal theory align with the other theories in this paper. For example, researchers have found that considering to what extent Students’ reasons for pursuing different achievement goals are autonomous or controlled enhances the predictive ability of the achievement goals (Michou et al., 2014; Urdan and Kaplan, 2020). Moreover, attributions to controllable causes, for example effort, have been shown to influence mastery goal adoption (Song et al., 2020). In EVT, goals influence the individuals value appraisals of an activity (Eccles and Wigfield, 2020). For example, it is reasonable to expect individuals having performance-approach goals to ascribe high intrinsic and attainment value to learning activities on which they expect to perform well and the outcome has consequences for their appearance in the eyes of their peers, while tasks that do not have social consequences may not be perceived equally important or stimulating.

The complementary motivation questionnaire includes items representing the three dimensions of the trichotomous model (i.e., Mastery, Performance approach, and Performance avoidance goals). Research using the trichotomous model has used both the standard and standpoint subcomponents, either separately or together (Elliot and Hulleman, 2017). Although this has contributed to some of the ambiguity regarding the relative merits of the different goals, Senko and Tropiano (2016) argue that neither approach is clearly superior on theoretical grounds and that studying them together should be a more fruitful approach, capitalizing on their respective strengths. Elliot and Hulleman (2017) pointed out that combining the standard and standpoint components of performance goals could accentuate the negative implications of performance goals and therefore, through reduced satisficing (Podsakoff et al., 2003), lead to increased predictive power. For this paper, we therefore combined items from the Revised Achievement Goal Questionnaire (AGQ-R, Elliot and Murayama, 2008) and the Patterns of Adaptive Learning Scales (PALS; Midgley et al., 2000) to capture both the standard and standpoint subcomponents, similar to Korn et al. (2019). This combined measure has recently been validated in the Swedish context by Hofverberg and Winberg (2020b).



Epistemic beliefs

Epistemic beliefs are beliefs about knowledge and the process of knowing. Although epistemic beliefs are not always considered as a “motivational construct,” studies indicate that these beliefs are associated with Students’ achievement goals (Ricco et al., 2010; Winberg et al., 2018; Zhou et al., 2019) as well as their leaning behavior (Lindfors et al., 2017). There are also several models of motivation that implicitly incorporate Students’ thoughts about knowledge and knowing. For example, Muis (2007) argued that epistemic beliefs are intertwined with the motivational and cognitive conditions that influence Students’ task definition, affecting goal setting, planning, and eventually, enactment and achievement. In a similar vein, Wigfield and Cambria (2010) argued, in relation to the expectancy value model (Wigfield and Eccles, 2000), that individuals perceive tasks as important when they “… view them as central to their own sense of themselves, or allow them to express or confirm important aspects of self” (p. 4). Hence, a learning situation that aligns with the Student’s beliefs about the nature of knowledge would be perceived as more meaningful than one that does not, which would also result in a stronger sense of self-determination and more autonomous forms of motivation (e.g., identified, integrated or intrinsic regulation) (Ryan and Deci, 2020). Furthermore, in the expectancy-value model (Wigfield and Eccles, 2000; Eccles and Wigfield, 2020), the principal instigators of motivated behavior, task-value, and expectancies of success are determined by a wide range of cultural and social factors, including the individual’s own and socializers’ subject stereotypes. We argue that beliefs about knowledge and learning are part of these subject stereotypes, influencing the individuals view of themselves, and hence their appraisals of the value of a learning activity.

Hofer (2004) proposed two basic themes to constitute the core of epistemic beliefs: the nature of knowledge and the process of knowing, both comprising two sub dimensions, as shown below.


Nature of Knowledge

Certainty of knowledge, ranging from believing that absolute truth exists to a view that knowledge is preliminary and changing as we come to know more about something. Simplicity of knowledge, ranging from considering knowledge as discrete facts to a belief that knowledge is complex (facts are interrelated) and contingent to the specific circumstances of the situation.



Process of Knowing

Source of knowledge, perceptions that knowledge resides in authorities (and can be transferred to the learner), vs. actively constructed by the learner.

Justification of knowledge, pertains to the learner’s grounds for justifying or evaluating her or other’s knowledge, ranging from justification based on authority, or feelings, to critical evaluations of empirical evidence or statements by authorities.

To limit the load on the respondents, it was only possible to include one epistemic belief sub construct in the complementary TIMSS questionnaire. The simplicity construct was chosen because the item loading pattern showed better alignment with theory and higher stability between the validation rounds than the other epistemic beliefs constructs. Interviews with students in the validation studies also indicated fewer “alternative interpretations” of the items in this construct. It has also been shown to predict both motivation-related and cognitive aspects of learning, e.g., emotions during learning (Winberg et al., 2014) and information comprehension (Bråten and Strømsø, 2010).



Situational Variables

In this section some of the variables pertaining to the learning environment and Students’ perception of this environment are described. These variables may have explanatory power for student performance on the TIMSS achievement test (Research Question 1) but may also predict the student motivational characteristics (Research Question 2).

The type of motivation a student has for learning a subject partly depends on individual characteristics. However, it also depends on the learning situation, which can be influenced by the teacher. According to self-determination theory, individuals are motivated to act in ways they perceive may fulfill the three basic psychological needs for competence, autonomy, and relatedness (Ryan and Deci, 2000, 2020). Although all three are considered important in SDT, intrinsically motivated behaviors that satisfy the needs for competence and autonomy are considered “the prototype of self-determined behavior” (Ryan and Deci, 2000, p 65). Although the relative importance of the basic psychological needs still is under discussion, some evidence exists that fulfillment of the need for competence and autonomy is particularly important for academic achievement (e.g., Marshik et al., 2017).

hus, support for student autonomy is a central characteristic of the learning context to promote or undermine different forms of motivation. If a learning context is to support Students’ intrinsic motivation or productive forms of extrinsic motivation it must support Students’ opportunities to act in accordance with their own interest (intrinsic motivation) or identified or integrated values (extrinsic motivation) (Ryan and Deci, 2000). This means that students need to receive support for their decision-making and to feel that there is scope for making own choices in their learning. When their behavior is affected by extrinsic sources, such as the teacher telling them to work in groups or in their textbooks, they need to feel that their teacher considers and understands their perspective and needs, and they must have identified the value that these activities may be appropriate. However, complementing such teacher activities in the classroom with activities that ensure that there is a good working climate and that the students are learning (structure) may be important for some students. Both autonomy support and structure are variables included in the additional questionnaire. Autonomy support was measured by the short version of the Learning Climate Questionnaire (LCQ) (Black and Deci, 2000), while items for the structure construct were developed specifically for the complementary questionnaire. Support for Students’ sense of competence is measured in the ordinary TIMSS questionnaires. As there was a strong pressure to keep down the number of items in the extra questionnaire, and the possibly less central role of relatedness for academic achievement, the relatedness construct was not included in the extra questionnaire.

In addition to the variables in the extra questionnaire, presented above, the TIMSS questionnaires include an extensive range of items and constructs, aiming at describing “…procedures and practices that have been shown to be effective in increasing achievement in mathematics and science” (Mullis et al., 2011, p. 93). The TIMSS questionnaires were distributed to students, teachers, and principals, respectively. The covered areas were:


For students

• Students’ home and school lives

• basic demographic information

• home environment

• school climate for learning

• self-perception and attitudes toward mathematics and science



For teachers

• teachers’ background

• views on opportunities for collaboration with other teachers

• job satisfaction

• education and training

• professional development

• instructional time for the classes tested in TIMSS

• materials and activities for teaching and promoting Students’ interest

• use of computers, assessment practices, and homework



For principals

• school characteristics

• instructional time, resources and technology, parental involvement

• school climate for learning, teaching staff, the role of the principal

• Students’ school readiness

It is not possible, in this paper, to give an account of all the situational variables in the TIMSS 2011 survey. Instead, for the justifications of the variables selected for the TIMSS questionnaires, we need to refer the reader to Mullis et al. (2011). A full display of the items can be found at the homepage of the International Association for the Evaluation of Educational Achievement (IEA, 2011b), where the questionnaires are available online. For detailed information on the constructs and scales created by TIMSS that were used in the present study we refer to Martin et al. (2011) and the IEA webpage (IEA, 2011a).



MATERIALS AND METHODS

As mentioned earlier, due to the broad range of included variables, and the inherent complexity of their relationships, this study aims to explore these relationships rather than to test hypotheses pertaining to a smaller subset of variables.


Sample

In total, 5573 eighth grade students [48% female, age 14 (96%) or 13 (4%)] from 153 schools completed the TIMSS 2011 achievement test and questionnaires in Sweden. A nationally representative sample of schools was achieved by stratified sampling from all Swedish schools that had Grade 8 classes. The selection was made by the International Association for the Evaluation of Educational Achievement (IEA) in cooperation with the national research coordinators. Thereafter, one or two classes from each of the selected schools were chosen at random. All students in the chosen classes were asked to participate. However, students with cognitive or physical disabilities and students who were not proficient in the native language were excluded, according to TIMSS international standards. The resulting sample should provide for a standard error less than 0.035 standard deviation units for the country’s mean achievement. As it is beyond the scope of this paper to give an exhaustive account of the sampling procedure, we refer the interested reader to Joncas and Foy (2011) for details.

Within the frame of the TIMSS main study, the students completed a test of their knowledge and skills in mathematics and science (se next section) and a questionnaire concerning their motivation for learning and their perceptions of their learning environment (described in the background section). Questionnaire data regarding the school and the teaching was also collected from the headmasters and science and mathematics teachers at each school.

In addition to the TIMSS main study, students also completed a complementary questionnaire to expand the information about their motivation and perceived learning environment in either chemistry, physics, biology, or mathematics (hence, approximately 1390 students per subject).



Achievement Estimation by Plausible Values

In TIMSS 2011, a matrix sampling design was used for the collection of nationally representative achievement data (Joncas and Foy, 2011). A total of 217 test items were distributed on 14 different booklets, for mathematics and science, respectively. Each student completed one booklet in mathematics and one in science, comprising 12–18 items each. Since each student is only tested on a subset of all items the measurement of individual proficiency comes with a substantial amount of measurement error. To address this issue TIMSS uses a plausible value methodology by which five imputed scores are generated for each student. These plausible values are based on the Students’ responses to the items they receive, and other relevant background data from the questionnnaires. Plausible values are not intended to be the best estimates of the proficiency of specific individuals, “but rather are imputed scores for like students—students with similar response patterns and background characteristics in the sampled population” (IEA, 2011c, p. 6). A detailed account of the TIMSS scaling methodology is given in IEA (2011c). In this study, in accordance with TIMSS methodology, all analyses pertaining to the prediction of Students’ performance on the TIMSS achievement test were performed five times, once for each plausible value, and the reported results are averages from these five replications.



Data Analysis

In accordance with TIMSS methodology (Martin et al., 2011, p. 6) Principal Component Analysis (PCA) (Abdi and Williams, 2010) was used for the validation of constructs, and to summarize the participants’ responses to the items within each construct (i.e., a Student’s score is the Student’s coordinate value on the model component(s), that in turn is a linear weighted combination of the original variables). Participants’ scores on the principal components defining the constructs were subjected to Orthogonal Projection to Latent Structures analysis (OPLS) (Trygg and Wold, 2002) for analysis of the relative importance of motivational and situational variables for predicting student achievement (Research question 1) and the relative importance of situational variables for predicting Students’ motivational characteristics (Research question 2). The analyses were performed in the SIMCA P+ software (Umetrics, 2013), using the modified non-linear iterative partial least squares regression algorithm (NIPALS; Wold, 1975; Nengsih et al., 2019) for imputing missing data.

OPLS is a development of the well-known Projection to Latent Structure technique (PLS) (Abdi, 2010). PLS is a method for dimension reduction in multivariate regression, aiming at removing any multicollinearity from the predictor variables while finding the optimal set of latent variables (i.e., PLS components) to explain the covariance between original independent variables and the dependent variable. For the interested reader, Mateos-Aparicio (2011) offers an accessible depiction of the origin and applications of PLS. In PLS, the variation in the independent data (X) is divided into two parts, systematic variation and noise (residuals) and the systematic variation is modeled by a number of latent variables (components). At the same time, the relationship (i.e., covariance) between the systematic variation in X data and the dependent data (Y) is maximized. Since the systematic part of X data contains variation that is predictive of Y as well as variation that is not (i.e., orthogonal), interpretations of the relationships between X and Y may be difficult when orthogonal variation is substantial. In OPLS, otherwise similar to PLS, the systematic variation in X that is predictive of Y is separated from the orthogonal variation. This provides improved model interpretability and predictive ability, compared to PLS, since the predictive components are not contaminated by irrelevant variation. OPLS also improves detection of outliers due to eliminated influence of orthogonal variation on the calculations of, for example, Hotelling T2 or DmodX (described below) statistics (Trygg and Wold, 2002). PCA and OPLS are well suited for discerning trends and patterns in large datasets and cope well with “noise” and multicollinearity between variables—features that are common in questionnaire-based data and increasing with the number of variables. In this study PCA was chosen for the combined purpose of validating constructs and summarizing Students’, teachers’, and principals’ responses since it offers a convenient way to export student scores on these constructs for multivariate regression in OPLS. The OPLS approach is also consistent with a view that the predictors act as a system of interrelated variables that have a joint effect on outcomes, rather than a set of variables with additive individual effects. This also makes OPLS less sensitive to multicollinearity between variables, which tend to increase with the number of variables. In the present study, multicollinearity among predictor variables prevented the use of methods such as multilevel modeling and ordinary least squares regression, for example, multiple linear regression including dummy variables or with ad-hoc adjustments of standard errors (e.g., by using design effect measures).

In what follows, an overview is provided of the procedures used for analyzing data in relation to the different research questions, and details on the criteria used for validating variables and prediction models.


Schematic Description of Workflow


Steps common to all research questions

1. Distribution of the motivation questionnaire, the standard TIMSS background questionnaires, and achievement tests.

2. Merging data from the student, teacher, and school (principal) questionnaires and the student achievement datasheet.

3. Validation of constructs by PCA (Table 1). Students’ scores on the constructs were used in the subsequent analyses.



Additional steps pertaining to research question 1 (continuing from step 3)

For each subject, Students’, teachers’, and principals’ scores on the PCA constructs (step 3), and their answers on the separate items in the questionnaires that were not part of any construct, were subjected to orthogonal partial least squares analysis (OPLS) to assess their relative importance in the five consecutive predictions of Students’ Plausible Values. To obtain a clear picture of the relative importance of the different constructs and items for describing Students’ plausible values in the prediction model, the average “variable importance for projection value” (VIP) was calculated for each construct and item (Table 3).

For each subject, constructs describing student motivational characteristics were subjected to OPLS to investigate their ability to separately predict Students’ plausible values. The respective constructs were then entered into a OPLS top model to assess the ability of motivational characteristics to jointly predict Students’ five plausible values in the respective subjects. “Top model” refers to a hierarchical OPLS model where Students’ scores on the components of lower-level PCA models (e.g., describing their motivation type, epistemic beliefs, and so forth), instead of their responses to the original questionnaire items, are used in the regression. See Table 4 for statistics of these models.



Additional step pertinent to research question 2 (continuing from step 3)

Students’ motivation characteristics, described by their scores on the PCA models generated in step 3, were regressed on the situational variables from the student, teacher, and school questionnaires by OPLS. Models were calculated for each subject and the average importance of each situational variable for predicting the respective motivational characteristic was calculated (Table 6).

In all analyses, data were scaled to unit variance (UV) and mean-centered to reduce the impact of differences in variance between variables. This is regarded as the most objective approach when there are no a priori assumptions regarding the significance of the variables (Eriksson et al., 2006). In TIMSS, response scales in some cases have different range, as do Students’ score vectors in the different constructs calculated either by TIMSS or us. Furthermore, even if scales are of the same range, the variance of Students’ responses to two items/variables may differ. If left unscaled, variables with large variance would gain undue importance in the prediction models and there is a risk of neglecting potentially important variables with small, but systematic, variance.



Determining the Relative Importance of Variables in Prediction Models

Due to multicollinearity between predictor variables, variable importance for projection values (VIP) rather than regression coefficients of individual predictor variables have been used throughout the paper to indicate the relative significance of individual variables in the OPLS prediction models. Several methods for determining relative importance of collinear predictor variables exist; normally categorized as filter, wrapper, or embedded methods (Mehmood et al., 2012). Given the large number of variables involved in our study, we judged filter methods, to which VIP belongs, as the most appropriate due to their low computational load. Furthermore, both wrapper and embedded methods increase the risk of model overfitting, which would reduce the generalizability of the results. VIP values have been shown to perform very well compared to statistics provided by other regression methods, such as Lasso (embedded method) or Stepwise regression (wrapper method), for identifying important predictors. VIP is less sensitive to the proportion of relevant predictors, magnitude of correlation between predictors, structure of regression coefficients, and the amount of noise in the data (Chong and Jun, 2005). Also, while wrapper and embedded methods generally focus on identifying a “best subset” of predictor variables, VIP provides a ranking of individual variables, which is in line with the intention of this paper. VIP values are obtained by summarizing the squared normalized loadings of each variable on the predictive components in the OPLS model, weighted by the proportion of the variation in the outcomes (i.e., plausible values or motivation variables) that is predicted by the respective components (Galindo-Prieto et al., 2015). Hence the VIP values include variable inter-dependency in determining variable importance for projection. Variables with VIP > 1 are generally considered important (Eriksson et al., 2006; Gosselin et al., 2010), although cut-off values as high as 1.2 have been identified as “proper” when the proportion of important variables is low, or variables are highly correlated (Chong and Jun, 2005). In this paper, we use VIP > 1 as cut-off. Confidence intervals of the VIP values were calculated by Jack-knifing (Efron and Gong, 1983), using the multiple models on subsets of data generated in the cross-validation procedure (see below).



Validation and Reliability Testing of Models

Cross validation (Eastment and Krzanowski, 1982; Van der Voet, 1994) was used to decide on the number of components to retain in the PCA analyses of construct dimensionality and in the OPLS prediction models. In this procedure one seventh of the data is systematically left out and predicted by the remaining data until all data has been left out once, and the precision of each prediction has been calculated. The precision of this prediction is denoted Q2. Thus, Q2 can be considered as a measure of how well the model can predict new data that are not part of the model, while the R2 is a measure of the proportion of the variation that can be described by the model (i.e., how well the model fits existing data). In PCA models the default limits for Q2 corresponds to a significant reduction of prediction residuals, while in OPLS models they reflect the ability of the model to predict a significant amount of the variation in outcomes. In both cases significance is on the 95% level. For PCA models in Step 4 (validation of constructs) that did not have enough predictive ability to reach the default Q2 limits in SIMCA P+, decisions on whether the construct should be used in subsequent OPLS analyses were based on (1) whether the dimensionality and correlation structure between items was intelligible in relation to the theoretical underpinnings of the construct or not, (2) if the model could describe a substantial proportion of the variation in students responses to the items, (3) if eigenvalues of constructs > 1, and (4) if the correlation structure between items within a construct were similar between piloting rounds (data not shown). In total, four piloting rounds (not shown) had been performed before inclusion of items in the TIMSS complementary questionnaire. These piloting rounds included approximately 200 students in each round. Between each round, we performed qualitative analysis of PCA loading patterns, followed by interviews with students on their interpretations of items that did not show expected correlation patterns. After revision or deletion of items, items were tested again, until all items showed expected loading patterns.

To assess the risk of the OPLS models being spurious, i.e., fitting the data well but predicting new observations well purely by chance, Cross validation ANOVA (CV-ANOVA; Ståhle and Wold, 1990) was performed on all OPLS models. CV-ANOVA uses the residuals from the cross-validation procedure described above to formally assess whether they are significantly smaller than just the variation around the mean of the dependent variable. The benefit of CV-ANOVA is that it provides a straightforward measure of the model’s reliability while also producing results consistent with other reliability/significance tests such as response permutation (Eriksson et al., 2008). Distance to Model (DModX) analysis and Observation Risk Analysis were performed to assess any undue leverage of single observations. While the first measure gives information on whether an observation should be regarded as an outlier or not, the latter is an estimate of the effect of a single observation on the models’ predictions (i.e., the residuals of the model when the observation is part of the model compared to when it is not). The value of DmodX for an observation is proportional to its residual standard deviation, normalized by the pooled residual standard deviation of the X space (predictor variables). The critical value of DmodX is calculated from the F-distribution. An observation was considered an outlier if the DmodX value was more than twice as large as the critical value. Observation risk is computed from the difference in residual standard deviation of the predicted variable when the observation is part of the model and when it is not. An observation risk of 1 means that there is no difference in residuals. Observations with an observation risk exceeding 1.5 were excluded and new models were computed and compared to the original model. In no case did the loading VIP values for the variables change after excluding these observations (normally less than 5 per model).



Validation of Constructs

Results show that all constructs but those pertaining to Students’ attributions were valid according to the cross-validation procedure (Table 1). The constructs were equally well modeled in all subjects. Correlation structures were consistent with theory in all constructs and showed similar patterns between subjects. The attribution constructs—stability, locus, and controllability—did not separate into distinct dimensions. Instead, two orthogonal dimensions were found, measuring controllability vs. non-controllability. Only the dimension measuring controllability was used in subsequent analyses. This variable (Controllability attributions) did not reach statistical validity according to cross validation. However, the correlation structure between items in this construct was intelligible and consistent with theory, and consistent between piloting rounds. Furthermore, a substantial proportion of the variation could be described by the components (71–74% in all subjects) and the eigenvalue for this construct was more than 1. Based on this information, the construct was considered as valid and included in the further analyses.


TABLE 1. Performance of PCA models to validate constructs.
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RESULTS

To provide perspective on the importance of motivation for predicting student performance on the TIMSS achievement test (i.e., plausible values), OPLS models were computed for all subjects. The models utilized all available situational variables in the TIMSS School, Teacher and Student questionnaires, and the motivation constructs outlined in Table 1, to predict Students’ plausible values.

Results show that all variables included in the study jointly explained about 50% (and predict 40%) of the variation in Students’ plausible values (hereafter called PVs) in the different subjects (Table 2). The descriptive and predictive ability was similar for the science subjects while slightly higher for mathematics. Furthermore, when removing all variables with VIP < 1 in the prediction models, the predictive ability (Q2) was either almost fully retained or increased. For example, in biology, the 49 variables with VIP > 1 predicted as much as the model with all 308 variables. Performance measures for these reduced models are given within brackets in Table 2.


TABLE 2. Statistics of models for predicting PVs from background information, including student motivational characteristics, in the different subjects.
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Cross-validation ANOVA strongly supported the validity of the models in Table 2 (p < 0.001 for all models). In most of the models, only 1–3 students showed a DModX exceeding critical levels. For chemistry, 10 students exceeded critical DModX levels in the model using only the predictive variables with VIP > 1. However, there were no effects on model performance or relationships between variables when deleting these students from the models. No students showed undue leverage in any of the models (Observation Risk values were under critical levels).


Research Question 1


How Important Are Motivational Characteristics, in Comparison to Other Variables in TIMSS 2011 Questionnaires, for Predicting Swedish Student Results on TIMSS Achievement Tests?

Table 3 shows that several motivational constructs are among the best predictors of student PVs, in relation to the other 290 variables included in the study (varying somewhat by subject). Perceived competence is one of the best predictors of student PVs, on level with or exceeding the importance of Students’ home educational resources for all subjects but biology. Furthermore, perceived competence is particularly important for predicting student PVs in mathematics, with the by far highest VIP of all variables. Other motivation-related variables that have considerable influence on the predictive ability of the models are: The subject makes the student confused and nervous, Teacher conveys trust in Student’s competence, and Student’s study expectations. The constructs of incentive value, epistemic beliefs, and mastery goals show high VIPs, at approximately the same level as parents’ educational level and the country of birth of the family members. Other motivation constructs that are more important than the average variables are: identified and intrinsic motivation, autonomy support and controllability attributions. The only motivation construct being less important than average is performance goals, which had an average VIP not significantly different from zero and therefore is not included in Table 3.


TABLE 3. VIP values for the top variables (VIP > 1) for predicting PVs in each subject.
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The motivation variables listed in Table 4 predict on average 27% of the variation in Students’ PVs when included in a common top model (Table 4). However, mathematics shows a substantial difference in comparison to the science subjects with a top model R2 of 41% and Q2 of 40%, which is almost twice as high as for any of the science subjects. The primary reason for this is the high predictive ability of perceived competence in mathematics, as also indicated in Table 3. When perceived competence is removed from the models, the differences in predictive ability between subjects are substantially reduced (last top model in Table 4).


TABLE 4. Overview of OPLS models, predicting Students’ plausible values in each subject.
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The predictive ability is greater for models in which all the motivation constructs are used simultaneously to predict student PVs, compared to models based on individual constructs. As shown in Table 4, only a few motivation variables can individually predict a substantial proportion of the variation in student PVs. These are perceived competence (21%), epistemic beliefs (12%), controllability attributions (9%), and incentive value (9%). For three of these variables (perceived competence, controllability attributions, and incentive value) the predictive ability is more than twice as high in mathematics as in science. However, the motivation variables that are important for predicting student PVs in mathematics are also important for predicting their PVs in science.

For all models in Table 4, student DModX and Observation Risk values were below critical levels. Thus, no students exerted undue leverage on the models. Furthermore, Cross Validation ANOVA strongly supported the validity of the models (p < 0.001 for all models).



Research Question 2


Which of the Situational Variables Measured in This Study Are the Best Predictors of Student Motivational Characteristics?

For all the models in this section, Cross Validation ANOVA was < 0.005. No model had students with Observation Risk values exceeding limits. Most models had one, or no, students with DModX values exceeding critical levels. For these models no further measures were taken. One model had 6 students with observation risk exceeding limits. However, deletion of these students did not cause any changes in model performance or relationships between variables. Hence, all models were found valid and found to represent general patterns rather than a few extreme observations.

Table 5 shows that six student motivational characteristics can be predicted to 25–40% (on average across all subjects) from the situational variables, while performance goals, external/introjected motivation, controllability attributions and utility value are poorly predicted from the situational variables (Table 5).


TABLE 5. Percentages of the variation in each motivation constructs that can be explained (R2Y) and predicted (Q2) by all situational variables in Table 6.
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Most of the situational variables show very low importance for the prediction of student motivational characteristics. Less than 20 variables have substantially larger importance than the average variable for the predictive ability of the model. Furthermore, the confidence intervals for almost 75% of the situational variables’ VIPs were so large that their VIPs could be considered non-significant. Similar distributions were found for all constructs, and in all subjects. Table 6 shows the variables with higher-than-average ability (VIP > 1) to predict each motivational construct.


TABLE 6. Average VIPs (across all subjects) of situational variables in models predicting motivation constructs.
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Five of the most important variables for predicting student motivational characteristics are teacher variables. These are: Autonomy support, Teacher conveys trust in Student’s competence, Structure, Teacher helps when difficulties and Teacher explains what I need to do to be successful. All these variables come from the student questionnaires and describe the Students’ views of their teachers. These situation variables describe teachers that convey their belief in Students’ capabilities to learn and provide help and explanations when needed. They provide support for Students’ autonomy and help them take responsibility for their learning, while at the same time providing supporting boundaries for classroom behavior. They take an interest in Students’ thoughts and make them feel understood. Autonomy support is, on average, the best predictor of motivational characteristics, followed by Teacher conveys trust in Students’ competence. Among the individual motivational characteristics, Autonomy support is the best predictor of Intrinsic and Identified motivation and for Mastery goals, while Teacher conveys trust in Students’ competence is the best predictor for Epistemic beliefs, Perceived competence, and Incentive value.

Interestingly, these five teacher variables together can predict even more of the student motivational characteristics (i.e., the variation in the Students’ responses related to the different motivation constructs) than all situational variables together. Six of the student motivational characteristics can be predicted to 30–42% (Table 7) using only the top five teacher variables, which can be compared to 25–40% for the models including all situational variables (Table 5). Furthermore, as shown in Table 6, these five teacher variables are consistently strong predictors for all motivational constructs, with only minute rank-order differences between subjects (not shown).


TABLE 7. Average proportions (across all subjects) of variation in each motivation construct that can be explained (R2Y) and predicted (Q2) by the top five VIP situational (teacher) variables in Table 6.
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DISCUSSION


Importance of Motivational Characteristics for Student Achievement

This study shows that several student motivational characteristics are important for student achievement. However, the main contribution of the study is the relative importance of motivational aspects, compared to other school and teaching related variables. The results show that student motivational characteristics play a more important role than most of the nearly 300 situational variables measured in TIMSS, and this holds for all of the four subjects.

Similar to other studies (e.g., Areepattamannil and Kaur, 2013), Students’ personal factors were abundant among the most important variables for predicting Students’ achievement. Many of the important variables (i.e., VIP > 1) for predicting student performance in the full models (Table 3) are related to motivation. Furthermore, even in relation to the full model including all variables, motivation top models using only motivational characteristics in a conjoint manner predicted a large proportion of the variation in student performance. For example, the model including all measured variables predicted 53% of the variation in student results in mathematics (Table 2), while the model including only motivational variables predicted 40% (Table 4). These top models, including several motivational characteristics, were also significantly better at predicting performance than models based on one motivational characteristic only. This is not surprising but emphasizes that Students’ behavior and performance in school is best understood and described by complex relationships between “clusters of related factors” (Covington, 2000, p. 187), and points to the potential value of studies that bring together several perspectives on motivation. For example, Hulleman et al. (2010) showed in a meta-analysis of 243 studies that correlations between four different types of achievement goals and performance ranged between −0.20 and 0.13, corresponding to R2s around 2–4%. This is on the same level as the R2s found for the models in our study, predicting performance from Students’ mastery and performance goals, respectively, and considerably lower than R2s for the two motivation top models using several motivation constructs simultaneously to predict performance (Table 4).

This study also describes the motivational profile of students that are successful on the TIMSS achievement test. They have confidence in their ability to perform and learn the subject, enjoy learning the subject, perceive the subject knowledge taught as coherent rather than consisting of unrelated pieces of information or areas and believe that understanding how things are related is a prerequisite for successful learning, and have a strong focus on knowledge development. Furthermore, the learning behavior of these successful students seems to be driven by the full integration of the instrumental value of learning the subject, as well as by the enjoyment of learning and the belief that the quality of the outcome of learning is under their control (e.g., by investing more effort). This pattern provides partial support for the SEVT (Eccles and Wigfield, 2020) notion that expectancy of success and value appraisals are important instigators of Students’ motivation to learn and, eventually, their performance on the TIMSS test. Expectancy of success (competence beliefs and study expectations), named perceived competence in our study, was the strongest motivation-related predictor of achievement, followed by incentive value of learning the subject (i.e., it is fun) and, somewhat less important, intrinsic motivation to learn (similar to incentive value) and identified motivation (cf. attainment value). However, the perceived utility of the knowledge does not seem to be as important for achievement as a strong focus on knowledge development (mastery goals) and a perception that knowledge should be viewed as a whole rather than a collection of isolated fragments (reverse of simplicity of knowledge). The simplicity of knowledge could be regarded not only as an epistemic belief (i.e., about what knowledge is, in terms of coherence of information), but also as an implicit goal regarding how knowledge should be constructed in the learning process. Although Students’ epistemic beliefs and achievement goals are not direct indicators of perceived value in themselves, the students can use them to evaluate to what extent the learning activities are conducive to goal fulfillment, and thus provide information of their value. It is clear from our data that (1) we need to include several independent value subcomponents to adequately portray the relation between Students’ motivation and their learning, as suggested by Trautwein et al. (2013) and, (2) as proposed by Eccles and Wigfield (2020), the meanings of those subconstructs need to be interpreted in the light of, for example, students beliefs and goals to understand how their relative weights differ between individuals and situations. In our study, the utility value items were predefined by the TIMSS organization and focused on the usefulness of the subject to learn other subjects or as a key to a desired study or work career (e.g., I need to learn XX to get into university; …to get the job I want). Hence, the utility value component mainly assessed an instrumental value. In contrast, important values and goals for Students’ mathematics and science achievement were related to Students’ enjoyment of learning and their own beliefs about knowledge and knowledge development. Moreover, the values and goals important for science and mathematics achievement in the present study are to a high extent concerned with the immediate learning, rather than future achievements or careers. Hence, although expectancies of success, a perceived importance of doing well in the subject (identified motivation, cf. attainment value), and enjoyment of learning (incentive value) were among the most important factors for predicting achievement, our results corroborate Eccles and Wigfield (2020) proposition that Students’ expectancies of success and value appraisals of the SEVT model need to be both complemented and differentiated to adequately predict Students’ achievement in mathematics and science in school. In this paper, we have shown that Students’ achievement goals, attributions, motivation type, and epistemic beliefs, in addition to contributing to a joint model in their own right, can be used to discern possible directions for the expansion of the SEVT.

Most results were similar across subjects. One exception was the relative importance of Students’ perceived competence. The strong position of perceived competence in relation to the other variables in this study is noteworthy and corroborates its central role in many motivation theories. However, although perceived competence was the best predictor of performance in both science and mathematics subjects, similar to Shen and Pedulla (2000) and Lee et al. (2014), its predictive ability was substantially higher in mathematics than in science subjects (Tables 3, 4). One possible explanation could be differences in the types of classroom activities and assessment that dominate in mathematics and the science subjects, respectively. In Sweden, working with tasks in textbooks is the dominant activity in mathematics classrooms and written tests, like the TIMSS achievement test, is the dominant method of testing Students’ competence. In the science subjects, on the other hand, several different types of activities are common both for learning and testing. These include not only written tests, but also (inter alia) laboratory exercises, lab reports and excursions/field work. Thus, while the activities available for students to judge their competence in mathematics are similar to the TIMSS achievement test, the Students’ perceived competence in science is partly based on appraisals of their performance on activities other than what is tested on the TIMSS achievement test. Since such activities may require other subject matter competencies than those required in written tests, evaluations of competence including performance on these activities may correlate less with TIMSS written test scores. Several studies have found correlations of Students’ test achievement with perceived competence (e.g., Shen and Pedulla, 2000) and with self-efficacy (Areepattamannil and Kaur, 2013; Lee et al., 2014; Burns et al., 2021). Common explanations for this are that perceived competence and self-efficacy leads to high engagement (Ryan and Deci, 2020) or self-regulation (Schunk and Pajares, 2005; Lee et al., 2014) which in turn lead to high achievement. However, by using a random intercept cross lagged panel analysis, Burns et al. (2020) recently found that students perceived competence was strongly influenced by prior achievement, while no evidence were found for the reverse relationship. According to self-determination theory, fulfillment of the need to feel competent promotes autonomous forms of motivation, which in turn leads to improved achievement and wellbeing. Indeed, several studies have corroborated this proposition by showing effects of fulfillment of the need for competence on autonomous motivation (Gnambs and Hanfstingl, 2016; Van den Broeck et al., 2016; Litalien et al., 2017) and engagement (Jang et al., 2016) and effects of autonomous motivation on achievement, mediated by engagement (Froiland and Worrell, 2016). Although the chicken-and-egg question of causality raised by, among others, Schunk and Pajares (2005) is still not solved, we argue that it is reasonable to expect a high perceived competence to lead to at least a temporary increase in autonomous forms of motivation and engagement.

Performance goals were unimportant in comparison to other variables for predicting Students’ achievement, with very low VIPs in all subjects and an average VIP not significantly above zero. This lack of association between performance goals and achievement is in line with the results of a recent study by Hofverberg and Winberg (2020a), based on another large sample and using a different measure of achievement. In the present study, the performance goal construct included items pertaining to both performance approach and avoidance goals. Hypothetically, this could have confused the results since performance approach and avoidance goals have been argued to have different implications for performance (Covington, 2000; Elliot and Murayama, 2008). However, this was not the case. The validation studies showed that performance approach goals could not be empirically separated from performance avoidance goals in this study, in terms of their predictive patterns. In addition, treating performance approach and performance avoidance goals as separate constructs did not improve their importance for prediction of student performance in any of the models (data not shown). The integrated nature of performance approach and avoidance goals in science and mathematics have been observed in several studies on different Swedish samples, using different scales and statistical methods for the analysis of the goal structures (Blomgren, 2016; Hofverberg and Winberg, 2020b). Furthermore, in an international cross-cultural comparative study, Hofverberg and Winberg (2020b) argued that this pattern may depend on to what extent social comparison occur and is accepted in the society. Swedish culture is considered as one of the least competitive in the world (Hofstede et al., 2010) and social comparisons in the classroom are often actively avoided by teachers. It might be tempting to speculate that the Swedish classroom goal structures (Ames, 1992) in general may have emphasized mastery goals before performance goals and, according to the interaction effect model by Murayama and Elliot (2009), thereby rendered performance goals less adaptive for learning. However, the study by Hofverberg and Winberg (2020a) found no support for such an interaction effect in a Swedish sample. Thus, although our study shows very weak influence of performance goals on Students’ achievement when other features of the school environment are also considered, the reasons for this require further attention.

To conclude, besides providing evidence that students motivation is essential for achievement, our results clearly point out the importance of an intrinsic or identified value of learning (i.e., autonomous motivation), mastery focus, perceptions of being in control of the learning, and a view that knowledge is contextual and coherent. In contrast, external motivation (i.e., being driven by rewards and threats), and introjected motivation (i.e., feeling forced to perform to preserve self-worth) were clearly negative for achievement. Performance goals, that is, focusing on own performance compared to peers, are at best non-significant for achievement. Hence, for teaching to be efficient, it is important to attend also to the “soft” aspects of learning, besides the subject content knowledge. That is, we need instructional practices that foster identified and intrinsic motivation, “sophisticated” epistemological beliefs, mastery goals and controllability attributions. Next section discusses what features of the instructional practices that may be most efficient for accomplishing this.



Importance of Situational Variables for Students’ Motivational Characteristics

Another main contribution of the study is the relative importance of situational variables for predicting student motivational characteristics. The study shows that teacher variables are among the most important situational variables and identifies five such variables that can predict as much of the student motivational characteristics as all situational variables together (Table 7, compared to Table 5). These five situational variables (autonomy support, teacher conveys trust in Student’s competence, structure, teacher helps when difficulties, and teacher explains what I need to do to be successful) can predict 20–41% of the variation in six motivational characteristics that are strongly associated with achievement (Table 7). This pattern was found in mathematics and in all four science subjects (Table 6). The significance of this result lies in the identification of the five teacher variables as important in relation to other variables, and the strength of their combined predictive power in relation to other variables. For example, earlier research has shown that high levels of autonomy support are associated with mastery goals (Shih, 2008; Ciani et al., 2010) and this study shows that the association is similar for all four subjects and that autonomy support not only is a good predictor of mastery goals, compared to all situational variables available in the TIMSS 2011 questionnaires and the supplementary questionnaire, it is on average the best variable to predict all nine student motivational characteristics. This is important since teachers can learn how to engage in more autonomy-supportive behavior (Reeve et al., 2004). In addition, the identification of the predictive power of these five teacher variables emphasizes teachers’ importance for student motivation, compared to other school and home variables. Moreover, the results suggest that these few variables should be considered in both mathematics and science classrooms when designing instructional practices to promote student motivation.

While autonomy support seems universally important, there are some differences in the prediction patterns for the other “top five” predictors. For example, to promote a view that the subject content is coherent and that successful learning requires the learner to see how the different parts relate to each other (epistemic beliefs, simplicity), it is important to provide choice in learning and show interest in Students’ way of thinking (autonomy), but even more important to give them opportunities to reflect on how the subject content pertains to life outside school and to show confidence in their ability to do so (e.g., by communicating high expectations). Hence, it seems that to be understandable, the real-life context requires different aspects of Students’ school subject knowledge be brought together. The beneficial effects of handling complex, and sometimes ambiguous, scientific information in real-life context have been highlighted in research on, for example, situated learning (Anderson et al., 1996), socio-scientific issues (Sadler, 2009), and context-based learning (Gilbert et al., 2011). However, for integration of concepts to happen, our data suggest that it is not enough to provide a complex context for the treatment of the information, but the teacher must also express in what way they expect students to treat the information, and support Students’ confidence in doing so. In contrast, to predict identified and intrinsic motivation among students, autonomy is the most important variable (among those measured). Within self-determination theory, the fulfillment of the basic psychological need of autonomy is considered essential for the promotion of autonomous forms of regulation, such as identified, integrated, and intrinsic motivation (Ryan and Connell, 1989; Ryan and Deci, 2020), a proposition that has been corroborated in many studies (Van den Broeck et al., 2016). Hence, the association between autonomy support and identified motivation found in our study was expected. Moreover, the fact that teacher’s confidence in Students’ competence is important for students identified motivation is not surprising since it is reasonable to assume that such explicitly shown confidence can influence students own sense of competence, which has been shown to be associated with autonomous motivation (Van den Broeck et al., 2016). The second strongest predictor of identified motivation in our study was structure, that is; the teacher keeps track of students learning, make sure that they know what they are supposed to do, and helps them stay focused during the lesson. Although it might seem counterintuitive that a high degree of structure promotes identified and intrinsic motivation, the level of self-determination is not primarily linked to the freedom to choose what to do, but to the degree to which the choice to act (e.g., to comply with the teacher’s instructions) emanates from within, rather from external pressure. In fact, autonomy support in combination with clarity of goals, high expectations, and rich efficacy feedback conveyed in a positive manner is viewed as “the most positive teaching and parenting style” (Ryan and Deci, 2020, p. 4). The combined positive effect of autonomy support, teachers trust in Students’ competence and structure on identified and intrinsic motivation found in our study corroborates this.



Limitations

The results in this study are correlational. The term “prediction” used in the paper refers to the cross-validation procedure, where parts of the data set were deleted and predicted by the remaining data. This should not be confused with predictions in a temporal sense. Hence, conclusions about causality based on these results should be made with caution. In addition, the results do not specify, for example, teachers’ actions that will always facilitate the development of Students’ motivational characteristics beneficial for their achievement. One reason for this is that the situation variables refer to how situations are perceived by the students, and different students may perceive the same situation differently. But Students’ perceptions constitute their reality, and this information is what they act upon and need to be considered when orchestrating learning situations. Nevertheless, the set of situational variables identified as particularly important in this study may still be useful in development of principles for motivation-promoting instructional designs in authentic teaching as well as in research studies on the effectiveness of motivation-promoting teaching. It would be valuable to extend such studies to include measures of Students’ motivation manifested as observable actions in the classroom learning situations.

For the sake of ecological validity, the study included a large number of variables to describe Students’ motivation as completely as possible, and the context in which it operates. Hence, high levels of multicollinearity were expected, which precluded the use of ordinary least squares based multiple regression methods and multilevel modeling, which may produce inflated standard errors for coefficient estimates (Shieh and Fouladi, 2003). Huang (2014, 2016) showed that ordinary least squares regression (OLS), fixed effects models (FE), Taylor series linearization (TSL), and multilevel modeling (MLM) produce similar coefficient estimates for all levels of nested data. However, while providing unbiased estimates of variables on all levels, OLS generally underestimate the standard error of higher level variables. As the nested nature of the data may have resulted in underestimation of standard errors for the class- and school-level variables, their significance for the prediction of Students’ achievement on the TIMSS test may have been overestimated. If this is the case, the relative importance of Students’ motivation, compared to class- and school-related variables, may in reality be even more pronounced than shown in our study.
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R2X is the percentage of variation in the background variables that was used for
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that could be described and predicted (in that order) by the model. Figures within
brackets pertain to reduced models, using only the variables with VIP > 1.
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N is the number of students who have responded to the items in each model. R2X is the percentage of variation in student scores in each motivation construct that can be
described by each model. R? and QF are the percentages of variation in student PV in each subject that is described and predicted, in that order, by the model. Figures
in boldface are averages across all subjects. “Corr” indicates the sign of correlation between dependent and independent variables in the model.

aComprising all of the above constructs as independent variables.
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