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Abstract

Educational psychology usually focuses on explaining phenomena. As a result,
researchers seldom explore how well their models predict the outcomes they care
about using best-practice approaches to predictive statistics. In this paper, we focus
less on explanation and more on prediction, showing how both are important for
advancing the field. We apply predictive models to the role of teachers on student
engagement, i.e. the thoughts, attitudes, and behaviours, that translate motivation
into progress. We integrate the suggestions from four prominent motivational the-
ories (self-determination theory, achievement goal theory, growth mindset theory,
and transformational leadership theory), and aim to identify those most critical
behaviours for predicting changes in students’ engagement in physical education.
Students (N=1324 all from year 7, 52% girls) from 17 low socio-economic status
schools rated their teacher’s demonstration of 71 behaviours in the middle of the
school year. We also assessed students’ engagement at the beginning and end of the
year. We trained elastic-net regression models on 70% of the data and then assessed
their predictive validity on the held-out data (30%). The models showed that teacher
behaviours predicted 4.39% of the variance in students’ change in engagement.
Some behaviours that were most consistently associated with a positive change in
engagement were being good role models (f=0.046), taking interest in students’
lives outside of class (§=0.033), and allowing students to make choices ( =0.029).
The influential behaviours did not neatly fit within any single motivational theory.
These findings support arguments for integrating different theoretical approaches,
and suggest practitioners may want to consider multiple theories when designing
interventions. More generally, we argue that researchers in educational psychology
should more frequently test how well their models not just explain, but predict the
outcomes they care about.
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Engagement is a multidimensional process that drives student learning (Reeve &
Lee, 2014; Skinner & Belmont, 1993). It is a critical pathway that translates motiva-
tion into learning (Reeve et al., 2019). As a result, many motivational theories aim
to account for how teachers influence engagement (Lazowski & Hulleman, 2016).
To promote engagement, teachers may be expected to satisfy basic psychological
needs (self-determination theory; Ryan & Deci, 2020), to be transformational lead-
ers (transformational leadership theory; Bass & Riggio, 2006), to promote a mas-
tery climate (achievement goal theory; Huang, 2012), and to build growth mindsets
(growth mindset theory; Blackwell et al., 2007). While theoretical work is ongoing,
one way to help teachers improve engagement now is to explore ways we can best
predict engagement using multiple current theories. By focusing less on how par-
ticular models explain changes in student engagement, we can focus more on the
specific behaviours that best predict change in student engagement. It is this latter
approach we take here.

Theories provide cohesive explanations of how teacher behaviour influences
student motivation and engagement. For example, Dweck (2008) argues that
effort-oriented praise leads students to develop beliefs that their abilities are
incrementally improved through hard work (a growth mindset), which makes stu-
dent motivation robust to inevitable failures. Explanatory theories, like growth
mindsets, are critical for the advancement of educational psychology, but parsi-
monious explanations can lead to poor predictions (Shmueli, 2010). Meta-anal-
yses have shown that a growth mindset might be influential over time (Funder &
Ozer, 2019) but only modestly predicts achievement (r=0.10; Sisk et al., 2018).
As described in other articles of this special issue (e.g. Dinsmore et al., n.d.), we
may need to combine multiple theories to sufficiently explain and predict educa-
tional psychology phenomena. Drawing on behaviours identified in multiple theo-
ries can increase our ability to predict outcomes. This is because we are not con-
strained by adherence to a particular set of mechanisms but are focused on what
predicts best regardless of the source of the predictors (Shmueli, 2010).

In addition, theories overlap. For example, all four theories mentioned above
emphasise the importance of improvement-oriented specific feedback. It is pos-
sible that the conceptual differences between theories are exaggerated, leading to
‘empirical redundancy’ (Le et al., 2010) or jingle-jangle problems (Marsh et al.,
2019; Reschly & Christenson, 2012). Empirical redundancy is where separate
constructs are so tightly correlated that they effectively describe the same under-
lying construct (Le et al., 2010). Somewhat ironically, jingle-jangle problems
describe the same essential phenomena: where researchers use a single term for
different things (jingle) or different terms for the same thing (jangle; Reschly &
Christenson, 2012). These problems frequently arise in psychology literature on
motivation and engagement (Hoch et al., 2018; Le et al., 2010; Marsh et al., 2019;
Reschly & Christenson, 2012). For example, Marsh et al. (2019) found math
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self-concept, generalised self-efficacy, and outcome expectancies to be empiri-
cally indistinguishable. Cross-theoretical approaches can manage this overlap by
simultaneously assessing the predictions of each theory (Le et al., 2010; Marsh
et al., 2019; Reschly & Christenson, 2012).

In this paper, we report findings from a cross-theoretical analysis with a view
toward designing interventions that improve student outcomes. Interventions to
improve motivation and engagement often draw from multiple theories (Lazowski
& Hulleman, 2016), but the specific behaviours chosen from each theory can be
arbitrary rather than informed by data. Theories are useful for intervention design
because they hypothesise behaviours likely to increase engagement via an estab-
lished causal model, but interventions usually group together a range of behaviours
that all purport to influence outcomes (e.g. Beauchamp et al., 2011; Cheon et al.,
2012; Digelidis et al., 2003). In this paper, we assess which teacher behaviours from
four theories of motivation best predict changes in student engagement for physical
education during secondary school, with a particular focus on students with lower
socio-economic advantage.

In doing so, we hope to address five of the seven goals of this special issue. We
assess the points of convergence, divergence, and creative synthesis that comes
from integrating different theoretical models (goal 1). Specifically, we describe
the behavioural recommendations that overlap between four well-researched theo-
ries of engagement, we show which behaviours are unique to those theories, and
we assess which behaviours are most important when simultaneously accounting for
the predictions of all four theories. In turn, we also assess gaps that are apparent
across each theory (goal 2); namely, if any of our four ‘competing’ theories are weak
predictors of student engagement, it may suggest that the theory is focused on an
ancillary (rather than core) driver of engagement. By simultaneously assessing the
behaviours prescribed by four theories, we assess competing hypotheses between the
different theories around which behaviours should be influential (goal 4), and we
assess the predictive validity of statistical models that simultaneously leverage mul-
tiple perspectives on improving engagement (goal 5). That is, we test the combined
explanatory power of integrating these psychological theories, while also assessing
whether the predictions of some theories are more powerful than others. In order to
achieve these goals, we explore a different fundamental epistemological basis for
our approach (goal 6) by focusing less on explanation and more on prediction. As
we will argue, both predictive and explanatory statistics provide useful information
about the nature of the world, but the predictive methods are largely neglected in
educational psychology. We review the strengths and weaknesses of the predictive
approach, and show how it can serve the goals of this special issue by empirically
integrating multiple theories in an interpretable manner.

The Differences Between Prediction and Explanation
As noted in other articles of this special issue, the key goals of educational psy-

chology are to explain and predict useful educational outcomes (Dinsmore et al.,
n.d.). Both of these are important goals: without explanation, we cannot describe the
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mechanisms underpinning a phenomena; without prediction, we cannot assume our
models will continue to work in the future. Like most of the social sciences, edu-
cational psychology has focused on the former but has seldom explicitly used tools
focused on the latter (Breiman, 2001; Parker et al., 2018; Scheinost et al., 2019;
Yarkoni & Westfall, 2017). A review of the literature on models derived from educa-
tion panel data found only a handful of studies that rigorously reported predictive
accuracy (Parker et al., 2018). Some studies use methods like cross-validation to
estimate predictive accuracy. Cross-validation generally involves repeatedly using
the same set of data to both train and test the quality of the models (Hastie et al.,
2009; James et al., 2013). For example, fivefold cross-validation cuts the data into 5
random slices, trains the model 5 times, and, each time, tests the fit of the model on
one of the slices not used for training.

The key problem with this approach is the word ‘repeatedly’. Using cross-vali-
dation, only once is a good estimate for generalisability. However, few researchers
use cross-validation in this way. They generally use cross-validation for finding the
best models that fit the data. For example, in the model we use below (elastic-net
regression), researchers must choose values for two ‘hyperparameters’ that reflect
how the models penalise coefficients. Rather than choosing these parameters pro-
spectively, researchers often use cross-validation on the training data to find hyper-
parameters that best fit the data. In ordinary least squares regressions, researchers
might try models with greater or fewer covariates, interactions, or non-linear terms.
By repeatedly using the same data for training and testing, the researcher can tweak
their models and parameters so it best fits the data. This sounds like an advantage,
but it means the resulting model may not generalise well to new data, not used in
training (a problem called ‘overfitting’, described below). Put another way, by learn-
ing from the data via cross-validation or other methods (like AIC), then continuing
to refine one’s model in response, researchers are likely to overfit to the data. We
need a metric of success that is not as vulnerable to overfitting.

As a result, the least biased assessment of predictive models involves testing
those models on new data, not used to train the model (Hastie et al., 2009; James
et al., 2013; Yarkoni & Westfall, 2017). Best practice is that you choose among
competing models using cross-validation or AIC or any other metric you feel is val-
uable and then check it on the new (or unseen) data once. Checking more than once
means learning from that data and succumbing to overfitting once again. For exam-
ple, when seeking to predict, R-squared values should not be calculated on data used
in building the model (seen data), but instead calculated using either new data or
specially reserved data (unseen data).! This is the quintessential difference between
explanatory and predictive approaches: where explanatory approaches try to under-
stand mechanisms explaining data in the past, predictive models try to create the

! There are no hard rules regarding how much data should be used for building models and how much
should be reserved for testing models. The more data held out for testing, the more accurately results
from the testing process are likely to reflect the general population. However, in a world with finite data,
more data for testing means less data available for building models, meaning the models themselves may
be poorer fits for the general population (Hastie et al., 2009; James et al., 2013). As a result, a common
choice in predictive analytics is a 70% training to 30% testing split.
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best model for predicting new data in the future (Breiman, 2001). The ultimate test
of these methods involves building a model that makes a set of prospective predic-
tions, then collecting new data and seeing how well those predictions perform. This
is arduous, so a robust, pragmatic alternative is to do this retrospectively: to quaran-
tine some data that are never used to build the model and use that data for testing the
models being built.

One consequence of this method of evaluation—in contrast with explanatory
models—is that researchers may deliberately reduce the fit of their models on the
training data in order to help those models generalise. For example, in our methods
below, we use a penalised regression model that produces fewer and smaller regres-
sion coefficients than would optimally fit the training data, with the consequence
that the model generalises better to new data (Hastie et al., 2009; James et al., 2013).
Explanatory models will seldom make their models try to fit the data ‘less well’, but
as we discuss below, this can mean models in educational psychology risk overfit-
ting, generalising poorly, and failing to replicate (Scheinost et al., 2019; Yarkoni &
Westfall, 2017).

This predictive approach is seldom used in education (Parker et al., 2018). Edu-
cation researchers may not use these approaches because they are unfamiliar with
these recommendations (Yarkoni & Westfall, 2017), or they may not focus on pre-
diction because they mistakenly believe that explanation inherently leads to predic-
tion (Shmueli, 2010).

The Culture and Goals of Explanation Versus Prediction

A complete explanatory model will provide an excellent prediction. Understanding
Newton’s laws of motion means we can predict the time of high tide years into the
future. However, errors in prediction can point to gaps in the explanatory model.
Prediction errors in the perihelion of Mercury led Einstein to develop his new
explanatory model: general relativity. As a result, both prediction and explanation
are important for advancing science. This paper aims to describe how predictive
models can be used to test and complement explanatory approaches in educational
psychology. We hope it helps researchers integrate theories and identify gaps in our
explanatory models. For the field to advance, it needs to engage in both approaches.

In practice, explanation and prediction reflect two cultures in statistical model-
ling with different established norms (Breiman, 2001). Explanation approaches aim
to build statistical models that replicate specific natural processes. These processes
are often derived from a priori theory, are parsimonious, and are clearly articulated.
For example, self-determination theory researchers hypothesise that more engaged
students are driven by more autonomous forms of motivation, and that motivation is
nurtured by satisfying the students’ psychological needs, and the teacher’s behaviour
is instrumental in whether or not those needs are satisfied (Reeve & Cheon, 2021;
Ryan & Deci, 2017; Vasconcellos et al., 2019). The goal of explanatory modelling
is to provide insight into some form of causal structure of the natural world. Such
models typically include inferences to populations (e.g. confidence intervals), are
generally simple in nature (e.g. multiple regression), and typically assess goodness
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of fit on the same data used to construct the model (i.e. seen data). As a result, stand-
ard null-hypothesis significance testing is not ‘predictive’ because the inferential sta-
tistics are almost always retrospective (Scheinost et al., 2019; Yarkoni & Westfall,
2017). They seek to make inferences about some underlying, natural phenomena.
However, explanatory models tend to make these inferences by only looking back-
ward at the data used to develop the model. This is generally accepted because the
goal is to clearly articulate the processes under investigation—to understand them.
Importantly, although such models often include metrics that look like they assess
predictive accuracy, like R-squared, these would not be considered valid under a
predictive approach (because they are not derived from unseen data).

In contrast, the predictive culture does not prioritise explaining the mechanisms
underpinning a phenomenon: it instead optimises directly for accuracy on future
data (Breiman, 2001). As a result, the norms allow for more complexity in model-
ling (Breiman, 2001; Yarkoni & Westfall, 2017). Predictive models treat natural pro-
cesses as complex and interacting—often too complex to model explicitly. The goal
here is to build a model that has ongoing value; that is, as new data comes along (i.e.
a new single case of data), the model can continue to make precise predictions. As
a result, predictive models allow for more complexity to account for these processes
(Breiman, 2001). For example, random forest models, support vector machines, and
neural networks are all flexible models that often provide better predictive accuracy
than simple linear regression because they can handle hundreds of predictors while
looking for interactions and non-linear relationships (Hastie et al., 2009; James
et al., 2013). But, those same features can also make causal inference and interpreta-
tion more difficult: for example, deep neural networks are notoriously hard to inter-
pret (Christian, 2020). Still, there are many approaches to predictive modelling that
allow for interpretable explanations (Molnar, 2021), which we exploit below.

Overfitting and Underfitting

This added flexibility afforded by predictive models makes the predictive culture
more attuned to ‘overfitting’. As noted above, this is where a statistical model pre-
dicts that data used to train the model, but does not generalise to new data (Yarkoni
& Westfall, 2017). Overfitting is akin to just remembering the answers on a multi-
ple-choice practice test, but struggling when new questions are on the exam. At the
other extreme, models can ‘underfit’. Underfitting occurs when the models are too
simple to optimally follow the data, akin to the heuristic of ‘always answer ¢’ on a
multiple choice test. On a practice test (your ‘training data’), it is easy to know if
your model is underfitting: the predictions will be poor. However, it is impossible to
know if models are overfitting, because a complex model might be doing an excel-
lent job of predicting the ‘answers’. As mentioned above, the best way to know if a
model is overfitting is to see how well it works on a new test (unseen data; Hastie
et al., 2009; James et al., 2013). In prediction, the R? on unseen data is what mat-
ters most because it represents the best estimate of the ‘true’ predictive accuracy.
In contrast to explanatory models, deriving predictive models with a high R? on the
training data is not always a good thing, because it is the key symptom of overfitting.
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A model that perfectly predicts the training data (R2[raining= 1) will almost certainly
be overfitting and will struggle on new data. Therefore, researchers aiming to predict
will often deliberately reduce the R? to ensure the models better predict unseen data.
For example, as we do in this paper, researchers may ‘penalise’ or ‘regularise’ mod-
els so they are less flexible but more likely to predict future data.

In truth, problems of overfitting and underfitting occur both with predictive and
explanatory models. In explanatory models, there are dozens of ways of analysing
the same dataset (Silberzahn et al., 2018). Researchers have many degrees of free-
dom regarding how many predictors to include, how many control variables, what
models to use, and how to preprocess data (e.g., how to handle outliers or non-nor-
mal data). Bad explanatory modelling involves ‘throwing the kitchen sink’ at the
data and publishing the best results. Without prospective registration of all methods,
authors can change their models until they best fit their data. Overfitting is one cause
of psychology’s ‘replication crisis’ (Yarkoni & Westfall, 2017). Researchers may
find a significant result when just the right number of control variables are added to
their models, but when those same models are tested in other samples, the models fit
poorly (Yarkoni & Westfall, 2017). Researchers who focus on prediction often direct
more attention to these problems because they transparently try dozens of differ-
ent, complex models, so more obviously risk overfitting (Yarkoni & Westfall, 2017).
They cannot ‘throw the kitchen sink’ at the data and just use the model that fits the
best because this approach is likely to overfit to the training data and perform poorly
on the test set. As a result, the habits of the predictive culture—like trying multiple
models, tuning them through cross-validation, and testing them on a test set—may
be useful for educational psychology. By using these methods, we can test how well
our models predict the outcomes we care about, and, in turn, improve our explana-
tory models.

In this paper, we aim to use predictive models to complement the concerted effort
from educational psychologists to explain motivation and engagement. Following
the suggestions of Yarkoni & Westfall (2017), we are not recommending an aban-
donment of efforts to explain these phenomena via ‘dustbowl empiricism’ (Wal-
ters, 2016). Instead, we hope to use the strengths of predictive models to eventu-
ally inform theory (Shmueli, 2010) and to solve practical challenges in educational
psychology. Given a range of compelling theories for how to improve motivation
and engagement, each with dozens of behavioural recommendations, what should
we focus on when designing an intervention? If we combine these theories, how
well can we predict the influence that a teacher will have on a student’s engagement?

Engagement in Physical Education Has Wide-Ranging Benefits

Definitions of student engagement typically focus on three elements, including
emotion, cognition, and behaviour (Fredricks et al., 2004; Lam et al., 2014).
Engagement is particularly important in secondary school, as students typi-
cally become less and less engaged (Janosz et al., 2008). As students become
less engaged, they are more likely to show disruptive behaviours, struggle
academically (Marks, 2000), and drop-out (Archambault et al., 2009), even
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after controlling for achievement, socio-economic status, and other covariates
(Reschly & Christenson, 2012). Meta-analyses show overall levels of school
engagement increase student performance (Lei et al., 2018). Furthermore, stu-
dents’ engagement during secondary school is correlated with their employment
success up to 20 years later (Abbott-Chapman et al., 2014). Nurturing student
engagement is, thus, critical for their long-term success and flourishing.

In this paper, we focus on engagement in physical education for a number of
reasons. Engagement in physical education is important because it has a wide
range of possible benefits. Systematic reviews show quality physical educa-
tion improves cognition (Garcia-Hermoso et al., 2021), academic performance
(Garcia-Hermoso et al., 2021), mental health (Andermo et al., 2020), and physi-
cal health indicators (Hartwig et al., 2021). However, engagement in physical
education declines throughout secondary school (Barkoukis et al., 2010). This
means students feel less enjoyment during classes (affective engagement), use
fewer problem solving strategies to learn (cognitive engagement), and expend
less effort during lessons (behavioural engagement). These declines may put
young people’s health and development at risk (Bailey, 2006). Children who
do not enjoy physical education (low affective engagement) are also less active
during their leisure time (Woods et al., 2012). Low cognitive engagement leads
to weaker skill acquisition (Kolovelonis et al., 2011), which inhibits long-term
physical activity participation (Bremer & Cairney, 2018). Behavioural engage-
ment (e.g. in-class measures of physical activity) is one of the key mechanisms
through which physical education leads to health outcomes like cardiorespira-
tory fitness (Hartwig et al., 2021). As a result, physical education is a useful
domain to focus because engagement in the subject is critical for children’s
health, wellbeing, and academic performance. In addition, physical education
has received multidisciplinary attention from education, health, exercise, and
sport psychology. As a result, there are a range of diverse theories that propose
strategies of improving engagement in physical education, meaning it is a use-
ful domain to focus for a study in this special issue on theoretical integration.
In sum, we focus on physical education for this paper because engagement in
physical education typically declines across time, those declines have dire long-
term consequences, and multiple theories posit competing suggestions for how
to best stem that decline.

These declines appear more likely and more damaging for young people with
low levels of socio-economic advantage. Socio-economic status (SES) is a reli-
able predictor of low physical activity (O’Donoghue et al., 2018) and health
problems in adults (Marmot, 2005). Children at low SES schools are less likely
to be physically active (Peralta et al., 2019), and systematic reviews show SES
predicts higher school absenteeism (Sosu et al., 2021) and lower academic per-
formance (Selvitopu & Kaya, 2021). These relationships appear to be mediated
by the effects of SES on student engagement (Tomaszewski et al., 2020). So,
given the increased risks of disengagement, physical activity, and health for peo-
ple from low SES backgrounds, we focused our application of predictive models
to testing theories of engagement with these students.
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Many Theories Describe How Teachers Can Improve Engagement

A range of theories postulate ways in which teachers could stem these declines in
motivation and engagement (Lazowski & Hulleman, 2016; Skinner & Pitzer, 2012).
For example, teachers could aim to increase students’ confidence in their abilities
(Dermitzaki et al., 2009), help students feel connected to their teachers and peers
(Roorda et al., 2011), and help them see how their learning aligns to their values and
goals (Reeve, 2012). Teachers’ behaviour strongly influences all of these variables
in physical education (Vasconcellos et al., 2019) and across other learning areas
(Quin, 2017). Importantly, teachers can learn new motivational behaviours that help
improve engagement via these mechanisms (Su & Reeve, 2011; Vasconcellos et al.,
2019). For example, providing students with choices and rationales about the activi-
ties they complete during a lesson enhances their engagement with the topic (Tsai
et al., 2008). As a result, teachers’ behaviour is a strong point of leverage for produc-
ing positive change in students (Curran & Standage, 2017). In this paper, we draw
from four established theories of motivation to assess which behaviours might best
improve engagement among students in physical education. While there are many
useful, well-supported theories we could have chosen (Lazowski & Hulleman, 2016;
Skinner & Pitzer, 2012), we developed our shortlist of theories through informal
consultation with researchers, policy makers, and teachers. We chose two frame-
works that have been well-researched in physical education: self-determination the-
ory (SDT; Ryan & Deci, 2000) and achievement goal theory (Huang, 2012). We also
chose two frameworks that were somewhat less prominent in the physical education
literature, but potentially useful for explaining student engagement: implicit theo-
ries of ability (Blackwell et al., 2007) and transformational leadership theory (Bass
& Riggio, 2006). The theories were selected because they either contained a large
number of concrete prescriptions for how teachers might improve engagement (self-
determination theory, achievement goal theory, transformational leadership theory)
or because teachers and policymakers expressed interest and curiosity in a theory
but uncertainty about the relative strength of its evidence (growth mindset theory).

Self-Determination Theory

Self-determination theory hypothesises that humans have three basic psychologi-
cal needs for competence, autonomy, and relatedness that, when fulfilled, lead to
optimal motivation, engagement, and achievement (Ryan & Deci, 2020; Vascon-
cellos et al., 2019). There are a range of mechanisms underpinning this relation-
ship, explained within the mini-theories within self-determination theory (Ryan &
Deci, 2017). For example, Ryan and Deci argue students who experience pressure
or psychological control become less driven by intrinsic reasons (cognitive evalu-
ation theory). In contrast, students whose needs are supported by their teachers are
more likely to internalise the values and beliefs of their teacher, and pursue learn-
ing for their own reasons (organismic integration theory). These reasons can include
a desire to feel connected to their teachers and their peers (relatedness motivation
theory). As a result, self-determination theory posits that a key driver of student
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success is whether their environment supports their psychological needs for compe-
tence, autonomy, and relatedness (basic needs theory; Ryan & Deci, 2017).

Teacher behaviours that support these needs include providing clear guidelines
and expectations (i.e. competence support), creating a caring environment in the
classroom (i.e. relatedness support), and providing opportunities for students to
make meaningful decisions about their learning (i.e. autonomy support; Ryan &
Deci, 2020). Meta-analyses and systematic reviews have shown that teachers who
support basic psychological needs foster motivation and engagement in physi-
cal education (Teixeira et al., 2012; Vasconcellos et al., 2019; White et al., 2021).
SDT has particular relevance to low SES communities because, compared with their
wealthier peers, students in these schools are exposed to more controlling behav-
iours from their teachers which undermines their perceptions of autonomy.

Achievement Goal Theory

Systematic reviews have also supported the use of achievement goal theory—both
the original (Nicholls, 1984) and subsequent revisions of it (Elliot & McGregor,
2001; Elliot et al., 2011)—for promoting outcomes like motivation and engagement
in physical education (Jaitner et al., 2019). The theory suggests that students with
mastery goals (students who focus on improvement, or succeeding at a task) will be
more engaged than those who have performance goals (students who focus on peer
comparison; Van Yperen et al., 2014). Similarly, the theory proposes that students
who focus on approach goals (e.g. approach-performance goals like winning) are
more engaged than those who focus on avoidance goals (e.g. avoidance-performance
goals like not losing; Van Yperen et al., 2014). Researchers have argued these goals
are important because self-approach goals create a stronger internal locus of control,
more reliable feedback that increases self-efficacy, and positively valenced motiva-
tion. Self-focused goals are more in a student’s control than success against some
absolute benchmark (task goals; Elliot et al., 2011) or against other students (other/
performance goals; Elliot et al., 2011). Performance goals are particularly risky
for students’ sense of success because, as Ashley Brilliant said: ‘the surest way to
remain a winner is to win once, and then not play any more’. Similarly, approach
goals are more positively valenced than avoidance goals—it is more ‘scary’ for a
student to fear failure than to want success.

Research in schools supports many of these prepositions. Across subject domains,
students with approach goals tend to be more engaged than those with avoidance
goals, regardless of whether the goals are mastery or performance oriented (Huang,
2012; Hulleman et al., 2010; Linnenbrink-Garcia et al., 2008; Van Yperen et al.,
2014). In physical activity, meta-analyses have shown mastery goals were associated
with enjoyment, prosocial behaviour, and engagement (Biddle et al., 2003; Jaitner
et al., 2019; Ntoumanis & Biddle, 1999). While the majority of the research has
been observational, intervention studies support the causal model where training
teachers in building a mastery climate helps students focus on mastery goals, lead-
ing to positive student-level outcomes (Jaitner et al., 2019).
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Growth Mindset Theory

Growth mindset theory describes a similar causal model to achievement goal the-
ory. As mentioned above, growth mindset theory proposes that students whose
teachers foster the belief that ability is non-malleable (i.e. fixed mindset) are less
engaged than those who emphasise that ability is incremental and can be improved
with effort (growth mindset; Blackwell et al., 2007). The theory argues that these
beliefs are implicit, meaning students are seldom explicitly aware of their own mind-
set (Dweck, 2013). Regardless, Dweck (2008) argues these beliefs are influential
because they determine students’ agency over their abilities, and therefore influence
their self-efficacy and motivation. She argues a growth mindset makes students’
self-confidence more resilient to failure, and less vulnerable following success. If a
student with a fixed mindset experiences success, they may feel ‘smart’ or ‘talented’,
but then avoid challenges because doing so increases the threat of failure. Failure
could ‘show’ them they are ‘dumb’ or ‘lack talent’, and feel like a strong signal that
they would fail with continued effort. Students with growth mindsets may see failure
as more reflective of their practice or effort. As a result, these students may be more
willing to challenge themselves and persist following failure. Teachers can foster a
growth mindset by teaching students about the malleability of ability or by prais-
ing students for their effort and improvement, rather than their abilities or talents
(Dweck, 2008). Across subject areas, educational interventions to build a growth
mindset have, on average, small long-term effects (Sisk et al., 2018). However, in
physical activity and sport, meta-analyses have shown that having a growth mind-
set is reliably connected with adaptive outcomes (e.g. enjoyment, perceived compe-
tence, intrinsic motivation) whereas a fixed mindset is associated with maladaptive
outcomes (e.g. avoidance goals; Vella et al., 2016).

Transformational Leadership Theory

In organisational psychology, one reliable predictor of adaptive and maladaptive
outcomes is the type of leader in charge of the group (Hoch et al., 2018). One well-
established model of leadership that is posited to derive better outcomes is that of
transformational leadership (Hoch et al., 2018). Transformational leadership occurs
when leaders move beyond their own self-interests to empower those being led to
achieve higher levels of functioning (Bass & Riggio, 2006). Poor leaders inspire
through the use of rewards and punishments (transactional leadership; Bass, 1985),
as also hypothesised by self-determination theory (Ryan & Deci, 2020). Transfor-
mational leaders, on the other hand, are good role models with high expectations
who give followers individualised support to meet intellectual challenges (Bass,
1985). Beauchamp and colleagues adapted transformational leadership theory to the
teaching context (Beauchamp et al., 2010, 2014). Aligned with theoretical propo-
sitions (Bass, 1985), Beauchamp and colleagues found students were more active
at school and during leisure time when they perceived that their teachers displayed
four types of behaviours: idealised influence (positive behavioural role modelling),
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inspirational motivation (motivating through high expectations), intellectual stimula-
tion (challenging students to examine issues from multiple viewpoints), and individ-
ualised consideration (understanding and meeting the needs of individual students).
Systematic reviews have found preliminary support for transformational leader-
ship theory in both youth sport (Turnnidge & Co6té, 2018) and educational leader-
ship (Gumus et al., 2018). Studies have found that transformational teaching led to
higher engagement and motivation in physical education both in primary (Wilson
et al., 2012) and secondary settings (Beauchamp & Morton, 2011; Beauchamp et al.,
2014). Transformational teachers appear to increase engagement for a range of rea-
sons (Slavich & Zimbardo, 2012). For example, they increase self-efficacy, intrin-
sic motivation, self-determined motivation, and enjoyment (Beauchamp & Morton,
2011; Wilson et al., 2012), in much the same way as a ‘need supportive teacher’.
However, for achieving these outcomes, transformational teaching emphasises a
range of strategies that are not central to other theories, like building a shared class
vision, experiential learning, and being an inspiring role-model. Therefore, trans-
formational teaching seems to operate via similar mechanisms as self-determination
theory but with different recommended teaching strategies.

What Teacher Behaviours Best Predict Student Engagement?

As this last example shows, these four theories overlap. For example, they all
describe the benefit that students receive when a teacher provides them with clear,
personalised learning goals and tailored, task-oriented feedback. It is possible that
these behaviours are the strongest predictors of student engagement, which is why
each theory considers those behaviours within their hypotheses. If that were true,
and we simultaneously assessed the predictive efficacy of each theory, the behav-
iours common across theories would be most influential. Perhaps those designing
interventions should focus on the strategies common to the range of motivational
theories. However, each theory also emphasises different mechanisms by which
teachers could improve engagement. It is plausible that each theory provides insights
into a unique method through which teachers could improve engagement. If that
were true, then the best interventions would use the strategies unique to each theory
to get the widest coverage of different influences on engagement. Previous research
makes this kind of decision-making difficult.

One reason decision-making is difficult is because interventions usually ‘bundle’
behaviours. For example, when designing their SDT-based interventions for physical
education teachers, Cheon et al., (2012; Reeve et al., 2019) focused a range of spe-
cific behaviours intended to support psychological needs: taking students’ perspec-
tive, creating opportunities for meaningful decisions, providing rationales, acknowl-
edging negative feelings, using invitational language, and displaying patience. While
these interventions successfully enhanced motivation and engagement (Cheon et al.,
2012; Reeve et al., 2019), it is unclear which elements are the active ‘ingredients’—
the specific strategies from these interventions that are most important for enhanc-
ing student engagement in physical education. Additionally, no one theory appears
to lead to systematically better interventions for improving motivation. Lazowski &
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Hulleman’s (2016) meta-analyses of interventions failed to find significant moder-
ation effects by theory. Constraining an intervention to a single theoretical model
allows for a good assessment of that theory’s causal model, but it could limit the
potential benefit of each intervention. For example, an intervention that aims to pro-
mote clear goals to increase students’ perceived competence, as outlined in SDT, but
does not address beliefs about the malleability of ability, might not be as effective as
an intervention that targets both objectives. But when researchers create interven-
tions using multiple theories, the interventions are no better at increasing motiva-
tion (Lazowski & Hulleman, 2016). Given interventions that use multiple theoretical
perspectives demonstrate similar effects to using a single theory (Lazowski & Hul-
leman, 2016), the method of synthesising different theoretical approaches may be
more arbitrary than data-driven. This paper aims to address some of these problems.

One of the few tractable methods for determining which teacher behaviours are
most influential is to simultaneously assess the unique influence of the behaviours
postulated by the range of theories. In doing so, we aimed to:

e synthesise the predictions from multiple theories (e.g. ‘providing students with
X increases engagement’ where X are the theory-consistent behaviours; special
issue goal 1);

e assess both overlapping and competing hypotheses about which teacher behav-
iours are important (e.g. ‘improvement oriented feedback’ being common to all
theories; ‘idealised influence’ uniquely emphasised by transformational leader-
ship; goal 4);

e Dbetter predict student engagement by using all theories than any single approach
(goal 5); and

e provide data-driven recommendations for the specific teacher behaviours that are
most influential for engagement (goal 2).

By identifying these most important teacher behaviours, we hoped to provide an
empirical basis for future intervention development that could most efficiently pro-
mote student engagement.

Accomplishing this goal required a number of steps. First, we aimed to construct
a ‘mutually exclusive and collectively exhaustive’ (Local Burden of Disease WaSH
Collaborators, 2020) list of teacher behaviours that influence engagement, as rec-
ommended by the four theories. That is, we aimed to create a comprehensive list
of teacher behaviours recommended by the four theories (i.e. collectively exhaus-
tive), while grouping behaviours from different theories that overlap (to make the
list mutually exclusive). We conducted a systematic process of binning and winnow-
ing (DeWalt et al., 2007; Masse et al., 2016) to make a reproducible list of teacher
behaviours that have been hypothesised to be influential.

Next, we had a sample of students rate their teachers on the degree to which
their teachers used each of those behaviours with them. Finally, we longitudinally
assessed which of those behaviours best predicted change in student engagement
across the first year of secondary school. We focused on engagement because it bal-
ances proximity to important outcomes against the tractability of measuring change
within a year. Engagement is a proximal cause of long-term benefits, but it may be
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more likely to change within a single school year, compared with distal outcomes
like achievement or attitudes to physical activity. And, given engagement involves
cognitive, affective, and behavioural components, it is closer in the causal chain to
those important outcomes than purely psychological variables like motivation or
need satisfaction.

We focused on students in the first year of secondary school because student
engagement with physical education typically decreases substantially during this
period. For example, Barkoukis et al. (2010) found linear decreases in students’
enjoyment of physical education across the first three years of secondary school.
We hypothesised that—on average—students in our sample would show a similar
trend. However, we also aimed to identify what teacher behaviours helped stem this
decline. We hypothesised that the students’ perceptions of their teacher behaviours
would predict those students’ change in engagement across the school year. Given
many of the behaviours proposed by these theories operated by similar hypothesised
causal paths, we expected many of the behaviours to be correlated with each other.
Nevertheless, we hypothesised that some of these behaviours would predict whether
students became more or less engaged. We had no a priori hypotheses as to whether
these behaviours would be the behaviours common to those theoretical approaches,
or whether predictive validity would be maximised by using the behaviours unique
to each theory.

Method
Study Design

We used a longitudinal design to assess which teacher behaviours most strongly pre-
dicted change in student engagement across an Australian school year. As our pri-
mary outcome, we measured the change in student engagement between the end of
their final year of primary school (Term 4 of Grade 6 in 2017) and the end of their
first year of secondary school (Term 4 of Grade 7 in 2018). Students rated their per-
ceptions of their physical education teacher’s behaviour in the middle of their first
year of secondary school (Term 2 or 3 of Grade 7 in 2018).

Participants and Setting

We invited all eligible government-funded secondary schools within 150 km of
the Australian Catholic University, Strathfield campus to participate. Schools
were invited according to their ‘Index of Community Socio-economic advantage’
(ICSEA) value. Schools with low socio-economic advantage (ICSEA <1000;
Australian Curriculum, Assessment and Reporting Authority, 2011) were eligi-
ble to participate. To publicise the study, we attended regional principals’ meet-
ings and conferences for physical education teachers. We also promoted the study
through presentations hosted by the lead author’s university and an email sent to
schools’ head teachers. We invited 130 schools that met inclusion criteria (median
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ICSEA=942.5, IQR=917-972). Of those, 17 schools provided consent, with
characteristics representative of the invited population (median ICSEA =943.5,
IQR=915-964).

Within the 17 participating schools, all Grade 7 physical education teachers were
eligible to participate, of which 83 provided consent to be rated by their students. All
students who were enrolled in Grade 7 in 2018 were eligible except for those who
did not participate in the regular curriculum. In total, 1324 students (52% female)
completed at least one time point. Of students who completed the baseline question-
naire, 89% rated their teacher’s behaviour and 91% completed the end-of-year data
collection. Students who reported having two or more PE teachers were removed
during data cleaning because we judged the questionnaire regarding the primary
independent variable (i.e. teacher’s behaviour) was ambiguous.

Baseline Data Collection

Once we had recruited the secondary schools, we sought to collect incoming stu-
dents’ data late in their final year of primary school (Term 4 of Grade 6 2017) before
they entered secondary school in January 2018. To collect student data before sec-
ondary school, we either administered questionnaires at the secondary school’s
orientation day in December 2017, or visited the primary schools in the same geo-
graphic area (i.e. ‘feeder schools’). Any students we could not assess before they
entered secondary school completed assessments as soon as possible within the first
term of 2018.

Teacher Behaviour Data Collection

We measured perceptions of teacher behaviour in the middle of the 2018 school
year, in either Term 2 or Term 3. We aimed to collect data on a quasi-random, rep-
resentative school day, while fitting in with schools’ other commitments. To those
ends, we asked head teachers at enrolled schools to identify weeks when data col-
lection would be convenient. From this list, we randomly selected days upon which
to collect data at the school. To reduce the risk of teachers changing their teaching
approach in response to upcoming data collection, teachers were given less than one
week’s notice of data collection.

End-of-year Data Collection

In Term 4 of 2018, we arranged a time with the head teachers of each school during
which all students could complete their questionnaires.

Variables

We collected a small number of demographic variables (gender, year of birth, per-
ceived wealth, number of books in the home, country of birth). Descriptive statistics
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and operationalisations of these variables are available on the Open Science Frame-
work (OSF; https://osf.io/742wz/).

Pre-Post Engagement Measure

We used the Student Engagement in School measure (Lam et al., 2014), adapted to
physical education, to assess three types of engagement: affective, behavioural, and
cognitive. Items assessing affective engagement explored students’ feelings about
learning (e.g. ‘I enjoy learning new things in PE class’). Items assessing behavioural
engagement explored students’ effort or persistence in the subject (e.g. ‘If I have
trouble with a skill, I try it again until I can do it’.). Students responded to affective
and behavioural engagement questions on a 5-point Likert scale from ‘Strongly disa-
gree’ to ‘Strongly agree’. Items assessing cognitive engagement explored students’
strategies to promote deep processing and retention (e.g. ‘I try to understand how
the things I learn in PE fit together with each other’; 5-point scale from ‘Never’ to
‘Always’). We selected four such items assessing each component of engagement
on the basis of our pilot testing. Our pilot study, conducted in late 2014 with a sam-
ple of 257 Years 7 and 8 students from Australian schools, showed that all scores
from these abbreviated measures fit the hypothesised measurement models (5° (243,
51)=105.37, CFI=0.947, TLI=0.932, RMSEA =0.07, SRMR =0.050). At base-
line, we worded questions to ask students about their experience during Grade 6 (i.e.
‘... describe your experience in Grade 6 PE practical lessons’). At follow-up, we
worded questions to ask about their experience of the most recent school term (i.e.
‘... describe your experience in PE practical lessons over the past two months’). Our
primary dependent variable was the change in these scores across the year (engage-
ment at the end of year 7 minus engagement at the end of year 6).

Teacher Behaviours

The four theories provide both overlapping and distinct recommendations for teacher
behaviours. For example, all four recommend constructive, improvement-oriented
feedback. On the other hand, only transformational leadership explicitly emphasises
the idealised influence that comes from good role-modelling. To assess the unique
contribution of each behaviour, we catalogued influential behaviours identified by
these theories. Then, we distilled this catalogue into a set of distinct behaviours.
Finally, we sought to assess the extent to which students perceived that their teachers
displayed these behaviours in their lessons. These steps are outlined below.

To create a comprehensive list of behaviours, we used a binning and win-
nowing protocol (DeWalt et al., 2007; Masse et al., 2016). This process has
been widely used in health research. For example, Masse and colleagues (2016)

2 While there is ongoing discussion as to whether difference scores or residualised change scores are
more reliable and valid (Williams & Zimmerman, 1996), we judged that difference scores were appropri-
ate in this context because modelling studies have shown ‘the difference score model is a better choice in
nonrandomized studies’ (Castro-Schilo & Grimm, 2018, p. 47).
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established comprehensive sets of physical activity parenting practices, while
DeWalt et al. (2007) identified patient-reported outcomes from chronic diseases.
We used four key steps: identify the pool of candidate behaviours; group similar
behaviours into categories (i.e. binning); winnow behaviours from categories into
an exemplar; and refine examples through member checking.

To ensure coverage of motivational behaviours, we first created a pool of
teacher behaviours assessed in the literature. We searched for questionnaire items
that assessed teacher behaviours, either from the perspective of the student, from
an observer, or from the teacher themselves. We identified relevant studies by
reviewing the reference lists of two recent and relevant systematic reviews on
teachers’ motivational behaviours in physical education (Smith et al., 2016) and
other school subjects (i.e. Science, Technology, Engineering and Mathematics;
Rosenzweig & Wigfield, 2016). We also reviewed the reference lists of the papers
included in those reviews. We also searched for more recent studies using Scopus
and Google Scholar until saturation: until new measures appeared to add no new
items to those in the pool. From 111 papers, we sourced 49 unique scales, con-
taining 1151 candidate items.

The next step was designed to cluster these candidate items into categories
(‘binning’ process; DeWalt et al., 2007; Maésse et al., 2016). Five authors created
a list of 48 categories based on theory (e.g. ‘Offering input or choice’). Eight
authors then each took a random sample of 260 candidate items (e.g. ‘provides
meaningful choices’; Smith et al., 2016) and placed them into categories. Each
item was placed into ‘bins’ of similar items by two authors, independently and
in duplicate. When an item did not fit any category, authors inductively created
a new category for the behaviour. This process led to an expanded list of 61 cat-
egories that covered all teacher behaviours, with a list of candidate items in each
category.

We sought to identify a single exemplar item in each category by winnowing the
list of candidate behaviours (DeWalt et al., 2007; Masse et al., 2016). This process
involved deleting redundant, narrow, or confusing items until there was one item
for each category. We also drafted examples for each item where doing so provided
clarity (e.g. for providing a transparent structure for students: ‘In today’s class, we’re
working on throwing skills in three ways...”). This process was initiated by one
author and reviewed by another. Exemplar behaviours were then member-checked
by two groups: the eight authors who categorised items and five teachers from local
secondary schools. These two groups identified behaviours that were unclear or
redundant, and were asked to identify any other motivational behaviours that were
not covered by the categories. At the end of this process, we identified 69 unique
motivational teacher behaviours, outlined in Supplementary Table 1. These behav-
iours are largely similar to the final list derived by three-round Delphi process in
collaboration with 34 experts in self-determination theory (Ahmadi et al., 2023).

We then classified each motivational teacher behaviour under one or more of
the motivational theories. Four authors collaboratively classified each behav-
iour as characteristics of each theory. For example, behaviours were classified
as consistent with achievement goal theory if the behaviour was consistent
with the theory’s TARGET framework (Jaitner et al., 2019). We did the same
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classifications for transformational leadership theory and mindset theory. The
results of this classification are also available in Supplementary Table 1.

This list of behaviours appeared to cover most concepts within all four theo-
ries, except idealised influence of transformational leadership. Idealised influ-
ence is less conducive to assessment through observable behaviours, and is often
measured as a student perception of a leader characteristic (Beauchamp et al.,
2010). To that end, we also asked students to rate teachers on two such charac-
teristics to ensure full coverage of the concept (‘My teacher acts as a person that
I look up to’ and ‘My teacher behaves as someone I can trust’; Beauchamp et al.,
2010). As a result, our final list included 71 unique behaviours, 68 related to a
psychological need in self-determination theory, 47 of which were characteristic
of a leadership style in transformational leadership theory, 29 of which were
characteristic of either a mastery or performance climate, and 10 were likely to
influence students’ growth or fixed mindset. Students rated teachers on all 71
motivational behaviours. For all items, students responded on a 7-point Likert
scale with descriptors at each point from Strongly Disagree to Strongly Agree.
Our primary independent variable was, therefore, student perceptions of their
teacher’s behaviour—rather than objectively measured behaviour from lesson
observations—because we felt it was more sensitive to differences in the way
teachers treated each student (or in how students experienced their teacher’s
behaviour).

Bias

We anticipated social desirability and common method variance as the most
likely sources of bias. Students may have felt pressure to describe their teacher
more favourably if teachers were administering questionnaires. For this reason,
students completed their questionnaires under the supervision of the research
staff. They also completed the descriptions of teacher behaviours at differ-
ent times to the measures of engagement, with most students having at least
4 months between each time-point (see Fig. 1).

Data Analysis
Missing Data and Preprocessing

We imputed missing data on predictors with K-Nearest Neighbours (Tutz &
Ramzan, 2015) using caret (Kuhn, 2008) in R (R Core Team, 2020). We gener-
ated a model for imputing missing data using the training data, then applied this
model to the test data to avoid data leakage (Jaeger et al., 2020). Data leakage
is where patterns in the testing data are used to inform the training data. When
that happens, the models created on the training data may learn patterns about
the test data. This violates assumptions in the test data—that the data is unseen
in training. Predicting the test data is the focus of predictive models, rather than
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Transition to secondary school

Year 6, Final year of primary Year 7, First year of secondary school

Oct-Dec 2017 Feb-Apr 2018 May-July 2018 July-Sep 2018 Oct-Dec 2018

End-of-year
data collection
Students reported

Baseline data collection
Students reported on their
engagement in Year 6 PE

Teacher behaviour
measurement

Students reported on their
perceptions of teacher
behaviour

on their
engagement in
Year 7 PE

(aggregate of affective,
behavioural, and cognitive
engagement)

Fig. 1 Study design, data collection points, and variables

trying to make inferences about the latent parameters that explain an association.
As a result, it is important to be able to reproduce the ‘imputation generator’ for
imputing missing values on the test data (Kuhn & Johnson, 2019). When using
standard methods for inferential statistics, like multiple imputation, it is not pos-
sible to extract the model for imputing missing data on the test set. Because the
primary objective of predictive models is predictive accuracy on the test set, it
is also important to approximate the missing data as closely as possible, rather
than trying to preserve uncertainty in the predictions (e.g. via multiple imputa-
tion; Kuhn & Johnson, 2019). K-Nearest Neighbours is an efficient and effective
model for imputing modest amounts of missing data (Tutz & Ramzan, 2015), as
is the case here (11% missing). This imputation method identifies the K (usually
5-10) most similar cases to one with the missing data and imputes the missing
value using the mean of those cases (Kuhn & Johnson, 2019). The model can be
trained on the training data and used to impute missing data in the test data with-
out violating assumptions of the test set.

In addition to imputing missing values, we also scaled and centred each pre-
dictor, as recommended when using our predictive models (i.e. elastic net; Hastie
et al., 2009; James et al., 2013). Scaling and centering sets the means to 0 and the
variance to 1 for all predictors. Doing so is important for an elastic net because
the model is penalised based on the size of each coefficient. Without scaling the
predictors, some predictors would be penalised because the predictor had a high
variance, even if it was an excellent predictor for the outcome. We did not control
for clustering, for three reasons. First, the school-level ICC was low (ICC =0.04).
Second, doing so would reduce the generalisability of the predictive models so
they could not be used with schools beyond the training set; if school was entered
as a variable, then researchers could only use the model in the schools for which
we built the models. Nevertheless, an exploratory analysis that did centre all
predictors within clusters (Usami et al., 2019) did not lead to any meaningful
changes in beta values or predictive validity (see Exploratory Analyses at https://
osf.io/742wz/). We did not account for clustering within teachers because dif-
ferences between teachers is an important source of variance in our independent
variable.
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Descriptive Methods

The binning and winnowing procedure was designed to ensure that no two items
would measure the same behaviour (i.e. behaviours would be mutually exclusive).
Those items would have ideally ended up in the same ‘bin’ and would, therefore,
have been collapsed into a single item. To assess whether this was successful, we
calculated inter-item correlations as a measure of redundancy (Cohen et al., 2012).
We considered items with correlations above 0.7 (or below —0.7) redundant, but no
items met this threshold (r,,,,=0.68). Declines in student engagement across the
year were quantified as standardised mean differences using Cohen’s d via the effsize
package (Torchiano, 2020) in R (R Core Team, 2020).

Predictive Methods

Typically, researchers using explanatory models do not use 71 different predictors
in a single statistical model. This is usually for three reasons (Hastie et al., 2009).
First, as described in the introduction, models with dozens of predictors are likely
to ‘overfit’ the training data. The models will learn spurious correlations that do
not translate well into new data. Second, these models are much harder to interpret.
Given a beta value represents the partial correlation between the predictor and an
outcome, the beta for a regression between y; and x is the influence of y; on x while
controlling for y,, y;, all the way to y,,. As will be demonstrated later, this can lead
to results that are difficult to interpret. Finally, most linear models have an assump-
tion that there is no multicollinearity between predictors. This is largely because
multicollinearity exacerbates the problems above. For example, if two predictors
were very highly correlated, then the beta values for each represents the predictive
influence from the small amount of unique variance not shared by the two predic-
tors. This makes the predictors unreliable and relatively uninterpretable.

In explanatory models, these problems are usually managed by using dimension
reduction techniques that aggregate multiple items into a latent construct (e.g. fac-
tor analysis, principal components analysis; Hastie et al., 2009; James et al., 2013).
These techniques are useful in explanatory research because they are generally try-
ing to explain the role of the latent construct in predicting the outcome (Shmueli,
2010). The minor variations in people’s responses to each item is somewhat dis-
missed as measurement error. The problem with these techniques is that they obfus-
cate the influence of any particular item, with some items loading on multiple
dimensions, or loading to various degrees (Shmueli, 2010).

With predictive models, we are not constrained by using a small number of pre-
dictors representing latent factors. Because the predictive culture is attuned to the
risks of overfitting, and is less concerned with explanation than predictive accuracy,
researchers will often use more complex methods and explicitly use strategies that
avoid overfitting. Many of these methods allow researchers to model thousands—or
even millions—of predictors while also identifying which of the specific predictors
are most influential. This means that rather than aggregating teacher behaviours into
latent constructs, we could treat each behaviour as a separate independent variable.
So we could determine the predictive contribution of unique behaviour, we used an
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elastic net to manage overfitting and multicollinearity, while also allowing for easy
interpretation of the contribution of individual behaviours (Zou & Hastie, 2005).

An elastic net is an ordinary least squares regression model with some penalisa-
tion terms that helps manage overfitting and collinearity. One form of penalisation
involves shrinking the size of regression coefficients, particularly those that are col-
linear (ridge regression; Kirpich et al., 2018). Where normal ‘least squares’ regres-
sion aims to minimise the squared residuals (hence ‘least squares’), ridge regression
aims to minimise the squared residuals plus the squared coefficients, which penal-
ises large coefficients. This means large coefficients that do not reduce error in pre-
diction are shrunk, such as when two predictors are multicollinear. For example, if
clear instructions and unclear instructions were intercorrelated with the outcome,
both could be used to predict the outcome but their coefficients would be shrunk.
Another form of penalisation involves mostly shrinking the number of coefficients
used to predict the outcome (lasso regression; Kirpich et al., 2018). In lasso regres-
sion, the penalty term is based on the absolute value of the beta values, meaning
larger coefficients are not necessarily penalised, but inefficient predictors are just
shrunk to zero. In the above example where two predictors were collinear, then clear
instructions might be included in the model and the coefficient for unclear instruc-
tions would be reduced to zero. Elastic net regression allows for both of these penal-
isation terms (Zou & Hastie, 2005): it can shrink and select coefficients, depending
on which leads to better prediction in the data.

To determine whether it is better to shrink the size or number of coefficients,
we used a data-driven approach through cross-validation, recommended by machine
learning researchers (Hastie et al., 2009; James et al., 2013; Zou & Hastie, 2005).
We used a random number generator to split our data, row-wise, into a training set
(70%) and a testing set (30%). That is, of the 1324 participants in our sample, we
randomly selected 30% of these participants (n,.=398) to be held out from train-
ing. Because the test set was randomly sampled using a number generator, any dif-
ferences between test and training sets were due to sampling variance. Differences
between groups on continuous variables were negligible (d,,.,,=0.05), and there
were no statistically significant differences on categorical variables (all p>0.05). In
this test set, we only assessed model fit on these participants once we had finalised
our parameters (e.g. beta values) and hyperparameters (e.g. amount of penalisation).
On the training set (1nin, =926), we used fivefold cross-validation to tune both
hyperparameters for glmnet (Friedman et al., 2022) using caret (Kuhn et al., 2022)
in R (R Core Team, 2020); that is, we repeatedly used the training data to generate
models, varying the parameters for both the type of regularisation (shrinking param-
eters vs. mostly eliminating them; the o parameter) and the degree of regularisation
(strong vs. permissive; the A parameter). We used the parameters that minimised the
error in predicting engagement during cross-validation.

Once parameter tuning was complete, we tested the model on the unseen
data—the test set—to see how well the model would likely generalise to future
samples of physical education teachers. We used prediction R? to measure the
overall model fit, and beta-values for each individual predictor. Prediction R? is
slightly different from the R? generally used in explanatory models (Scheinost
et al., 2019). R* from explanatory models reflects the correlation between the
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predicted and observed values. Predicted and observed values can be highly cor-
related while still being very inaccurate, such as when all predictions are sys-
tematically inflated. Therefore, prediction R? is preferred because it assesses the
error between predicted and observed values, as a proportion of the error from
merely predicting the mean. It can therefore be negative if the model is worse
than merely predicting the mean.

Statistical significance is not meaningful in the context of an elastic net. This is
because the process of penalising coefficients means ineffective or redundant pre-
dictors are eliminated, and evaluating the data on a test-set is a stronger assess-
ment of generalisability than any inferential statistics (Hastie et al., 2009; James
et al., 2013; Zou & Hastie, 2005). For comparison, we also present the results of
a traditional linear model using the same data. Some readers may want models
adjusted for covariates (e.g. gender, wealth), such as when designing interven-
tions, so that models explain the residual variance once adjusting these variables.
While not the primary goal of our manuscript, we present adjusted models on
the OSF (https://osf.io/742wz/). The covariates explained some data in the train-
ing set and did not increase test-set performance, and most predictive behaviours
were unchanged. For this reason, only our primary, unadjusted models are pre-
sented in the manuscript. The data and code required to reproduce all analyses are
available at https://osf.io/742wz/.

Results

Student Engagement in Physical Education Declined Over the First Year
of Secondary School

As expected, total engagement declined across the school year by 0.25 stand-
ard deviations (95% CI=[0.17, 0.33], see Fig. 2). The same pattern was true
for affective engagement (d=0.27, 95% CI=[0.19, 0.35]), behavioural engage-
ment (d=0.23, 95% CI=[0.15, 0.31]), and cognitive engagement (d=0.14, 95%
CI=[0.06, 0.22]). As seen in Fig. 2, while the trend is toward a decline, some
students report a significant increase in engagement over the school year.

Mid-year Reports of Teacher Behaviour Correlate with Changes in Engagement

As shown in Supplementary Fig. 1, a large number of teacher behaviours showed
significant raw correlations with change in engagement. For example, when stu-
dents perceived their teachers as good role models, they saw moderate increases
in engagement over the school year (r=0.22, p<0.001). At the other extreme,
when teachers were seen to provide unfair rewards, students reported significant
decreases in engagement (r= —0.12, p <0.001).
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Fig.2 Change in physical education engagement across the first year of secondary school

Teacher Behaviours Were Correlated but not Redundant

As seen in Supplementary Table 1, the student-reported teacher behaviours were
correlated with each other, but were not redundant. The average correlation between
behaviours was 0.21. The largest positive correlation was between ratings of teacher
enthusiasm and warmth (r=0.68, p<0.001). The largest negative correlation was
between the amount of abusive language students heard from teachers and the
amount of attention they saw teachers giving (r= —0.3, p<0.001). These data sug-
gest that we achieved our goal of creating a mutually exclusive set of behaviours.
However, with predictors correlated as high as 0.68, a standard multiple regression
or linear mixed models would approach multicollinearity (Dormann et al., 2013), so
variable-selection models were appropriate.

Lasso Regression Identified a Series of Predictive Behaviours on Unseen Data

In cross-validation, the glmnet algorithm consistently identified that lasso regression
was a better fit for the data than ridge regression. That is, the variance explained by
the model was higher when managing multicollinearity by eliminating predictors
(R*=5.09%) rather than shrinking them (R*>=3.45%) or any combination of the two.
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Predictive Estimates Teacher Behaviours Predicting Engagement
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Fig. 3 Predictive estimates teacher behaviours predicting engagement

Specifically, in cross-validation, the best fitting elastic net models always used a=1,
corresponding to lasso regression (Hastie et al., 2009; James et al., 2013; Zou &
Hastie, 2005).

On the testing data, the models explained 4.36% of the variance in change in total
engagement. This was only slightly smaller than the variance explained in the train-
ing data (R?=5.09%). This finding suggests the penalisation successfully prevented
the models from over-fitting to that data, and are likely to generalise well. The mod-
els were somewhat less accurate when predicting the subcomponents of engage-
ment: affective engagement (R>=2.83%), cognitive engagement (R*=3.49%), and
behavioural engagement (R*=2.92%). Figure 3 shows the most predictive behav-
iours for all outcomes. Controlling for the influence of all other teacher behaviours,
students became more engaged when they felt their teachers were good role models
(B=0.046), when they took interest in students’ lives outside of class (p=0.033),
and when they allowed students to make choices (§=0.029). Students became less
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engaged then they felt their teacher’s regard for them was conditional upon good
behaviour (= —0.032). As outlined in Supplementary Table 1, the beta values for
the majority of behaviours was zero, meaning those behaviours were not necessary
to optimise prediction using an elastic net. As outlined below, using those predictors
led to poorer prediction on unseen data.

Comparison with Ordinary Least Squares Regression

For comparison, we used the training data to produce a simple linear regression.
Without bootstrapping or cross-validation, the model fit the training data very well
(R*=13.88%; Rzadjusted=6.72%). As expected, however, the model fit the test set
far less accurately (R*= —0.86%). A negative predictive R*> means that the sim-
ple linear regression models were less accurate than merely predicting the mean
of the outcome, which is a symptom of over-fitting. This overfitting was not pre-
sent in the regularised model (lasso, described above) built using cross-validation
(where R?=4.36%). In addition, many beta-values in the linear model are surpris-
ing (Supplementary Fig. 2). For example, the coefficients were almost identical for
both conditional positive regard (= —0.059) and unconditional positive regard
(B= —0.046), despite being effectively opposite behaviours. These coefficients can
occur like this because, in regression, betas represent partial coefficients. These
coefficients look at the unique influence of this behaviour while controlling for all
other behaviours: ‘for teachers whose students believe them to be identical in every
other way, the teacher that does [this behaviour] more raises engagement’. Given
many variables were highly correlated with each other (Supplementary Table 1), the
unique variance explained by each behaviour can be small. This is a good example
where ‘feature reduction’ techniques from predictive models—where the number of
predictors is reduced empirically, like in the lasso model described above—can lead
to better prediction while maintaining or even improving interpretability.

Discussion

In this paper, we focused less on the traditional inferential statistics used to explain
educational psychology phenomena, and instead drew from the cultures and best-
practices for predicting those phenomena (Breiman, 2001; Shmueli, 2010; Yarkoni
& Westfall, 2017). We used a longitudinal design to identify the teacher behaviours
that most predicted changes in student engagement during physical education. We
also aimed to assess how well the behaviours of four influential educational psy-
chology theories (self-determination theory, transformational leadership theory,
achievement goal theory, and growth mindset theory) cumulatively predicted stu-
dent engagement in physical education in low SES schools. Consistent with previ-
ous research, we found that student engagement declined across the first year of sec-
ondary school. We found that a mutually exclusive and collectively exhaustive set of
behaviours drawn from the four theories predicted ~5% of the variance in students’
change in engagement. To do so, the best predictive models tended to draw from a
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relatively small number of behaviours, including both helpful behaviours (particu-
larly quality role modelling and taking interest in students) and unhelpful behaviours
(conditional positive regard). As shown in Supplementary Table 1, impactful behav-
iours were aligned with both self-determination theory and transformational leader-
ship theory, but seldom explicitly aligned with the core tenets of achievement goal
theory or mindset theory.

The percentage of variance in change in engagement we explained is only mod-
erate compared with typical benchmarks (Funder & Ozer, 2019). A correlation of
0.2 (R*=4%) ‘indicates an effect of medium size that is of some explanatory and
practical use even in the short run’ (Funder & Ozer, 2019, p. 166). This may appear
modest given the number of teacher behaviours we examined; however, it is impor-
tant to consider these effects in the context of three important considerations. First,
the turbulent context of our study (i.e., transition to high school) and the longitu-
dinal research design mean we may need to be more modest in our expectations
for how much variability in student experience we can explain by just the student’s
perceptions of their teachers. Second, we saw that typical models from explanatory
statistics, like multiple regression, can show very different predictive accuracy (R?)
on the data used to build the model and new data used to test it. The R? for our linear
model dropped from 13.88 to—0.86% when testing the model on new data, meaning
they were worse than merely predicting the average change in student engagement.
This drop is likely to be more dramatic in our models than would be typical in edu-
cational psychology because of the number of predictors we included. Nevertheless,
it highlights the risks that arise from testing models on the data used to train them:
researchers may develop an illusion of predictive accuracy. Some typical, explana-
tory models may be overstating their predictive accuracy by never testing their pre-
dictions on new data. Shrinking or penalising the size of coefficients, as we did in
our lasso regression, can make predictors look less powerful, but they actually lead
to better predictions on new data. Finally, our penalised model showed that we could
predict change in engagement reasonably well while only using a handful of dis-
crete teacher behaviours (~10). Each of these behaviours may only modestly pre-
dict engagement: for example, the beta (B) values showed that a standard deviation
increase in showing interest in students outside school led to a 0.035 increase in
the student’s predicted engagement. However, showing interest in students outside
of school is only one of hundreds of behaviours that teachers may do to increase
engagement, and these effects are controlling for the influence of those other behav-
iours. As Funder and Ozer (2019) note, even small effects like these are ‘potentially
consequential in the not-very-long run’ (p. 166).

Interpretations of Predictive Results

As described in the introduction, errors in prediction help researchers identify gaps
in theoretical models. Educational psychology researchers may want to explore rea-
sons for the predictive accuracy of the models found here. As described above, by
some standards, our models predict change in engagement moderately well. How-
ever, our model attempted to use the combined recommendations from four major
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theories in educational psychology. As a result, others may view the predictive
accuracy as disappointing, but as noted above, few studies used comparable meth-
ods for testing their predictive accuracy (i.e. using a hold-out test data set). With-
out researchers more frequently using predictive methods like those presented here,
it is not possible to robustly compare the quality of theoretical predictions. If the
field more frequently assesses the predictive validity of their models, we might more
quickly find what we might be missing from our models, so the field can devise bet-
ter explanations and better integrate different theories.

It is important to robustly assess how well psychological models predict out-
comes we care about (Yarkoni & Westfall, 2017), but weak predictive accuracy does
not necessarily rule out a causal relationship. If our model did not select a variable,
it does not mean it has no connection with the outcome. Our predictive models can
help researchers predict whether a student is likely to become more or less engaged,
based on their perception of their teacher on a few key behaviours, but they do not
allow us to confirm that those behaviours are the strongest causal factors influencing
engagement. Role modelling may be a strong predictor of engagement because it is
so highly correlated with other things students find motivating, like teachers talk-
ing about their values or showing students warmth. It is possible those behaviours
are the causal drivers, or that some third variable (e.g. teacher’s age) influences the
student’s perceptions of all three. As with many observational designs, predictive
behaviours from these models do not necessarily mean those behaviours causally
influence engagement.

Similarly, bad predictors are not necessarily unimportant. As mentioned ear-
lier, both mindset theory and achievement goal theory have systematic reviews
demonstrating how constructs from these frameworks influence students (Biddle
et al., 2003; Jaitner et al., 2019; Ntoumanis & Biddle, 1999; Sisk et al., 2018). One
explanation for why those behaviours were not consistently selected in our models
is that the effects may be relatively smaller than those of other teacher behaviours
(Sisk et al., 2018). Or those behaviours might have longer structural causal models
(Pearl, 2010), whereby teacher behaviour less directly influences engagement. The
more ‘dominoes that need to fall’, the smaller the chance that influencing a distal
cause will lead to the hypothesised outcome. As an analogy, socioeconomic status
is often less predictive of university enrolment than academic achievement (Parker
et al., 2018), but that does not mean economic status is an unimportant explanatory
variable. It is just more likely that socioeconomic status predicts university enroll-
ment because of its effect on achievement. In our study, teachers setting mastery
goals may increase engagement, but only if doing so changes student goals from
performance to mastery, and only if making such a change helps students feel com-
petent in a situation where they would have otherwise felt failure. If students already
held performance goals, or if they felt a sense of failure anyway (despite the mastery
goal), then the teacher’s efforts to influence the goal climate may have been a weak
influence on engagement.

Alternatively, behaviours may have also been weak influences because of low
variability between teachers. For example, most researchers would expect ‘abusive
language’ to have a strong negative effect on engagement. However, teachers call-
ing students hurtful names may be rare, so students may not reliably describe how
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frequently it happens across the year. It may have been a weak predictor because,
thankfully, teachers know this is a damaging practice and genuinely avoided it. As a
result, this may be a poor predictor and a weak target for an intervention in this con-
text. In contrast, teachers have a more complicated relationship with behaviours like
‘conditional positive regard’. On one hand, removing warmth and attention is often
recommended to teachers as a behaviour management strategy on the basis of oper-
ant conditioning (Gable et al., 2009). On the other hand, self-determination theory
proposes that conditional regard can thwart all three psychological needs, making
students feel less competent and pressured to conform, while damaging the teacher-
student relationship (Kanat-Maymon et al., 2021). Because of these competing argu-
ments, teachers may be more likely to vary on a behaviour like conditional positive
regard, both between teachers and in the way they treat individual students. Due to
that variability, it may be a strong predictor of engagement and a particularly useful
target for intervention.

In summary, some behaviours with likely causal effects on engagement (e.g.,
abusive language, achievement goals) may not show up in predictive models. These
findings highlight a trade-off between predictive and explanatory methods—while
better causal understanding often improves prediction, better prediction does not
always improve causal understanding. Still, predictive models can help researchers
identify high-leverage variables that most strongly predict changes in engagement.
These predictive models can be used now to assign resources or identify teachers in
need of further training while we search for explanatory models with better predic-
tive performance.

These Behaviours May Be Good Focal Points for Interventions to Improve
Engagement

As described above, behaviours that predict changes in engagement may not neces-
sarily be the strongest causal influences. Our observational design and predictive
models cannot make strong causal claims, almost by design. To determine whether
these behaviours causally influence student engagement, other designs are necessary
(e.g., a randomised trial where some teachers are encouraged to adopt the behav-
iours that predict higher engagement).

Nevertheless, it is possible that the stronger predictors of engagement found in
our data may represent shorter causal models, higher variability between teachers, or
more powerful effects. The behaviours selected by our model may therefore be use-
ful components of interventions for increasing PE engagement among low-SES stu-
dents, or may be useful flags for teachers who may benefit from additional training
(e.g. those who students feel are poor role models). Indeed each of the most predic-
tive behaviours have clear theoretical underpinnings and robust data for their impor-
tance. For example, in contrast with small effects from growth mindsets (Sisk et al.,
2018), meta-analyses have consistently shown that teacher-student relationships
have strong direct effects on engagement (Roorda et al., 2011, 2017). As a result, it
may not be surprising that engagement in physical education would be influenced by
behaviours that directly influence those relationships (e.g. positive role modelling,
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taking interest in students, conditional positive regard). Providing choices is a cen-
tral recommendation of autonomy supportive interventions, which have been shown
to reliably increase engagement (Reeve & Cheon, 2021). Similarly, the benefits of
clear instructions can be understood through cognitive load theory (Sweller et al.,
2019), where poor instructions lead to cognitive overload. Dozens of meta-analyses
have shown that interventions to improve the clarity of instruction improve student
learning (Noetel et al., 2021). So, many of the features selected by our predictive
model have meta-analyses supporting their use and plausible causal chains explain-
ing them. However, the same could be said about the dozens of other behaviours
hypothesised to increase engagement. Predictive models may help researchers
choose from those behaviours, then testing those behaviours in experimental designs
would then provide stronger causal evidence of their effects. This interaction shows
how predictive and explanatory statistics can complement each other.

Data-Driven Decisions May Be Well Informed by Predictive Models

The influential behaviours outlined above could each be explained by compelling
psychological theories. But, by simultaneously assessing the predictions of multiple
theories, we could assess their relative importance. Because the majority of edu-
cational psychology literature has focused on explanation, it has not been able to
disentangle which specific behaviours are most predictive. Randomised controlled
experiments, and meta-analyses of these experiments, have almost always ‘bundled’
a set of theoretically aligned behaviours (Lazowski & Hulleman, 2016). Instead,
by breaking apart the theories into the respective behaviours, and simultaneously
assessing the influence of each behaviour, we were able to identify the behaviours
that might be the highest leverage.

This leverage is important because some theories predict so many teacher behav-
iours would be influential. Our binning and winnowing procedure identified 71
behaviours, almost all of which could be conceptualised within self-determination
theory. Being a comprehensive meta-theory, SDT does provide compelling expla-
nations for why these behaviours may be important, but it does not provide clear
predictions for which behaviours would be most important. For example, one of
the most predictive behaviours in our data was the teachers’ role modelling. While
SDT may provide explanations for why role modelling is important, the behaviour
itself receives more emphasis in transformational leadership theory (Bass, 1985) and
social identity theory (Rees et al., 2015). No one theory emphasises all the most
important constructs, because as identified in other articles of this special issues,
there is a ‘goldilocks zone’ of theoretical breadth (Dinsmore et al., n.d.): too nar-
row and the model is not predictive; too broad and it is imprecise. Cross-theoretical
approaches to model creation and intervention design may help researchers balance
these competing forces of specificity and sensitivity. We want our models to include
all the most important behaviours that influence the outcomes we care about (sen-
sitivity). We also do not want to waste time and resources teaching skills that only
weakly influence outcomes (specificity). Studies like ours demonstrate methods
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through which researchers can make data-driven decisions about how to navigate
this trade-off.

Unseen Data Predictive Accuracy Shows Opportunities for New Methods
and Models

We used a robust and reproducible method for creating a mutually exclusive and col-
lectively exhaustive list of teacher behaviours drawn from four theories of motivation.
As hypothesised, many of these teacher behaviours were correlated with changes in
engagement, but due to high correlations with each other, typical regression or dimen-
sion reduction approaches were not appropriate. Instead, we used an interpretable
machine learning approach (elastic net regression) to assess the combined predictive
validity of these behaviours on unseen data. Given the longitudinal design with spaced
measurement, these models explained a practically significant percentage of the vari-
ance in change in engagement (R’=4.84%). This is a substantial percentage of vari-
ance given the plethora other important factors that would influence student engage-
ment across a year, such as learning materials and peer influences (Hattie, 2008). This
may be particularly true in the first year of high school where students are entering an
entirely new environment. In other words, it is reasonable to have modest expectations
of the influence teachers have on their students. However, many educational psycholo-
gists might be disappointed with this level of predictive accuracy from the collective
suggestions of four established theories.

Using norms from psychology and education (e.g. Funder & Ozer, 2019), our
pooled predictive accuracy would be considered moderate at best; however, those
norms were established using methods for testing model fit on the ‘seen’ data alone.
So, it is possible that our R? is only moderate because of our conservative study
design, but it is more likely that most other studies are overstating their predictive
accuracy by calculating R? on seen data (Yarkoni & Westfall, 2017). R? is almost
always higher on seen data than unseen data (James et al., 2013), but the size of
that gap is important to quantify if we want to improve our models. As we saw from
our ordinary linear regression, models can appear to fit well on the data used to
train them, but rather useless on new data. We are sure this is an extreme example,
and are not suggesting the same would be true of previous educational psychology
research, but it serves as a useful warning example. As far as we know, our study is
one of a small handful in educational psychology that assessed the predictive accu-
racy of their models on unseen data (Parker et al., 2018), so the amount of ‘overfit-
ting’ in educational psychology is hard to assess. We hope more educational psy-
chology researchers test their models prospectively on new data, or at least test them
retrospectively on some quarantined test data as we did here.

We hope this paper functions as a call-to-arms in educational psychology, iden-
tifying a significant gap in the field and a pathway for improving it: given some
complex models can only explain a modest amount of change in an important edu-
cational outcome, how can we update our models to improve our predictive accu-
racy? And when we do, can we become more comfortable with lower R* values by
embracing the best parts of the culture of prediction (e.g. testing models on unseen
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data)? This may feel unnerving for researchers, but if we want to assess the gener-
alisability of our theories, it is important to quantify how well models work on data
not used to build the model. Only by trying to increase our predictive validity, as
well as our explanatory power, can we, as educational psychologists, meet the goals
we set for ourselves as a field. We suggest that a combination of both approaches
will be superior and complementary, rather than an overwhelming reliance on
explanatory models.

Strengths, Limitations, and Future Directions

Prediction and explanation are always in tension (Shmueli, 2010). By focusing on predic-
tion, we chose to spend less time explaining. Studies of mediation analyses have been able
to show that, for example, need satisfaction and self-determined motivation might explain
why interventions grounded in transformational leadership theory work well (Castillo
et al., 2020). Our study was not designed to test these hypotheses, which is unorthodox
given the explanatory culture of fields like educational psychology (Breiman, 2001).
While each approach, explanation and prediction, has strengths, researchers must make
compromises between the two. More complex, flexible models tend to have better pre-
dictive accuracy but also tend to be harder to interpret. Researchers continue to advance
explainable artificial intelligence methods, which aim to get the best of both worlds: the
predictive accuracy of complex models with the ability for humans to explain how mod-
els work (Phillips et al., 2021). We used an elastic net because it is a relatively interpret-
able machine learning method of managing multicollinearity, improving predictive accu-
racy while maintaining interpretability (Molnar, 2021). Other machine learning methods
may allow for more complex models with a larger number of non-linear or interaction
terms, but they are less interpretable than an elastic net, which provides familiar f} esti-
mates. Still, there are limitations to these methods. By shrinking highly correlated predic-
tors, the models can reduce to zero predictors that may be important but that are just bet-
ter explained by nearby behaviours that are correlated. For example, expressing warmth
and affection was correlated with being a good role model (Supplementary Table 1), but
affection was frequently (but not always) shrunk to zero (Fig. 3). When it was selected,
it demonstrated relatively strong effects, but this would likely account for the few times
where ‘role-model’ was not selected. In predictive models, it is not possible to account
for this variability between models without introducing biases (Hastie et al., 2009; James
et al., 2013; Yarkoni & Westfall, 2017). These are necessary compromises that come with
the trade-off between predictive accuracy and interpretability.

Our study was a real-world assessment of a sample across 17 lower socioeconomic
advantage schools. The longitudinal design allows for stronger causal inference and
management of common method variance than cross-sectional designs. However,
it was still observational and relied on student reports of how they perceived their
teachers, so may be subject to the characteristic risks of bias and noise. For example,
a strength of our design was assessing most students before they had encountered
their Year 7 physical education teacher. However, doing so also means we measured
students before and after one of the most significant transitions in a students’ jour-
ney. As a result, there may be substantial amounts of noise introduced into students’
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changes in engagement that may be explained by plethora other factors (e.g. new
friends, larger school, new structure, all new teachers, moving from being the old-
est in the school to the youngest). Also, any students we could not assess before they
entered secondary school completed assessments as soon as possible within the first
term of 2018. This means some of the students’ pre-test ratings of Year 6 engage-
ment may have been influenced by their early experiences of their Year 7 teacher.
We also could not collect data from all 17 schools at the same time, so the inter-
val between our measurement of teaching practice and the outcome differed between
schools. We judged that this artefact would create random variation that would be
unlikely to systematically influence the predictive models—in fact, we assume this
random variation makes the models more generalisable—but it plausibly reduced our
predictive accuracy. Similarly, the specific sport or activity they were studying might
be a random variable that would have induced noise at each timepoint. For example,
some activities might be less conducive to cooperation or engagement than others
(e.g. gymnastics vs. volleyball). Our statistical methods were designed to assess the
generalisability of models to other samples, but given the data were all collected from
low-SES Year 7 physical education classrooms, the predictive model may not gener-
alise to other subjects (e.g. science, literacy) or less disruptive developmental periods
(i.e. compared with the transition to secondary school). Nevertheless, we think the
methods we use here—particularly the predictive models being tested on unseen data,
not used to train the model—could be used more widely throughout educational psy-
chology. Doing so would help us find gaps in our theories and inform useful ways to
synthesise those theories.

Finally, the taxonomy of teacher behaviours we created led to a mutually exclusive
set of behaviours, but we cannot guarantee they were collectively exhaustive. Con-
sensus building exercises with larger panels, like Delphi studies, are the gold stand-
ard for creating these taxonomies, but doing so was beyond the scope of this paper.
The behaviours identified in this paper were subsequently refined through a three-
round Delphi study with a panel of experts in self-determination theory (Ahmadi
et al., 2023). Although most of the final behaviours matched those in our list, those
experts provided suggestions that were not available in time for use in this study. Our
specific items and examples, therefore, may not have been the optimal way of ask-
ing students about these behaviours. Similarly, we chose four theories from the many
good options (Lazowski & Hulleman, 2016; Skinner & Pitzer, 2012). For exploring
student engagement, any choice of four theories will omit theories that make useful,
unique contributions. While we attempted to draw the key hypothesised behaviours
from each of the four theories, and attempted to choose diverse theories of interest
to researchers and educators, we support ongoing efforts to compare, contrast, and
develop theories that better predict and explain student engagement.

Conclusions
Many educational psychological theories aim to predict the influence that teach-

ers will have on their students. In this paper, we used methods from the predictive
culture of statistics to see which teacher behaviours best predicted engagement in
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physical education. We simultaneously assessed the predictions of four motiva-
tional theories, and also assessed the cumulative ability of those theories to pre-
dict change in engagement as students transitioned into secondary school. While
the combined behavioural predictions from those four theories explained a mod-
est percentage of variance on unseen data, a small number of behaviours con-
sistently predicted student engagement. Physical education teachers can engage
students by being good role models, discussing class values, taking interest in
students’ lives, differentiating lessons, and by avoiding unfair rewards, unclear
instructions, punishments, and conditional positive regard. Most behaviours were
drawn from self-determination theory and transformational leadership theory. We
think theories like these are critical for explaining why these behaviours might
be important, but we also argue that theories hope to predict the outcomes that
educational psychologists care about. We describe and use robust methods for
testing how well statistical models predict outcomes using data not used to build
the model. If practices like these become more widespread, we hope educational
psychology can move toward being able to explain and predict key outcomes.
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