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In a replication and extension of an earlier study, we relied on person-centered analyses to identify teacher (Level 1) and school (Level 2) profiles based on teachers' experiences of job demands (barriers to professional development, disruptive student behavior), job resources (teacher collaboration, input in decision-making), and personal resources (self-efficacy). We examined data from 5,439 teachers working in 364 schools in Australia and 2,216 teachers working in 149 schools in England. Latent profile analysis revealed six teacher profiles: Low-Demand-Flourisher (11%), Mixed-Demand-Flourisher (17%), Job-Resourced-Average (11%), Balanced-Average (14%), Mixed-Resourced-Struggler (11%), and Low-Resourced-Struggler (36%). Two school profiles were identified: an Unsupportive school profile (43%) and a Supportive school profile (57%). Several significant relations between these profiles and teacher/school characteristics and work-related outcomes were also identified at both levels. Although our results generally replicated prior findings, some differences were also observed, possibly as a results of recent changes in policies regarding in teacher support and accountability. Next, we extended prior work using a subsample of the Australian teachers for whom we had matching student data. This second set of results revealed that schools with a greater proportion of low-SES students were more likely to present an Unsupportive school profile. Moreover, the Supportive school profile was associated with higher levels of student-reported instructional support and school-average achievement in reading, mathematics, and science.
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INTRODUCTION

Teachers' exposure to a variety of demands and resources at work is known to be associated with important workplace outcomes (e.g., Dicke et al., 2018; Skaalvik and Skaalvik, 2018). Recently, researchers have begun to examine demand-resource profiles to better understand the role played by distinct combinations of work-related demands and resources, and the extent to which these combinations are linked to different outcomes among teachers (e.g., Simbula et al., 2012; Collie and Martin, 2017). Emerging work is also considering these profiles at the school-level. More precisely, researchers have started to examine whether different types of schools can be identified based on the prevalence of different teacher demand-resource profiles (Collie et al., 2020a). The combined identification of teacher and school profiles can be helpful for informing policy and practice to improve teachers' experiences at work, and potentially their students' outcomes as well.

Collie et al. (2020a) provided the first ever multilevel person-centered investigation of teacher and school demand-resource profiles, along with an examination of how these profiles were related to teacher- and school-level outcomes. They did so using data collected in the Teaching and Learning International Survey (TALIS) 2013 from Australia and England, which are two countries that have similarities in their educational systems and student populations (for a discussion, see Collie et al., 2020a; see also Fackler et al., 2020). The first goal of the present study is to assess whether Collie et al.'s (2020a) seminal research findings will be replicated among new samples of Australian and English teachers using data collected 5 years later as part of TALIS 2018, and relying on the same measures of job demands (barriers to professional development, disruptive student behavior), job resources (teacher collaboration, input in decision-making), and personal resources (self-efficacy). Given the many changes and increases in complexity that have impacted teachers' work between 2013 and 2018 (discussed in detail below; Guerriero and Révai, 2017), testing for replication using large-scale representative data appears to be critically important for at least two reasons. First, it provides a means to better understand teachers' contemporary experiences. Second, it provides a means to assess whether and how these recent changes may have affected teachers' work orientation. Thus, following from Collie et al. (2020a), the present study seeks to identify teacher and school demand-resource profiles separately in each country, before relying on systematic tests of profile similarity to assess replication across countries. We then consider how these profiles are related to teacher and school characteristics and to outcomes located at both levels of analysis (teacher and school-average job satisfaction and occupational commitment). Figure 1 displays the models under examination.
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FIGURE 1. Hypothesized models tested in the study at the teacher- and school-level. In phase one of analysis, teacher-level profiles were identified based on the demands and resources. Then, tests of associations between profile membership and predictors (teacher characteristics) and outcomes (teacher-level outcomes) were conducted. Following this, school-level profiles were identified. Then, tests of associations between profile membership and predictors (school characteristics) and outcomes (school-level outcomes) were conducted. In phase two†, analyses involved a subsample of Australian teachers who worked at schools with matched student data, and tests between profile membership and student outcomes (i.e., instructional support, student achievement) were conducted. Not shown here are the tests of profile similarity that were conducted to compare the teacher- and school-level results across countries (see Methods).


The second goal of the current study is to extend Collie et al.'s (2020a) research (and other prior work) by examining whether and how the identified school profiles are associated with differences in student-reported outcomes. Examining the extent to which school profiles are linked with students' outcomes has the potential to guide intervention efforts aiming to promote healthy and effective schools—both for teachers and students. In the current study, we examined (school-average) student perceptions of instructional support provided by teachers (autonomy-support, instrumental help, and warmth) and achievement in reading, mathematics, and science. In this second phase, data from a subsample of Australian teachers was used, along with matched student data aggregated at the school-level from the Programme for International Student Assessment (PISA) 2018 study.


Conceptual Framework and Relevance for Person-Centered Approaches

We rely on the Job Demands-Resources (JD-R) theoretical model (Bakker and Demerouti, 2017) as the conceptual framework for the present study. According to the JD-R framework, all jobs are seen as involving a range of demands and resources that are psychological, social, physical or organizational in nature. Whereas, job demands (e.g., high workload) entail a cost for the employee, and hinder employee functioning at work, job resources (e.g., social support) represent a gain for the employee and help to foster employee positive functioning at work (Bakker and Demerouti, 2017). JD-R theory also establishes that employees bring with them their own personal resources (e.g., self-efficacy), which act as additional types of resources in fostering employee positive functioning at work. Thus, the JD-R theoretical framework assumes that job demands, job resources, and personal resources are all directly associated with important work-related outcomes for the exposed employees, such as motivation, well-being, and performance. In addition to those direct processes, JD-R theory proposes two interactive processes. In the first, which is called the buffering process, job resources are posited to reduce the detrimental impact of job demands on negative outcomes like burnout and stress. In the second, which is called the boosting process and was the focus in the present study, high job demands are posited to enhance the beneficial impact of resources on positive outcomes such as motivation and well-being (Bakker and Demerouti, 2017). The boosting process occurs because job resources become more useful and relevant when demands are high.

A growing body of work has examined teachers' experiences of demands and resources at work. These studies generally show that job demands tend to be associated with poorer work-related outcomes for the exposed teachers (e.g., greater emotional exhaustion, lower well-being, and reduced work commitment; Skaalvik and Skaalvik, 2018), whereas job and personal resources tend to be associated with more positive outcomes (e.g., greater job satisfaction, lower stress; Collie et al., 2018). In addition, research has provided support for the boosting process, whereby job resources appear to share a stronger association with positive outcomes when job demands are high (Bakker et al., 2007). Notably, however, this prior research has largely been conducted using variable-centered approaches (e.g., multiple regression, path analyses) that describe how isolated types of demands and resources are associated with outcomes on average. Because variable-centered approaches rest on the assumption of population-homogeneity, they provide information about associations at a sample-wide level and about particular variables that could be targeted in broad intervention efforts.

More recently, researchers have begun relying on person-centered (e.g., latent profile analysis; Mäkikangas et al., 2018) investigations of the JD-R theoretical framework. Person-centered approaches allow for the identification of different subpopulations (or profiles) of teachers characterized by qualitatively distinct configurations of demands and resources. In this context, person-centered approaches appear to be highly relevant to the development of intervention procedures tailored to distinct profiles of teachers. With respect to JD-R theory, person-centered approaches are particularly relevant to investigating the boosting (and buffering) process (Collie et al., 2020a). Indeed, whereas variable-centered research is able to examine the boosting process via tests of interactions among pairs of variables, it is difficult to clearly interpret the results from analyses involving more than three interacting factors. In contrast, person-centered approaches are able to directly consider the combined role played by any number of demands and resources simultaneously. This has practical implications for schools, in which principals typically have to deal with “types” (or profiles) of teachers presenting different characteristics, rather than with the isolated and combined effects of variables. As such, person-centered profiles tend to be readily recognizable in practice. Importantly, person-centered analysis can be used to identify both individual- and school-level profiles, such as teacher and school profiles, making it possible to devise initiatives targeting specific types of teachers, as well as specific types of schools.



Overview of Prior Research on Demand-Resource Profiles

A small, but growing body of work has identified demand-resource profiles among employees and organizations, with a handful of these studies having more specifically focused on teachers and schools. For example, Simbula et al. (2012) investigated two job resources (professional development and collegial support) and two job demands (role ambiguity and over investment in work) among teachers. Their findings revealed three profiles: high demand-high resource, high demand-low resource, and low demand-high resource. Among an undifferentiated sample of employees, Van den Broeck et al. (2012) identified three similar profiles, along with a fourth (low resource-low demand) in a study focusing on several job demands (e.g., workload, emotional and cognitive demands) and job resources (e.g., social support, autonomy). In terms of organization-level profiles, Mäkikangas et al. (2018) examined department-level demand-resource profiles among university employees. They showed two employee profiles (low demand-high-resource vs. high demand-low resource), along with two department-level profiles: a high stress department (dominated by employees corresponding to the high demand-low resource profile) and a mixed-stress department (characterized a relatively even mix of the two employee profiles). More recently, Collie et al. (2020a) conducted a multi-level investigation of demand-resource profiles among teachers (Level 1) and schools (Level 2). Because this study forms the basis for the current study, we now consider their work in greater detail.


Key Findings From an Earlier Study

Collie et al. (2020a) examined five demands and resources that are known to play a major role in the capability of teachers to effectively undertake their work. Barriers to professional development is a first type of job demand referring to teachers' exposure to issues preventing them from accessing the training required for their ongoing learning and development (e.g., financial constraints, limited opportunities; OECD, 2009; Broadley, 2010). Disruptive student behavior is a second type of job demand referring to teachers' exposure to student off-task behavior that hinders effective instruction (e.g., students refusing to listen, antisocial behaviors; Skaalvik and Skaalvik, 2018). Teacher collaboration is a first type of job resource referring to the extent to which teachers are able to efficiently work with their colleagues to plan, develop, teach, and assess student learning (OECD, 2014). Teacher input in decision-making is a second type of job resource referring to teachers' perceptions that their school provides them with opportunities to have an input in, and share responsibility for, school decisions (OECD, 2014). Finally, self-efficacy for teaching is a personal resource referring to teachers' confidence in their ability to efficiently undertake a range of tasks designed to ensure and maximize student learning (Tschannen-Moran and Woolfolk Hoy, 2001). The present study focuses on the same demands and resources.

Taken together, these five demands and resources reflect relatively common experiences in teaching that impact teachers' ability to be effective and to thrive at work (e.g., Klassen et al., 2012). More precisely, these five factors encompass teachers' interactions with students, colleagues, and school leaders, as well as teachers' own professional development and confidence. Teachers who have positive interactions with others at school, and who feel confident in their abilities, have been found to be more likely to experience positive work-related outcomes (e.g., Klassen et al., 2012). The opposite is true for teachers who have challenging interactions with students or who do not experience agency in relation to their professional growth (e.g., Skaalvik and Skaalvik, 2018).

At the teacher-level (Level 1), Collie et al. (2020a) identified five demand-resource profiles that were equivalent across samples of teachers from Australia and England. The first profile, called the Low-Demand-Flourisher, was characterized by low demands and high resources (both job and personal). The second profile, called the Mixed-Demand-Flourisher, was characterized by low-average demands and high resources. The third profile, the Job-Resourced-Average profile, was characterized by average job demands, above average job resources, and average personal resources. The fourth profile, the Balanced-Average profile reported average levels across all demands and resources. Finally, the Struggler profile reported high demands and low resources. At the school-level (Level 2), Collie et al. (2020a) identified two school profiles: a Supportive school profile comprising relatively equal levels of the Mixed-Demand-Flourisher, Job-Resourced-Average, Struggler, and Low-Demand-Flourisher profiles, and an Unsupportive school profile comprising much higher levels of the Struggler profile. These school profiles were also found to be equivalent in Australia and England.



Summary

Taken together, prior research provides growing understanding of the nature of the demand-resource profiles most commonly identified among teachers and schools. At the same time, given the limited number of previous studies, more research is needed to ascertain the extent to which the same number of profiles, characterized by a similar shape, will be identified in new samples, and whether these profiles will display similar outcome implications and associations with predictors. This verification is important in order to formally assess the extent to which previous results can be expected to generalize to new samples of participants, which forms an important pre-requisite to the development of intervention procedures guided by these person-centered results (e.g., Morin et al., 2016). Furthermore, it is also important to consider how these profiles will related to novel predictors and outcomes for extending our understanding of their nomological network.

As noted earlier, the aim of the present study is to replicate Collie et al.'s (2020a) research, but also to extend this earlier study. Replication was undertaken by conducting person-centered analyses on the same set of demands and resources among a similar sample of Australian and English teachers (Level 1) and schools (Level 2) using data collected 5 years after those examined in the Collie et al. (2020a) study. In the upcoming pages, we first outline how changes in policies and practices occurring between 2013 and 2018 might have impacted teachers' work experiences over this time. These changes provide a compelling case for the importance of conducting a replication study. We then more specifically address the various predictors and outcomes considered in the present study, as well as how this study was designed to extend upon Collie et al.'s (2020a) results.




Recent Changes in Teachers' Work

Although many aspects of teachers' work roles remained similar between 2013 and 2018, there was also (inevitable) ongoing evolution of the teaching profession that resulted in some changes to teachers' experiences of demands and resources at work. Worldwide, there has recently been concern about the growing complexity of the teaching profession and the rising demands being placed upon teachers (e.g., Guerriero and Révai, 2017; OECD, 2019a). In both Australia and England, significant concerns about high workload have been raised by governments (e.g., UK Department for Education, 2018; Parliament of Australia, 2019). Alongside these concerns, there were also policy shifts in Australia and England between 2013 and 2018 that may have impacted teachers' perceptions of work. Thus, both countries implemented new policy priorities toward improving teacher quality, including increases to school funding and the promotion of teachers' professional development and collaboration (OECD, 2019a). This may have led to greater access to professional development and higher levels of collaboration with colleagues. At the same time, (student-reported) disruptive student behavior has recently been found to be higher in Australia and England than in many other OECD countries (OECD, 2019a), and was found to have increased in Australia over the past decade (Thomson et al., 2020). Increases in compliance, accountability, and external evaluation are also apparent in both countries between 2013 and 2018 (OECD, 2019a). These changes might have meant that teachers experienced increases in disruptive behavior and decreases in their ability to provide input in decision-making. Compliance and accountability are also known to be associated with reduced self-efficacy among teachers (von der Embse et al., 2016).

Taken together, although teachers' work roles remained broadly similar from 2013 to 2018, policies and practices changed during this period in a way that might have impacted teachers' experiences, and demand-resource profiles, at work. For example, increases in accountability and compliance (OECD, 2019a) might be accompanied by shifts in teachers' experiences of input and self-efficacy at work, as well as in the way these two types of resources tend to be associated for teachers. Alternatively, if we assume that the identified profiles reflect more enduring differences among teachers, who work in an occupation that is known to experience changes in policies and practices in an ongoing manner, then these changes might not have impacted the nature of the observed demand-resource profiles. Arguably, these two possibilities are both likely. Thus, although we do expect the identified profiles to generalize (which is a critical condition to our ability to use them to guide interventions that will be efficient over time), we leave as an open research question whether this generalizability will be complete, or partial. Furthermore, it is also possible that the changes occurring between 2013 and 2018 might have modified the associations between the observed profiles and the predictors and outcomes. We now turn our attention to these predictors and outcomes.



Teacher and School Characteristics That Predict Profile Membership

Teacher background characteristics have been shown to predict membership in demand-resource profiles. For example, male teachers and more experienced teachers tend to correspond to less adaptive teacher profiles (e.g., Collie et al., 2020a). Given these results, teacher sex and teaching experience were examined as predictors of the teacher profiles identified in the present study. Little is known, however, in relation to variables involved in the prediction of school profiles. For instance, Mäkikangas et al. (2018) found no associations between departmental size and the department-level profiles identified among university employees. Notably, Collie et al. (2020a) did not examine school-level predictors in their study. In the present study, school-level predictors were thus considered as a way to expand upon Collie et al.'s (2020a) prior work. In light of prior variable-centered research results highlighting the key role played by various school characteristics, this inclusion is deemed to be important. For instance, different school locations are known to come with unique supports and challenges that can impact teachers' workplace experiences (Klassen and Chiu, 2010). For example, schools in less populous locations and with lower socio-economic status typically have less access to teaching resources and professional development opportunities (e.g., Broadley, 2010). Larger schools have been shown to engage in more teacher collaboration (Collie et al., 2020b), but to have lower levels of teacher input (Collie, 2021). Likewise, in English-speaking countries, schools with more students from non-English speaking backgrounds have been shown to have lower levels of teacher collaboration (Collie et al., 2020b). Given these variable-centered associations, it appeared important to consider the extent to which various school characteristics are also associated with school demand-resource profiles.

In sum, the present study first provided an opportunity to verify whether Collie et al.'s (2020a) results regarding the role played by two teacher characteristics (sex, teaching experience) in predicting teachers' membership into the various profiles would generalize in this new sample collected 5 years later. In addition, it also allowed us to expand on these previous results by also considering the role played by four school characteristics (school location, school size, proportion of students from low socio-economic status [SES] backgrounds, and proportion of students from non-English speaking backgrounds) in the prediction of the school-level profiles. We anticipated that the findings obtained at the teacher-level would be similar to those reported by Collie et al. (2020a). At the school-level, based on the previously reported variable-centered results, we hypothesized that schools located in more populous locations, as well as schools with fewer students from low-SES and non-English speaking backgrounds would be more likely to display a Supportive profile. Given mixed findings related to school size, we left the nature of the associations between this school characteristic and the profiles as an open research question.



Teacher and School Profiles and Associations With Teacher and Student Outcomes

Membership in demand-resource profiles is associated with differences in teachers' work-related outcomes. For example, in Collie et al.'s (2020a) study, the two Flourisher profiles (characterized by average or low demands, and high resources) tended to display the highest levels of job satisfaction (i.e., contentment regarding one's job) and occupational commitment (attachment to one's profession), followed by the two Average profiles (mixed or average resources/demands), and finally by the Struggler profile (high demands, low resources). At the school-level, Collie et al. (2020a) found that the Supportive school profile displayed higher levels on the two outcomes than the Unsupportive school profile. In addition, their results showed that Australian teachers and schools typically reported higher levels on these two outcomes than English teachers and schools. In the current study, we seek to replicate these findings. We also extended Collie et al.'s (2020a) results by considering the school profiles in relation to (school-average) student outcomes (perceptions of instructional support and achievement).

A growing body of research highlights the association between teachers' experiences at work and student outcomes. For example, teachers' job and personal resources have been associated with higher levels of student achievement, motivation, and perceived instructional support (Burić and Kim, 2020). The reverse has been found for job demands (Collie et al., 2020b). To our knowledge, however, prior research has almost universally employed variable-centered approaches to identify links between variables at a sample-wide level. One exception comes from Klusmann et al.'s (2008) research examining personal resource profiles (of engagement and resilience) among teachers. In this research, the authors revealed that more adaptive profiles (high engagement and resilience) tended to be associated with higher levels of perceived instructional support among students than less adaptive profiles.

In the present study, we rely on person-centered analyses to examine the extent to which the identified school demand-resource profiles will be associated with different levels of school-average instructional support as perceived by the students, and with different levels of school-average academic achievement in three areas (reading, mathematics, and science) as assessed in PISA 2018. We consider three types of instructional support: (1) Students' perceptions of autonomy-support, referring to the extent to which teachers are perceived as supporting students' empowerment and self-initiative (Skinner and Belmont, 1993; Ryan and Deci, 2017); (2) Students' perceptions of instrumental help, referring to the extent to which teachers are perceived as using feedback to guide student learning and improvement (Skinner and Belmont, 1993; Ang, 2005); (3) Students' perceptions of teacher warmth, referring to the extent to which teachers are perceived as displaying enjoyment and enthusiasm in relation to teaching and to the subject content (Skinner and Belmont, 1993; Keller et al., 2016). Together, the three types of instructional support encompass key components of well-known models of effective instruction (e.g., Skinner and Belmont, 1993; see also Hamre et al., 2013). Because school characteristics are known to be associated with students' perceptions of instructional support and achievement (e.g., Burns et al., 2019), we also examined the associations between the school profiles and student outcomes while controlling for school characteristics.

Overall, we anticipate that more supportive school profiles would be linked with higher levels on all outcomes. This is because schools where teachers experience more positive relationships and support, and where teachers are more confident in their teaching, are more likely to provide a more supportive and effective learning environment for students (e.g., Burić and Kim, 2020). Likewise, in schools where teachers feel supported at work, students are also more likely to feel supported and to thrive academically (Collie and Martin, 2017).




STUDY OVERVIEW

The aim of the present study was to replicate and extend prior research by identifying teacher and school demand-resource profiles, along with their predictors and outcomes at the teacher-level (Level 1) and school-level (Level 2). In the first (replication) phase of the study, demand-resource teacher and school profiles were identified among teachers from Australia and then England using multilevel latent profile analyses. Profile similarity tests were then conducted to systematically verify the extent to which the results are comparable across countries. Following this, additional analyses were conducted to assess whether and how the teacher and school profiles are predicted by teacher (sex, teaching experience) or school characteristics (school location, school size, proportion of students from low-SES backgrounds, and proportion of students from non-English speaking backgrounds; with and without controls for predictors), and are associated with teacher or school-average outcomes (job satisfaction and occupational commitment). In the second (extension) phase of the study relying on a subsample of the Australian teachers, along with matched data from students, we ascertained the extent to which the school profiles are predicted by the same school characteristics and are associated with student outcomes (with and without controls for predictors in place). The student outcomes were students' perceptions of instructional support (i.e., autonomy-support, instrumental help, warmth) and achievement in reading, mathematics, and science.



METHODS


Sample and Procedure

Data used in the present study were from the TALIS 2018 (OECD, 2019c) and PISA 2018 (OECD, 2020) surveys. Institutional review board approval was received for the study and all ethical requirements were complied with in undertaking the study.


Phase 1

The Phase 1 sample included 5,439 teachers from 364 schools located in Australia and 2,216 teachers from 149 schools located in England from TALIS 2018. Every 5 years, the Organization for Economic Cooperation and Development (OECD) runs TALIS, which involves comprehensive and nationally-representative data collection among teachers in relation to a range of workplace experiences and perceptions. The TALIS 2018 sample was built using a two-stage probability sampling design to ensure a representative sample of schools and teachers in both countries (for details see OECD, 2019c).

Starting with the Australian sample, participating teachers were 62% female, had an average teaching experience of 15 (SD = 11) years, and around half (51%) of them were aged between 30 and 49 years. Most teachers (80%) were working full-time, and almost all (97%) had a bachelor's degree or higher. The Australian teachers taught at ISCED Level 2 (lower secondary) and/or ISCED Level 3 (upper secondary). Over half (61%) of the participating Australian schools were publicly managed, and the majority had fewer than one-third of students from low-SES backgrounds (67%). The majority of schools (57%) had a male principal who had, on average, 8 (SD = 7) years of experience as a principal. The schools were located in villages (6%; ≤3,000 people), towns (28%; 3,001–100,000 people), and cities (63%; >100,000 people). There were on average 15 (SD = 4) teachers per school.

Participating teachers from England were 65% female, had an average teaching experiences of 13 (SD = 12) years, almost two-thirds (62%) of them were aged between 30 and 49 years. Most teachers (80%) were working full-time, and 99% had a bachelor's degree or higher. The entire English sample taught at ISCED Level 2 (lower secondary). Just over one-third (36%) of the participating English schools were publicly managed, and the majority had fewer than one-third of students from low-SES backgrounds (69%). Most schools (59%) had a male principal who had, on average, 6 (SD = 5) years of experience as a principal. The schools were located in villages (9%; ≤3,000 people), towns (54%; 3,001–100,000 people), and cities (38%; >100,000 people). There were on average 15 (SD = 4) teachers per school.



Phase 2

A subsample of 2,099 Australian teachers from 130 schools was examined, along with matched data from 2,048 students who participated in PISA 2018. Using the OECD (2019c) TALIS-PISA link, it was possible to match the teacher and student data at the school level. The TALIS-PISA linked data were only available for the ISCED Level 3 (upper secondary) teachers in the Australian teacher sample (England did not participate in the TALIS-PISA link). Teachers from this subsample were 60% female, had an average teaching experience of 15 (SD = 11) years, and 51% of them were aged between 30 and 49 years. Most schools (59%) had a male principal who had, on average, 8 (SD = 7) years of experience as a principal. The schools were located in villages (8%; ≤3,000 people), towns (28%; 3,001–100,000 people), and cities (64%; >100,000 people). The students were 51% female with an average age of 15.80 years (SD = 0.30) years. In the subsample, there were on average 16 (SD = 4) teachers and 18 (SD = 5) students per school.




Measures

Teacher and school measures were drawn from the TALIS 2018 Teacher and Principal Questionnaires, respectively (OECD, 2019c). Student measures were drawn from the PISA 2018 Student Questionnaire (OECD, 2020; see Supplementary Material for items). The profile indicator variables and the teacher characteristics were modeled at the teacher-level. The teacher outcomes (job satisfaction and occupational commitment) were modeled at the teacher- and school-level. School characteristics and student outcomes were modeled only at the school-level.


Job Demands

Barriers to professional development was assessed with 6 items from the TALIS 2018 “Barriers to Professional Development” scale (e.g., “Professional development is too expensive/unaffordable”). Disruptive student behavior was assessed with items from the TALIS 2018 “Your Teaching” scale (3 items; e.g., “I lose quite a lot of time because of students interrupting the lesson”). For both scales, items were scored from 1 (Strongly disagree) to 4 (Strongly agree). Reliability was assessed with coefficient omega1 and was adequate across both countries for barriers to professional development (ω = 0.755) and disruptive student behavior (ω = 0.908). The barriers to professional learning scale displayed 7% variance at the school-level (intraclass correlation [ICC] = 0.074). Although this is somewhat modest, this proportion is sufficient to support the need for multilevel analyses (Bliese et al., 2018). The disruptive student behavior scale also demonstrated adequate variance at the school-level (ICC = 0.169).



Job Resources

Teacher collaboration was assessed with items from the TALIS 2018 “Teaching in General” scale (3 items; e.g., “On average, how often do you do the following in this school? Exchange teaching materials with colleagues”). Items were scored on a scale from 1 (Never) to 6 (Once a week or more). Reliability estimates were adequate across both countries (ω = 0.719) and there was adequate variance at the school-level (ICC = 0.195).

Teacher input in decision-making was assessed with items from the TALIS 2018 “School Climate” scale (3 items; e.g., “This school provides staff with opportunities to actively participate in school decisions”). Items were scored from 1 (Strongly disagree) to 4 (Strongly agree). Reliability was satisfactory (ω = 0.838) and there was adequate variance at the school-level (ICC = 0.156).



Personal Resources

Teacher self-efficacy was assessed with items from the TALIS 2018 “Teaching in General” scale, which encompasses three types of self-efficacy: self-efficacy for classroom management (4 items; e.g., “Control disruptive behavior in the classroom”), self-efficacy for instruction (4 items; e.g., “Vary instructional strategies in my classroom”), and self-efficacy for student engagement (4 items; e.g., “Motivate students who show low interest in school work”). Items all followed the stem “In your teaching, to what extent can you do the following?” and were scored from 1 (Not at all) to 4 (A lot). Reliability for the three factors of self-efficacy was satisfactory (ω = 0.775–855). For reasons of parsimony and because the self-efficacy factors were quite highly intercorrelated (r's = 0.60–0.63), self-efficacy was modeled as a single higher-order factor (ω = 0.824) displaying modest, but sufficient variance at the school-level (ICC = 0.066; Bliese et al., 2018).



Teacher Characteristics

Teacher sex was coded 0 for female, 1 for male. Teaching experience was a continuous variable measured in years.



School Characteristics

School location was coded 1 for a village (≤3,000 people), 2 for a town (3,001–100,000 people), or 3 for a city (>100,000 people). School size was coded as 1 (under 250 students), 2 (250–400 students), 3 (500–749 students), 4 (750–999 students), or 5 (>1,000 students). Proportion of students from low socio-economic status (SES) backgrounds and proportion of students from non-English speaking backgrounds (NESB) were coded as 1 (0%), 2 (1–10%), 3 (11–30%), 4 (31–60%), or 5 (more than 60%).



Teacher Outcomes

Job satisfaction (3 items; e.g., “All in all, I am satisfied with my job”) and occupational commitment (4 items; e.g., “If I could decide again, I would still choose to work as a teacher”) were assessed with items from the TALIS 2018 “About Your Job” scale. For both outcomes, items were scored from 1 (Strongly disagree) to 4 (Strongly agree). Both outcomes were modeled at the teacher- and school-levels. Reliability was satisfactory at the teacher-level (ω = 0.847 for job satisfaction; ω = 0.831 for occupational commitment) and the school-level (ω = 0.989 for job satisfaction; ω = 0.950 for occupational commitment). Job satisfaction (ICC = 0.138) and occupational commitment (ICC = 0.047) both had enough variability at the school-level (Bliese et al., 2018).



Student Outcomes

Instructional support was assessed with three scales reported by students and aggregated at the school-level in analyses. Autonomy-support was assessed with the PISA 2018 “Teacher Support” scale (3 items; e.g., “The teacher listened to my view on how to do things”). Items were scored from 1 (Strongly disagree) to 4 (Strongly agree). Reliability was satisfactory at the student- (ωStudent = 0.904) and school-level (ωSchool = 0.990), and school-level variability was sufficient (ICC = 0.036).

Instrumental help was assessed with items from the PISA 2018 “Perceived Feedback” scale (3 items; e.g., “The teacher gives me feedback on my strengths in this subject”). Items were scored from 1 (Never or almost never) to 4 (Every lesson or almost every lesson). Reliability was satisfactory at the student-level (ωStudent = 0.913) and school-level (ωSchool = 0.979), and school-level variability was sufficient (ICC = 0.035).

Teacher warmth was assessed with the 4 items in the PISA 2018 “Perceived Teacher Interest” scale (4 items; e.g., “It was clear to me that the teacher liked teaching us”). Items were scored from 1 (Strongly disagree) to 4 (Strongly agree). Reliability was satisfactory at the student-level (ωStudent = 0.887) and school-level (ωSchool = 0.984), and school-level variability was sufficient (ICC = 0.078).

School-average achievement in the areas of reading, mathematics, and science was measured via the Bayesian plausible values provided for each student in PISA 2018 and aggregated at the school-level in analyses. In PISA 2018, the reading test assessed students' capacity in locating information, comprehension and integrating knowledge, and evaluating and reflecting (OECD, 2019b). The mathematics test covered three areas: recognizing and identifying appropriate mathematical approaches; employing mathematical concepts and facts; and, interpreting, applying, and evaluating mathematical outcomes (for full details, see OECD, 2019b). The science test assessed three domains: understanding of different personal, local, national, and global contents; content, procedural, and epistemic knowledge relating to science facts, concepts, and theories; and, competencies including explaining, evaluating, and interpreting science tasks and data (OECD, 2019b). For each student and in each of the achievement areas, PISA produces 10 plausible values (for further details, see OECD, 2020). To accurately employ these scores, models need to be estimated 10 times (each with a different set of plausible values; OECD, 2020). Results are then aggregated using the Rubin (1987) strategy to obtain unbiased parameter estimates and standard errors. To calculate reliability, the 10 plausible values for each subject were used as indicators of a latent factor. Estimates were satisfactory at the student-level and school-level for reading achievement (ωStudent = 0.991, ωSschool = 0.999), mathematics achievement (ωStudent = 0.976, ωSschool = 0.997), and for science achievement (ωStudent = 0.984, ωSschool = 0.998). Reading achievement (ICC = 0.199), mathematics achievement (ICC = 0.245), and science achievement (ICC = 0.208) demonstrated adequate variance at the school-level.




Data Analysis

All analyses were conducted using Mplus 8.4 (Muthén Muthén, 2019). Teacher (TCHWGT), student (W_FSTUWT), and school weights (SCHWGT) were applied to account for the probabilities of selection and participation at the different stages of sampling (see OECD, 2019b,c for details). The clustering of teachers within schools was accounted for in single-level modeling by using the Mplus design-based correction procedures (Asparouhov, 2005). The robust maximum likelihood (MLR) estimator was used in all models. This estimator is robust to non-normality and to complex data structures. The limited amount of missing data was handled using full information maximum likelihood (FIML) estimation procedures (Enders, 2010). More precisely, missing data for teacher-level variables (demands, resources, teacher outcome, and teacher characteristics) were 1–5% (except disruptive student behavior, which was 16%). Missing data for school characteristics were 3–6%. Missing data for aggregated student-related outcomes were 7% for instructional support and 0% for achievement.



Preliminary Analyses

Preliminary confirmatory factor analyses (CFA) were conducted to ascertain the psychometric properties of our measures, and their measurement invariance (Millsap, 2011) across countries. Separate sets of models were estimated for the profile indicators (the five demands and resources), the teacher outcomes, and the students' instructional support outcomes. Because the profile indicator variables are only estimated at the teacher level, and then the profiles are used to estimate school-level profiles, the measurement models underpinning these indicators were estimated at the teacher level. In contrast, because the teacher outcomes were modeled at both the teacher and school levels, these preliminary analyses relied on multilevel-CFA. Finally, because student outcomes were reported by the students, but used at the school level (student and teachers were only matched at the school level in the TALIS-PISA link), these preliminary analyses relied on multilevel-CFA conducted at the student and school levels. The estimates of composite reliability (omega) and intraclass correlation coefficients (ICC) reported in the “Measures” sections were calculated from the most invariant of these measurement models (factor loadings, intercepts, residuals, covariances, variances, and means). Factor scores were saved from the most invariant of these measurement models and used as input for our main analyses, together with manifest scores reflecting the teacher characteristics, school characteristics, and aggregated achievement outcomes. Additional details on these preliminary analyses, which supported the complete invariance of our measures and the isomorphism (equality) of our factor loadings across levels for all multilevel analyses are reported in the first section of the Supplementary Material. Table 1 shows the reliability coefficients and descriptive statistics at the teacher-level and school-level. Latent correlations among the variables from the most invariant models are available in Supplementary Table 2. Prior to undertaking our main analyses, a multigroup (across countries) baseline model using the factor scores of the profile indicators was estimated to standardize the sampling weights separately for each country using procedures outlined in Collie et al. (2020a). These standardized weights were then used in all analyses outlined below.


Table 1. Reliabilities and descriptive statistics for both countries.
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Phase 1: Single-Level and Multilevel LPA

This initial phase of the study seeks to replicate Collie et al.'s (2020a) study using analytical procedures extensively documented in that previous study. For this reason, we only provide a brief summary of the analytic steps here, and refer interested readers to the Supplementary Material of the Collie et al. (2020a) study for additional details. First, single-level latent profile analyses (LPA) were used to estimate teacher profiles based on the means and variance of the profile indicators at Level 1 (L1). Once the optimal representation of teachers' profile was identified, multilevel-LPA were used to identify school profiles based on the relative frequency of occurrence of these teacher profiles at the school level. For both single-level and multilevel LPA, we estimated solutions including 1 to 8 profiles, separately for the two countries. Each model was estimated using 10,000 random sets of start values, 1,000 iterations, and 100 final stage optimizations. We verified that the best log-likelihood value was properly replicated for all models.

Several indices were employed to assess the relative adequacy of the models, along with elbow plots reflecting the decrease in the value of these indicators as a function of added profiles (e.g., Morin and Litalien, 2019). More precisely, we relied on the Akaike information criterion (AIC) and its consistent version (CAIC), and on the Bayesian information criterion (BIC) and its sample size-adjusted version (SSA-BIC). For these indices, a lower value indicates better fit. Because these values are sample size dependent and thus often fail to converge on a specific solution, we consider a graphical display of these indicators (i.e., an elbow plot). The point at which the drop in the value of these indicators noticeably flattens can be used to guide model selection (Morin et al., 2016). For the single-level models, we also report the p-value associated with the adjusted Lo–Mendel–Rubin Likelihood Ratio Test (pLMR; this indicator is not available for multilevel-LPA). A statistically significant value on this test supports the value of a solution in relation to a solution with one fewer profile. Alongside these indices, we used parsimony, conceptual relevance, and statistical adequacy to help determine the optimal solution.

After determining the optimal solution separately for each country, at both levels, we undertook tests of profile similarity to ascertain the extent to which the profile solutions could be considered to be comparable across the two countries (Morin et al., 2016). These tests were first conducted for the single-level LPA (Morin et al., 2016) and then for the multilevel LPA starting from the most similar single-level LPA solution (Collie et al., 2020a). More precisely, at the teacher level, we estimated models of configural (i.e., same numbers of profiles), structural (i.e., same within-profile means on the profile indicators), dispersion (i.e., same within-profile means and variances on the profile indicators), and distributional (i.e., same within-profile means and variances, and same profile sizes) similarity across countries (Morin et al., 2016). At the school level, we estimated models of configural, structural, and distributional similarity (Collie et al., 2020a), as no variance components are involved in the estimation of L2 profiles defined on the basis of the relative frequency of occurrence of L1 profiles.

Three additional tests were then estimated to examine the equivalence of the associations between: (a) the predictors (i.e., teacher characteristics at L1: sex and teaching experience; school characteristics at L2: school location, school size, proportion of low-SES students, and proportion of NESB students) and the likelihood of profile membership (predictive similarity; Morin et al., 2016); (b) the profiles and the outcomes (i.e., L1 and L2 job satisfaction and occupational commitment; explanatory similarity; Morin et al., 2016); and (c) the profiles and the outcomes while controlling for the effects of the predictors (adjusted-explanatory similarity; derived from the profile-based ANCOVA approach of McLarnon and O'Neill, 2018). The L2 predictive similarity tests and the L1 and L2 adjusted-explanatory similarity tests represent extensions to the Collie et al. (2020a) study. We provide annotated input syntax for these tests in the Supplementary Material.

For these tests, profile similarity is supported as long as two out of the four aforementioned information criteria are lower for a solution when compared to the previous one from the sequence of profile similarity tests. Predictors and outcomes were directly incorporated into the retained (most similar) solution from the previous steps at L1 as per Morin et al. (2016), and at L2 using the manual three-step approach developed by Collie et al. (2020a) from early work conducted by Litalien et al. (2019) and Morin and Litalien (2017). This approach at L2 was necessary given the way the multilevel LPA was conducted (where the L1 profiles are “predicted” by the L2 profiles; see Collie et al., 2020a). Associations with predictors were assessed using a multinomial logistic link function (i.e., the impact of predictors on the likelihood of membership into each profile relative to all other profiles was estimated; Vermunt, 2010), whereas associations with outcomes were assessed using mean comparisons implemented with the multivariate delta method (Raykov and Marcoulides, 2004). Associations with outcomes while controlling for predictors used the same methods, but also involved regressing the outcomes on the background characteristics (McLarnon and O'Neill, 2018). For interested readers, annotated input files are provided in the Supplementary Material of Collie et al.'s (2020a) article, except for tests of L2 predictive similarity and L1 and L2 adjusted-explanatory similarity, which are provided in our Supplementary Material.



Phase 2: School-Level Profiles and Student Outcomes in the Australian Subsample

Phase 2 involved an extension of the Collie et al. (2020a) study to consider how the school profiles identified in Phase 1 were associated with predictors and student outcomes among a subsample of the Australian teachers. The baseline model used in these analyses was specified (i.e., constrained) to be identical to the most similar model retained in Phase 1, using the manual three-step procedures outlined in Collie et al. (2020a). Then, three separate analyses were conducted that paralleled Phase 1. For the first analysis, we examined the extent to which the four school characteristics (i.e., school location, school size, proportion of students from low-SES backgrounds, and proportion of students from NESB backgrounds) predicted the likelihood of profile membership (Vermunt, 2010).

For the second analysis, we examined the extent to which the school-level profiles are associated with different levels of the student-reported outcomes using mean comparisons implemented with the multivariate delta method (Raykov and Marcoulides, 2004). The model was run 10 times to account for the 10 Bayesian plausible values provided in PISA for each of the achievement outcomes. The estimates and p-values were pooled using the Rubin (1987) strategy (which is automated in the Mplus 8.4 statistical package; Muthén Muthén, 2019) to obtain unbiased parameter estimates. The third analysis examined associations between profile membership and the student outcomes while controlling for the school characteristics using the previously described approach (McLarnon and O'Neill, 2018).




RESULTS


Phase 1: Single-Level LPA


Profile Identification and Description

Model fit statistics for the solutions involving 1 through 8 profiles estimated separately in Australia and England are reported in Table 2, and corresponding elbow plots are reported in Supplementary Figure 1. For both countries, all information criteria kept on decreasing with the addition of profiles to the solution. The pLMR suggested a 6 profile solution in Australia, and either a 4, or 6 profile solution in England. Examination of the elbow plots revealed a slight flattening around 5-and 6 profiles in both countries. In summary, these statistics generally suggest that the optimal solution should include somewhere between 5 and 6 profiles. These two possible solutions, together with the adjacent 4 and 7 profile solutions, were thus further examined for conceptual relevance, parsimony, and meaningfulness. Examination of the 6 profile solution revealed a high level of similarity across country, thus providing preliminary support for configural similarity. When we compared the 5 profile solution to the 6 profile solution, it was clear that the additional profile was meaningful in both countries and presented a differentiated shape compared with the other profiles. In contrast, the 4 profile solution lacked the nuance that was evident in the other solutions, whereas the 7 profile solution did not add anything new (simply resulting in the arbitrary division of one profile into two very similar ones). The 6 profile solution was thus retained for both countries, and submitted to more systematic tests of profile similarity. The results from the L1 tests of profile similarity conducted across the two countries are reported in Table 3, and support the complete similarity (configural, structural, dispersion, and distributional) of the solution across Australia and England. A graphical representation of this final 6 profile solution of distributional similarity is presented in Figure 2, and detailed results associated with this solution are reported in Supplementary Table 6.


Table 2. Fit statistics and entropy for Australia and England.
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Table 3. Tests of profile similarity across Australia and England.
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FIGURE 2. Single-level LPA results of distributional similarity showing teacher profiles for both countries.


Teachers corresponding to Profile 1 (11% of the sample) reported low barriers to professional development, very low disruptive behavior, above average teacher collaboration and teacher input, and high self-efficacy. This profile was thus labeled Low-Demand-Flourisher to reflect this adaptive blend of low job demands and high job and personal resources. Teachers corresponding to Profile 2 (17% of the sample) reported very low barriers to professional development, below average disruptive behavior, and high teacher collaboration, teacher input, and self-efficacy. This profile was labeled Mixed-Demand-Flourisher because of the consistently high levels of the job and personal resources.

Teachers corresponding to Profile 3 (11% of the sample) reported low barriers to professional development, slightly below average disruptive behavior, high teacher collaboration, high teacher input, and above average self-efficacy. This profile was thus labeled Job-Resourced-Average to reflect the low to average job demands, coupled with average self-efficacy, but high job resources. Teachers corresponding to Profile 4 (14% of the sample) reported slightly above average barriers to professional development, slightly below average disruptive behavior, average teacher collaboration, and slightly below average teacher input and self-efficacy. We labeled this profile Balanced-Average to reflect the matching average levels observed across all demands and resources.

Teachers corresponding to Profile 5 (11% of the sample) reported high barriers to professional development and disruptive behavior, slightly below average teacher collaboration, high teacher input, and low self-efficacy. We labeled this profile Mixed-Resourced-Struggler to reflect the mixed levels of resources and high demands. Teachers corresponding to Profile 6 (36% of the sample) reported high barriers to professional development and disruptive behavior, and low teacher collaboration, teacher input, and self-efficacy. We labeled this profile Low-Resourced-Struggler to reflect this blend of high job demands, and low job and personal resources.



Profile Prediction and Outcomes

The results from the tests of predictive (associations with predictors), explanatory (associations with outcomes), and adjusted-explanatory (associations with outcomes controlling for predictors) similarity (Table 3) supported the equivalence of the associations between the profiles, their predictors, and their outcomes both without and with controls for the predictors in place. The results from these analyses are reported in Table 4 for the predictors, and in Table 5 for the outcomes and the outcomes adjusted for the predictors.


Table 4. The role of teacher characteristics in predicting profile membership in both countries (Single-level LPA).
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Table 5. Means of teacher-level outcomes from explanatory similarity test and adjusted-explanatory similarity test (Single-level LPA).
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For the predictors, male teachers were less likely to correspond to the two types of Flourisher profiles and to the Job-Resourced-Average profile than to the Balanced-Average or Low-Resourced-Struggler profiles. Teachers with greater teaching experience were more likely to correspond to the Low-Demand-Flourisher profile than all other profiles. Teachers with greater teaching experience were also more likely to correspond to the Mixed-Demand-Flourisher, Job-Resourced-Average, and the Balanced-Average profiles than to the two types of Struggler profiles. Taken together, these results suggest that male teachers and less experienced teachers were more likely to be in the arguably less desirable profiles.

For the outcomes, members of the Mixed-Demand-Flourisher profile displayed the highest levels of job satisfaction and occupational commitment, followed by members of the Low-Demand-Flourisher profile. The next highest level was observed in the Job-Resourced-Average profile, followed equally by the Balanced-Average profile and Mixed-Resourced-Struggler profile. Finally, the Low-Resourced-Struggler profile displayed the lowest levels on both outcomes. For the outcomes after correcting for the predictors, the pattern of results was the same, with one exception: the Mixed-Demand-Flourisher and the Low-Demand-Flourisher exhibited similar levels of occupational commitment after controlling for teachers' background characteristics.




Phase 1: Multilevel LPA


Profile Identification and Description

Model fit statistics for the multilevel solutions with 1 through 8 profiles estimated separately in Australia and England are reported in the bottom section of Table 2 and corresponding elbow plots are reported in Supplementary Figure 2. For Australia, the 3 profile L2 solution resulted in the lowest value for the CAIC, BIC, and SSA-BIC, whereas the AIC continued to decrease up to 8 profiles. However, the elbow plot showed a flattening in the decrease of the value of the AIC and SSA-BIC around three profiles, although this flattening was first apparent in relation to the 2 profile solution for the CAIC and BIC. For England, the 3 profile L2 solution resulted in the lowest value of the AIC, whereas the 2 profile solution resulted in the lowest values for the CAIC, BIC, and SSA-BIC. For the AIC, the elbow plot showed a flattening at two profiles. In summary, these statistics generally suggested than the optimal solution should have 2 or 3 profiles. These two solutions were thus further examined for conceptual relevance, parsimony, and meaningfulness. This examination revealed that the profile added as part of the 3 profile solutions did not meaningfully differ from the profiles already included in the 2 profile solution in either country. Accordingly, a solution comprising 2 school-level profiles was retained in both countries.

The results from the L2 tests of profile similarity conducted across the two countries are reported in the bottom section of Table 3, and support the complete similarity (configural, structural, and distributional) of the solution across Australia and England. A graphical representation of the final 2 profile solution of L2-distributional similarity is presented in Figure 3. Examination of this solution suggested the presence of an Unsupportive school profile (43% of the schools) and a Supportive school profile (57% of the schools). The Unsupportive school profile included a high proportion of members from the Low-Resourced-Struggler (48%) profile, followed by the Mixed-Resourced-Struggler (14%), Balanced-Average (12%), Mixed-Demand-Flourisher (11%), Job-Resourced-Average (9%), and Low-Demand-Flourisher (6%) profiles. Turning to the second school profile, the Supportive school profile included a high proportion of the Mixed-Demand-Flourisher (24%), followed by the Low-Resourced-Struggler (23%), the Low-Demand-Flourisher and Balanced-Average profiles (both 17%), the Job-Resourced-Average (11%), and finally the Mixed-Resourced-Struggler (8%).
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FIGURE 3. Multilevel LPA results (with L1 and L2 distributional constraints) showing the school-level profiles for both countries.




Profile Prediction and Outcomes

The results from the tests of predictive (associations with predictors), explanatory (associations with outcomes), and adjusted-explanatory (associations with outcomes controlling for predictors) similarity are shown in Table 3. These results support the equivalence of the associations between the profiles and their predictors across countries, but revealed differences across countries related to the associations between the profiles and the outcomes (with and without controls). The results from these analyses are reported in Table 6 for the predictors, and in Table 7 for the outcomes and adjusted outcomes. For the predictors, the results reveal a single statistically significant association suggesting that schools with a higher proportion of low-SES students were more likely to correspond to the Unsupportive school profile than to the Supportive one.


Table 6. The role of school characteristics in predicting membership in the supportive school profile in both countries (Multilevel LPA).
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Table 7. Means of school-level outcomes from explanatory similarity test and adjusted-explanatory similarity test (Multilevel LPA).
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For the outcomes, due to the lack of explanatory similarity across country, we compared the school-level means of the teacher outcomes within and across Australia and England. In both countries, the Supportive school profile displayed significantly higher school-average job satisfaction and occupational commitment than the Unsupportive one. When comparing matched profiles across the two countries, the two school profiles from the Australian sample displayed significantly higher levels on the two outcomes than the matching profiles estimated in the English sample. For the outcomes adjusted for school characteristics, the pattern of results was the same as that found for the unadjusted outcomes.




Phase 2: School Profiles and Instructional Support and School-Average Achievement

Phase 2 involved examining the extent to which the school-level profiles are associated with student outcomes (i.e., perceived instructional support and academic achievement). An initial model was estimated including the four school characteristics as predictors of school profile membership. As before, the results from the multinomial logistic regressions revealed only one statistically significant association, showing that schools with a higher proportion of low-SES students were more likely to correspond to the Unsupportive profile than to the Supportive one (b = 1.69, SE = 0.74, p = 0.02, odds ratio = 5.44).

Next, the associations among the profiles and the school-average outcomes were examined. These results are presented in Table 8 and first reveal that the Supportive school profile was characterized by significantly higher levels of school-average autonomy-support, instrumental help, and teacher warmth when compared to the Unsupportive school profile. The Supportive school profile was also characterized by significantly higher school-average levels of reading, mathematics, and science achievement than the Unsupportive school profile. Finally, these associations were re-estimated while controlling for the school characteristics (Table 8). The results from these analyses where identical to those previously discussed without including this control.


Table 8. Means of student-reported outcomes related to instructional practice and achievement (Phase 2).
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DISCUSSION

Our study was designed to replicate and extend Collie et al.'s (2020a) research. In Phase 1 (the replication phase), many of the findings obtained by Collie et al. (2020a) were reproduced. In particular, our results led to the identification of the same set of school profiles (a Supportive school profile and an Unsupportive school profile), and revealed a generally similar pattern of associations with predictors and outcomes at the teacher and school level. However, one notable difference was the identification of six, rather than five, teacher profiles: Low-Demand-Flourisher, Mixed-Demand-Flourisher, Job-Resourced-Average, Balanced-Average, Mixed-Resourced-Struggler, and Low-Resourced-Struggler. More precisely, the current results led to the identification of five profiles matching those identified by Collie et al. (2020a), along with the identification of one additional Struggler profile (Mixed-Resourced-Struggler) not previously identified. Importantly, these six profiles were identical in both the Australian and English samples. In Phase 2 (the extension phase, conducted among a subsample of Australian teachers and schools), our results revealed that schools including a greater proportion of low-SES students were more likely to correspond to the Unsupportive school profile. In addition, the Supportive school profile was found to be associated with significantly higher school-average levels of autonomy-support, instrumental help, warmth, and achievement in reading, mathematics, and science. Key findings and implications are discussed below. Because many of the findings from Collie et al. (2020a) were replicated, we focus on the findings that are different, along with those that extend prior work.


Findings of Note From Single-Level Analyses in Phase 1

Six teacher profiles, identical across Australia and England, were identified in this study. Four of these profiles replicated Collie et al.'s (2020a) results (i.e., Low-Demand-Flourisher, Mixed-Demand-Flourisher, Job-Resourced-Average, and Balanced-Average profiles). Collie et al.'s (2020a) Struggler profile was also identified in the present study, but had to be re-labeled the Low-Resource-Struggler profile to reflect the fact that the present results revealed one additional struggler profile, labeled the Mixed-Resourced-Struggler profile. This new profile was characterized by high job demands, mixed job resources (average teacher collaboration, high input), and low self-efficacy. In that sense, this new profile was similar to the Low-Resourced-Struggler profile in some regards (both characterized by high demands and low self-efficacy), but differed by displaying a rather high (vs. low) level of input in decision-making and a close to average (vs. very low) level of teacher collaboration.

It is possible that this new profile might have emerged as a result of the changes to the nature of teachers' work that have occurred between 2013 and 2018. For example, recent policy priorities have highlighted the need to better support teachers (OECD, 2019a), which might have enabled some of the more at-risk teachers to have greater input at work, and to benefit from slightly improved collaboration opportunities. Indeed, there have been efforts to seek teachers' perspectives on workload and to reduce unnecessary tasks (Higton et al., 2017; OECD, 2019a), which might have been particularly helpful to at least a subset of the teachers who struggled the most with their job demands. At the same time, the complexity of teachers' work has also received greater acknowledgment recently (Guerriero and Révai, 2017). Thus, the Mixed-Resourced-Struggler profile might both reflect the increased awareness of the need to support teachers and to involve them in decision making, but also the growing pressures of the job. Future research, including qualitative and mixed methods approaches, will be helpful to better understand the contingencies at play in the emergence of this new profile.

In relation to the relative prevalence of the identified profiles, it is interesting to consider differences across our study and prior results. Collie et al. (2020a) found that the two Flourisher profiles represented about one-third of their combined sample, the two Average profiles represented about one-half, and the Struggler profile represented one-fifth. In our study, the proportions were similar for the two Flourishers profiles (about one-quarter). However, the proportions were the opposite to those found by Collie et al. (2020a) for the two Average profiles (about one-quarter, rather than one-half) and for the two Struggler profiles (about one-half, rather than one fifth). Thus, although the profiles were similar in nature across the two studies, their prevalence differed greatly. Perhaps these shifts may be explained by some of the policy and practice changes that occurred between 2013 and 2018. For example, increases in compliance, accountability, and external evaluations across both countries between 2013 and 2018 (OECD, 2019a) may have meant teachers had less time and energy for professional development, managing disruptive behavior, and collaborating with colleagues. These changes, in turn, may have led to the greater prevalence of the two Struggler profiles in 2018. Compliance and accountability are also known to be negatively associated with reduced self-efficacy among teachers (von der Embse et al., 2016). Taken together, a key strength of the current study was the use of a replication sample collected 5 years after the original study. More precisely, it was because we conducted replication with nationally-representative data that we were able to identify teacher (and school) demand-resource profiles and then consider how macro-level changes to policy and practice may be implicated in the workplace experiences of distinct subpopulations of teachers. Going forward, it will be important to extend this knowledge by collecting data from the same teachers longitudinally to test whether teachers move between profiles over time, and what initiatives help teachers to move into more adaptive profiles.

The results involving the predictors and outcomes at the teacher-level were largely the same as those reported by Collie et al. (2020a), with the exception that, in addition to obtaining predictive similarity (i.e., evidence that predictions were the same across counties) like Collie et al. (2020a), we also obtained evidence of explanatory and adjusted-explanatory similarity (i.e., evidence that associations with outcomes where the same across countries before, and after controlling for school characteristics). Thus, the Mixed-Demand-Flourisher typically displayed the highest levels of job satisfaction and commitment, while the Low-Resourced-Struggler displayed the lowest levels. In practical terms, these results suggest that there might be merit in adopting a broad focus on reducing demands and increasing resources. This could involve the development of professional learning communities to help teachers build positive collaboration and self-efficacy (e.g., Durksen et al., 2017). Inviting teachers to have a say in school-level decisions and actively listening to teachers' perspectives and needs may be helpful for building their input in decision-making (see Collie et al., 2020a for additional implications for practice).



Findings of Note From Multilevel Analyses in Phase 1

Like Collie et al.'s (2020a), the present study led to the identification of a Supportive school profile and of an Unsupportive school profile that were equivalent across Australia and England. The results related to the outcomes of these profiles at the school level also generally match those reported, and discussed, by Collie et al. (2020a). For this reason, we focus on several novel findings related to the predictors of membership into these profiles at the school level. Notably, our results involving predictors provide the first source of information regarding associations between school characteristics and school demand-resource profiles. More precisely, our results showed that there was equivalence in the way these predictors were associated with the school profiles across the two countries. Thus, in Australia and England, schools with a higher proportion of low-SES students were more likely to correspond to the Unsupportive school profile than to the Supportive one. This finding is, unfortunately, unsurprising given that schools serving disadvantaged students often face many additional challenges and are often under resourced (Thomson et al., 2020), which is likely to result in higher demands and fewer resources for teachers. Going forward, it will be important to examine school funding and resourcing alongside SES to disentangle their different roles. More broadly, funding cuts and austerity measures that have occurred over the past few years to services beyond school (e.g., services for disadvantaged families) have also likely increased the challenges for teachers and schools serving more disadvantaged students (e.g., Hanley et al., 2020). These broader societal impacts are important to consider in future research. Notably, school location, school size, and the proportion of students from non-English speaking backgrounds did not significantly predict the school profiles. Thus, beyond the role of SES, these other factors were not found to be associated with demand-resource profiles.



Findings of Note Involving Student Outcomes in Phase 2

Our final set of findings involved associations between the school profiles and the student outcomes, which has not been examined in prior research. More precisely, these results showed that, when compared to the Unsupportive school profile, the Supportive school profile tended to be associated with higher levels of school-average autonomy-support, instrumental help, and warmth, as well with higher levels of student achievement (across all three indicators of achievement considered in this study). These findings provide new evidence that demand-resource profiles matter not only for teachers' outcomes, but also for students' outcomes. The results extend prior work, which has demonstrated that teacher personal resource profiles tended to be associated with instructional support at the classroom-level (Klusmann et al., 2008), by showing that these associations are also salient at the school-level. Indeed, both the prevalence and nature of different teacher profiles within a school are associated with student outcomes, and this occurs even after controlling for school characteristics like SES. It is possible that these findings occurred because schools in which a greater number of teachers experience positive relationships at work, experience greater support at work, and are more confident in their teaching are likely to afford a more supportive and effective learning environment for students (e.g., Burić and Kim, 2020). More precisely, when teachers at a school feel supported and confident, they are more likely to create an environment where students feel better supported and are enriched in their learning (Collie et al., 2020a). In practical terms, these findings highlight the importance of creating supportive working climates not only for teachers, but also for students.



Limitations

Several limitations are important to consider when interpreting our study's findings. First, although the use of TALIS 2018 data comes with significant strengths (adequate sample size to conduct multilevel modeling, nationally representative data), it remains cross-sectional in nature. This means that we were not able to test for the directionality of any of the associations between the profiles and the outcomes. Importantly, our study was grounded in theory, which provided support for our hypotheses. Notwithstanding this, going forward it will be interesting for longitudinal and intervention research to examine the extent to which there may be reciprocal relations among the profiles and outcomes. Second, a strength of our study was that it involved data from both teachers and students. However, the TALIS-PISA link does not allow us to match students and teachers at the classroom-level. Thus, we cannot know whether the students who participated in PISA were taught by the teachers who participated in TALIS. Importantly though, all the students and teachers in our study were members of the same school—and that is where we focused in linking students and teachers (i.e., at the school-level). In future, it will be worth expanding this to consider links at the classroom-level, and also to include principal data about the job demands and resources present in the school. Given that the TALIS-PISA 2018 link was not conducted for England, it will also be important to test whether and how the links between the profiles and the student outcomes can be replicated in England, as well as in other countries. Third, one potential criticism of person-centered analysis is whether profiles are idiosyncratic to a particular sample. Our analytic approach has several important strengths that help to address this concern: profiles were examined (and found to be equivalent) across two countries and also largely replicated prior research (Collie et al., 2020a). Other strengths of our approach were that profiles were examined at two levels, and predictors and outcomes were entered after profile identification (and thus did not influence the profile solutions). Moreover, our models allowed us to examine important theoretical moderating mechanisms in more complex ways than possible in variable-centered modeling. Notwithstanding these strength, additional research (including more replication) is needed to provide additional evidence about the generalizability of our profiles. Because our study was intended to act as a replication and an extension, we focused on Australia and England to align with the Collie et al. (2020a) study. Given that the demands and resources examined in the present study are also experienced by teachers worldwide, in future it will be important to ascertain whether similar profiles can be identified in other countries as well.




CONCLUSION

The aim of the present study was to conduct a replication and extension of prior research examining demand-resource profiles among teachers and schools. Many of the findings from Collie et al. (2020a) were replicated, providing important support for the profiles and their relevance to teachers in Australia and England, and potentially in other contexts. In addition, several novel findings help to advance knowledge about the role of demands and resources in teachers' work and how these are linked not only with teachers' outcomes, but also students' outcomes. We speculate that some notable changes experienced within educational systems between these two studies might have had an impact on the current results, thus highlighting the importance of monitoring the impact of political and administrative changes for different educational systems worldwide. Moreover, our results make it clear that teachers should be supported at work. Not only is this important for the individual teacher, it is relevant for shaping the working and learning climate across a whole school.
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The achievement values are reported as whole numbers as per OECD guidelines (OECD, 2019b). For comparison, OECD means and SD for the broader Australian sample that
participated in PISA 2018 are, respectively, 503 and 105 for reading achievement, 491 and 85 for mathematics achievement, and 503 and 95 for science achievement. The instructional
support factors were directly estimated in standardized units across the whole sample with M = 0, SD = 0.094 for autonomy-support, SD = 0,089 for instrumental help, and SD =

0.135 for teacher warmth.





OPS/images/fpsyg-12-711173-t007.jpg
Unsupportive School Profile M

(95% CI)
Australia England
Explanatory similarity test
School-average job satisfaction -0.114 -0.233
(~0.158, ~0.070) (-0.276, ~0.190)
School-average occupational commitment ~0.039 -0203
(-0.062, ~0.016) (-0.233, -0.173)
Adjusted-explanatory similarity test (with controls for predictors)
School-average job satisfaction —~0.055 ~0.162
(~0.154, 0.044) (~0.268, —0.057)
School-average occupational commitment 0014 -0.135
(~0.043,0.072) (-0.202, ~0.068)

All comparisons within and across country were significantly different at p < 0.05 for both tests.

Supportive School Profile M

Australia

0.148
(0,094, 0.203)
0.109
(0.068, 0.150)

0.140

(0.062,0217)
0117

(0.083,0.172)

(95% CI)

England

0055
(0.028,0.083)
~0.027
(~0.047, ~0.007)

0.075
(~0.010, 0.160)
~0.007
(~0.062,0.048)









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Psychology





