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School Leaders’ Self-Efficacy and Job Satisfaction Over Nine Annual Waves: A Substantive-Methodological Synergy Juxtaposing Competing Models of Directional Ordering
Highlights (new)
1. The school principal’s job is becoming increasingly demanding and complex, but their well-being is under-studied.
2. Job satisfaction and self-efficacy are key constructs for school principal’s well-being.
3. Research assumes self-efficacy leads to job satisfaction but is untested.
4. School-leader job satisfaction and self-efficacy are reciprocally related over time.
5. Methodologically we critique and juxtapose competing statistical models of reciprocal effects.
6. Our study is a substantive-methodological synergy of strong data, methodology, theory & implications.
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Abstract
The school principal’s job is increasingly demanding and complex, but school-principal well-being is understudied. Self-efficacy and job satisfaction are critical constructs for studying school principals’ well-being, and self-efficacy is a core predictor of job satisfaction. Cross-sectional research typically assumes a unidirectional ordering; self-efficacy predicts (and leads to) job satisfaction, not the reverse. However, this unidirectional ordering is inconsistent with theoretical models positing a bidirectional (reciprocal) ordering. Furthermore, the assumption is largely untested with appropriate longitudinal data and statistical models. We evaluated the directional ordering of job satisfaction and self-efficacy for a large (N = 5663), nationally representative, longitudinal (nine annual waves) sample of Australian school leaders. Job satisfaction and self-efficacy were moderately correlated within waves and over time. Consistently with theoretical models and a priori predictions, the two constructs were reciprocally related over time; prior measures of each had small statistically positive effects on subsequent measures of the other, with no evidence of directional predominance of one over the other. Support for reciprocal effects was remarkably consistent across competing cross-lag-panel models, multiple tests of the consistency of effects over time (measurement invariance and stationarity), control for covariates, and the addition of lag-2 paths. Methodologically, we critique competing models that estimate cross-lagged effects and evaluate directional ordering from withinand between-person perspectives. We demonstrate the value of both approaches in achieving a robust framework for assessing longitudinal panel models.. Our substantive-methodological synergy has important substantive implications for theory, policy, and practice—showing that school-leader job satisfaction and selfefficacy are mutually reinforcing.
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School Leaders’ Self-Efficacy and Job Satisfaction Over Nine Annual Waves: A Substantive-Methodological Synergy Juxtaposing Competing Models of Directional Ordering
[bookmark: _heading=h.gjdgxs]The role of the school principal is becoming increasingly demanding with responsibility for personnel, school economy, facilities, instructional leadership, and staff well-being, as well as student achievement, development, and well-being (Grissom et al., 2019; Hallinger, 2011; Leithwood & Louis, 2012; Rilely, 2020; Skaalvik, 2020a, b). Increasingly, schools face a crisis as aging school leaders seek early retirement because of these high demands and suitable candidates reluctant to take their place (Riley, 2020; Tran et al., 2018). A school principals' self-efficacy is vital to their success and predictive of their job satisfaction (Federici & Skaalvik, 2011; 2012; also see Darmody& Smyth, 2016; Leithwood et al.,2008; 2011; Liu et al., 2021; Skaalvik 2020a,b; Skaalvik & Skaalvik, 2017). Beyond education settings, job satisfaction is one of the most widely studied constructs in applied psychology and management science, and self-efficacy is a core construct in predicting job satisfaction (e.g., Judge et al. 2020; Kasalak & Dagyar, 2020).
Based on largely cross-sectional research, the relation between job satisfaction and self-efficacy is typically characterized by a unidirectional ordering in which self-efficacy predicts (and leads to) job satisfaction, and not the reverse (see Federic & Skaalvik, 2011, 2012; Wu and Griffin, 2012). However, this unidirectional characterization is inconsistent with Bandura's (1977; 1986; 1989; 1997) theory of reciprocal determinism which states that self-efficacy and outcomes are reciprocally related over time. Furthermore, related theoretical models used in applied research are also consistent with the Bandura assumption of reciprocal effects (e.g., Bakker et al., 2014, 2017; Fredrickson, 2001; 2008; Hobfoll, 1989). Thus, Skaalvik (2020b; also see Federici & Skaalvik, 2012) noted the need for longitudinal research to evaluate the possibility of reciprocal relations involving school leaders' self-efficacy. Hence, although there is strong evidence that these constructs are moderately correlated, there is no compelling evidence that the directional ordering flows only from self-efficacy to job satisfaction.
The traditional cross-lag-panel model (CLPM) has been the dominant model used to test the directional ordering of associations between variables relevant to theoretical predictions. More recently, there has been considerable interest in a variation of the CLPM with random intercepts (RI-CLPM). The RI-CLPM provides a within-person perspective posited to provide a more robust basis for inferences about directional ordering (e.g., Hamaker et al., 2015; Mulder & Hamaker, 2021). The underlying conceptual and statistical issues posed by CLPMs and RI-CLPMs are very different and address fundamentally different questions. The relative appropriateness of between-person (CLPM) and within-person (RI-CLPM) and their interpretations are currently hot substantive and methodological topics. Here we argue that both the CLPM and RI-CLPM perspectives are relevant and that it is helpful to contrast results based on these alternative perspectives. 
Our study is a substantive-methodological synergy (Marsh & Hau, 2007; also see Hoffmans et al., 2021). We evaluate the job satisfaction and self-efficacy relation for a large (N = 5,663), longitudinal (nine annual waves), nationally representative sample of Australian school leaders. Substantively, we test for reciprocal effects relating job satisfaction and self-efficacy over this extended time period. Methodologically, our study is one of the first large-scale applications juxtaposing fully-latent versions of CLPMs and RI-CLPMs that overcomes many limitations of manifest models. Our literature review begins with brief overviews of the job satisfaction and self-efficacy constructs and the relations between the two. We then introduce the statistical models that are the basis of our research. Our substantive-methodological synergy focuses on substantively important issues that have implications for theory, research, policy, and practice. Methodologically, we extend existing methodological frameworks that broadly apply to educational psychology research. Finally, bringing together these substantive and methodological foci, we demonstrate how to conceptualize and test the directional ordering of job satisfaction and self-efficacy.
Substantive Focus on Job Satisfaction and Self-Efficacy
Job Satisfaction 
Judge et al. (2020) note that job satisfaction is the most widely studied job attitude and possibly the most widely studied topic in the history of applied psychology (Judge et al., 2017). Ock (2020) emphasized that organizations want to satisfy their employees (Spector, 1997). In addition, job satisfaction is related to important outcomes, including turnover (Schleicher et al., 2011; Tett & Meyer, 1993), absenteeism (Hackett, 1989), and counterproductive work behavior (Berry et al., 2012). 
Mincu (2015; also see Judge et al., 2017) defines job satisfaction as “a positive frame of mind that is reflected by the employee’s opinion regarding work or the climate of his workplace;” an affective orientation toward one's job (Federici & Skaalvik, 2012). However, it is possible to operationalize “overall” job satisfaction in different ways: as a relatively unidimensional global factor or a summative score (perhaps weighted by importance) that incorporates specific components (e.g., facets such as pay, supervision, and work condition; Marsh & Scalas, 2018; also see Federic & Skaalvik, 2012; Judge et al. 2017; Macdonald & Maclntyre, 1997). Macdonald and Maclntyre reviewed studies suggesting that facets are merely components of an overarching, more global factor. They concluded that the general approach better represents the overall satisfaction. Relatedly, Federici & Skaalvik (2012) noted that the facet approach to measuring school principals' job satisfaction might overlook critical facets and the differential importance assigned to the various factors. Our study's measure of job satisfaction is a hybrid of these two approaches. It includes both a global component (how satisfied are you with your job as a whole, everything taken into consideration) and specific components (work prospects, working conditions, use of your abilities). In this sense, we treat job satisfaction as a unidimensional latent construct that includes both global and specific facets. 
[bookmark: _heading=h.qsh70q]Psychological constructs typically vary along a state-trait continuum and usually contain aspects of both (e.g., Cattell, 1966; Dicke et al., 2021; Dormann et al., 2006; Kenny & Zautra, 2001). Even relatively state-like constructs (e.g., mood) have some trait-like components. Conversely, even relatively fixed traits (e.g., personality traits and IQ) are somewhat malleable and can evolve over time. We conceive job satisfaction as a moderately enduring trait closer to the middle of the continuum (e.g., Dormann et al., 2006), but not as fixed as, for example, personality traits or intelligence. This is justified, for instance, by the substantial test-retest correlation of job satisfaction responses from one year to the next. Indeed, as we emphasize, this is central to the distinction between the CLPM and the RI-CLPM.
Self-Efficacy 
Self-efficacy is defined as “beliefs in one’s capabilities to mobilize the motivation, cognitive resources, and courses of action needed to meet given situational demands” (Wood & Bandura, 1989, p. 408). When setbacks occur, high self-efficacy individuals recover more quickly (Schwarzer & Hallum, 2008). Following Bandura's (1977, 1997) social learning theory, self-efficacy is broadly defined as confidence in executing courses of action in managing applicable in a wide array of situations. Self-efficacy expectations are a key predictor of future behavior and have considerable explanatory power with a wide range of behaviors. Self-efficacy integrates performance experience, vicarious experiences, imaginal experience, verbal persuasion, and physiological and emotional states (Bandura, 1977, 1997; Maddux, 2009; Maddux et al., 2012).
[bookmark: _heading=h.1v1yuxt]	Self-efficacy measures have historically focused on the performance of specific tasks—domain- or situationally-specific efficacy beliefs. However, subsequent extensions have suggested general self-efficacy concerning a more broadly based set of situations. It is, of course, relevant to test the generalizability of predictions based on Bandura's (1977) conceptual model to more generalized measures of self-efficacy. This is because generalized self-efficacy is built on the generalized, repeated experiences of task-specific characteristics over different situations. In this sense, the theoretical rationale is the same for more generalized and task-specific measures. Indeed, Bandura (1977) referred explicitly to "generalized expectations of personal efficacy " (p. 200) and noted, "Efficacy expectations also differ in generality. Some experiences create circumscribed mastery expectations. Others instill a more generalized sense of efficacy that extends well beyond the specific treatment situation" (p. 194). 
Consistently with Bandura's reciprocal causation principle in relation to generalized self-efficacy, Sherer et al. (p. 670) suggested that: "Individuals with high self-efficacy expectations are more likely to attempt new behaviors and to persist in them, and in turn are more likely to meet with successes, thereby increasing their self-efficacy expectations." Based on this extension of Bandura's social cognitive theory (SCT), generalized job satisfaction and self-efficacy are predicted to be reciprocally related. Furthermore, the specificity-matching principle (e.g., Brunswick, 1952; Swan et al., 2007) suggests that a predictor’s breadth and generality should match the outcome it is designed to predict. Thus, it is appropriate to use highly specific self-efficacy items in relation to highly task-specific outcomes. However, using more generalized self-efficacy measures for more broadly generalized outcomes such as job satisfaction is more appropriate. Relatedly, Pajares (1996) warned that “microscopically operationalized” measures of self-efficacy lose practical utility, even as predictive power increases. Hence, for broad, generic constructs like job satisfaction, a generalized measure of self-efficacy is likely to be more predictive than an overly specific task measure of self-efficacy. Schwarzer and Hallum (2008) found that task-specific self-efficacy measures and their Generalized Self-efficacy scale (like what we used in the present investigation) were highly correlated and similarly related to job stress and burnout. In a longitudinal analysis, they found that task-specific and generalized measures of self-efficacy measures, rather than mapping unto distinct constructs actually defined a single self-efficacy latent construct.
[bookmark: _heading=h.30j0zll]	In educational research, Federici and Skaalvik (2012; also see Hannah et al., 2008) lamented the lack of attention given to school principals' self-efficacy and problems with available instruments. A common conceptualization of principal self-efficacy is the self-perception of a principal's own “capabilities to structure a particular course of action in order to produce desired outcomes in the school he or she leads” (Tschannen-Moran & Gareis 2004, p. 573). However, as Skaalvick (2020a) noted, school leaders have increasing responsibility for all that happens within the school. Thus, this overarching definition of principal self-efficacy does not guide how to measure principal self-efficacy. As with job satisfaction, self-efficacy can be measured with a relatively global measure like the Schwarz and Hallum (2008) generalized measure of self-efficacy or self-efficacy concerning narrowly defined, domain-specific facets. 
[bookmark: _heading=h.1fob9te]In the facet approach to principal self-efficacy, instruments relied on measuring a small number of domain-specific facets; for example, instructional leadership, management,  moral leadership (Tschannen-Moran & Gareis 2004; 2009); instructional program, school mission, learning climate (Hallinger & Murphy, 1985); planning, curriculum/teaching, staff management, budgeting, managing parents, and school environment (Dimmock & Hattie, 1996); clarifying educational goals and expectations, promoting teacher learning, resourcing, planning and evaluating teaching and curriculum, and supportive environment (Hallinger, 2010); develop goals, guide teachers, learning environment, motivate teachers, develop a collective culture (Skaalvik, 2020a). However, given the very broad and generic nature of the school principal's job, there is no consensus on what facets should be included or even if the same facets are appropriate in different educational jurisdictions. Furthermore, in research based on their facet model of principal self-efficacy, Skaalvik (2020a, 2020b, Federici & Skaalvick, 2012) treated the specific facets as indicators of a higher-order factor of global self-efficacy that was then related to other constructs (e.g., global job satisfaction). Nevertheless, as Federici (2012; also see Skaalvik, 2020a) noted concerning the facet approach to principal job satisfaction, this approach might overlook critical facets and the differential importance assigned to the various factors. Hence, in the present investigation, we infer principal self-efficacy as a generalized, multi-item measure of self-efficacy (based on the widely used Schwarz and Hallum, 2008, generalized measure of self-efficacy) rather than a higher-order factor based on multiple facets. (Also see Supplemental Materials, SM1: Bandura's conceptualization of self-efficacy and use of the term in applied and educational research for further discussion).
Relations Between Work Self-Efficacy and Job Satisfaction  
[bookmark: _heading=h.3rdcrjn]A wealth of research shows that job satisfaction and self-efficacy are positively correlated in educational settings (e.g., Skaalvik, 2020b) and organizational settings more generally. (e.g., Judge et al., 1997; 2001). In some studies, the relation was evaluated with regression equations in which self-efficacy (and, sometimes, other predictor variables) was used to predict job satisfaction as an outcome variable. Results of the regression analysis are sometimes interpreted as if they support a unidirectional model of the directional ordering of self-efficacy 🡺job satisfaction. However, the correlational (cross-sectional) nature of these studies – as often acknowledged by the authors – is unable to differentiate between any of the possible unidirectional models (SE🡺JS or JS🡺SE) from each other or from a bidirectional model (SE🡺JS AND JS🡺SE), or even a model with not directional ordering (i.e., even though job satisfaction and self-efficacy are substantially correlated at each wave, self-efficacy at time 1 does not predict job satisfaction at time 2 after controlling for job satisfaction at T1, and job satisfaction time 1 does not predict self-efficacy at time 2 after controlling for self-efficacy at T1). Hence, our research fills this gap in the research literature on the nature of the relation between job satisfaction and self-efficacy 
The theoretical basis for reciprocal effects between self-efficacy and outcomes stems from Bandura's (1977) theoretical model. However, several alternative theoretical models in applied psychology also posit reciprocal relations consistent with Bandura's model (e.g., Conservation of Resources Theory; Hobfoll, 1989; broaden-and-build theory, Fredrickson 2001, 2008). They posit that resources like self-efficacy and outcomes like job satisfaction are reciprocally related, resulting in positive gain or negative loss spirals (also see (Salanova et al., 2006; Schutte, 2013).  
The job-demand resources (JD-R) model (Bakker et al., 2014, 2017) posits self-efficacy as a resource that leads to positive outcomes such as job satisfaction. Thus, job resources are functional aspects of the work setting in achieving work goals, motivating growth, and job satisfaction (the motivation process). In their review of existing research and directions for further research, Bakker and Demerouti (2014) highlighted several longitudinal studies demonstrating what they referred to as reversed causal effects; prior outcomes affect changes in subsequent resources. These reverse causality effects can result in feedback loops between resources, demands, and outcomes that might lead to positive or negative spirals (e.g., Dicke, Stebner, et al., 2018). Dicke et al.'s (2020; 2021) review of this research noted the need for more appropriate longitudinal databases and more robust statistical models of longitudinal cross-lag panel designs. The reverse causality feedback loops noted in JD-R research are simply an alternative way of saying that resources and outcomes are reciprocally related. 
In perhaps the only true longitudinal study to study reciprocal relations between job satisfaction and self-efficacy, Wu and Griffin (2012) evaluated reciprocal effects between job satisfaction and a six-item composite measure designed to represent Judge et al.'s core self-evaluations (e.g., self-efficacy, self-esteem, locus-of-control, and neuroticism). In an organizational (non-school) setting, job satisfaction was measured over 10 years, whereas the self-evaluation traits were measured in years 5 and 10. Wu and Griffin used a manifest measure of job satisfaction rather than latent variables because of the model's size. In terms of testing the reciprocal effects, core self-evaluations (Year 5) had a substantial impact on job satisfaction (Year 6, controlling for job satisfaction in Year 5) and subsequent change in job satisfaction (over the Years 6-9). However, job satisfaction (Year 6) and growth in job satisfaction (over the Years 6-9) also had statistically significant effects on core self-evaluations in Year 10. Despite complications in the statistical modeling and interpretational issues associated with the core self-evaluation construct, this is one of the few studies to test reciprocal relations between job satisfaction and a dispositional construct that includes self-efficacy. In contrast to their interpretation of Judge et al.'s (1997; 2001) dispositional perspective, Wu and Griffin argued that it is best to select employees with high core self-evaluations; their results support the potential to improve core self-evaluations by enhancing job performance satisfaction. However, we know of no research testing these implications in an educational setting or even leading in organizational settings.
In summary, a wealth of data shows that job satisfaction and self-efficacy are correlated, and several theoretical models posit that their directional ordering is reciprocal, both for leaders and employees more generally and school principals more specifically. However, appropriate longitudinal research on the reciprocal links between job satisfaction and job self-efficacy is largely lacking. This is particularly so within school leadership research, where we are unaware of any studies examining reciprocal links between these constructs among leaders. We also note serious methodological limitations in the design and analysis of existing research and a groundswell of new methodological approaches to address these issues that have not been considered in studies of the relations between job satisfaction and self-efficacy. Thus, we now move to a focus on methodological issues underpinning our research.
[bookmark: _heading=h.44sinio]Methodological Emphasis: Reciprocal Effects & Models of Cross-lagged Panel Models
Cross-Lagged Panel data
In cross-lagged panel models (CLPMs),  two or more variables (job satisfaction and self-efficacy) are measured repeatedly over time. CLPMs test reciprocal effects between the variables over time. The cross-lag aspect refers to the focus on effects leading from one variable to another over time (i.e., effects of prior job satisfaction and self-efficacy on future job satisfaction and self-efficacy). The critical concern is the directionality of effects and directional predominance (i.e., whether the directional effects are stronger for one construct than the other). Although it is possible to test some models with only two waves, more waves are desirable. Particularly when there are at least three waves, it is possible to test the consistency of effects over time for the different variables. 
Typically, cross-lagged panel studies consider only lag-1 effects (i.e., paths relating variables in adjacent waves). Indeed, as many cross-lagged panel studies consider only two waves of data so that only lag-1 effects can be estimated. However, when there are more than three waves, it is possible to consider paths between non-adjacent paths (i.e., Lag 2 effects). Indeed, Marsh, Pekrun, et al. (2018) argued that lag-2 effects should be considered. They suggested the critical issue was whether or not critical interpretations concerning research questions varied due to the inclusion of lag-2 paths. They found that lag-2 cross-lagged paths were mostly small and their inclusion had little effect on substantive interpretations. Lag-2 paths might have an a priori substantive interpretation, but also provide a stronger control for pre-existing differences. Hamaker and colleagues (e.g., Hamaker et al., 2015; Mulder & Hamaker, 2021) further noted that CLPMs often have to include lag-2 effects to achieve an acceptable fit comparable to RI-CLPMs’ fit. Because RI-CLPMs include a global (between-person) trait factor based on measures across all the waves, it is unlikely that lag-2 effects for within-person stability effects will substantially improve fit associated with pre-existing differences. Based partly on Marsh, Pekrun et al., Lüdtke and Robitzsch (2021) noted the importance of including lag-2 effects in CLPMs to control potentially confounding covariates. 
[bookmark: _heading=h.2jxsxqh]Distinguishing Between RI-CLPM (Within-Person) and CLPM (Between-Person) Perspectives
Historically, CLPMs are the most widely used model in psychological research to test directional ordering based on panel data. However, following Hamaker and colleagues (Hamaker, 2018; Hamaker et al., 2015; Hamaker & Muthén, 2020; Mulder & Hamaker, 2021), the popularity of RI-CLPMs has surged. However, Orth et al. (2021) stressed that these two models address different questions, result in different interpretations, and make different assumptions. Here we argue that both models separately and their juxtaposition are relevant to different theoretical questions. Hence understanding these differences is critical (See SM2 for further discussion ),
For both CLPMs and RI-CLPMs, the critical parameters are stability paths (Bxx and Byy in Figure 1), and particularly the cross-lagged paths (Bxy and Byx in Figure 1). If both Bxy and Byx are statistically significant, X and Y are said to be reciprocally related. If both these cross-lagged paths are statistically significant but differ significantly in size, one of the constructs is directionally predominant. For example, if paths from prior self-efficacy to subsequent job satisfaction were greater than paths from prior job satisfaction to self-efficacy, self-efficacy would be said to be directionally predominant in job satisfaction. 
The RI-CLPM includes a stable trait factor (Tx and Ty in Figure 1), but the CLPM does not. Hence, CLPMs are nested under the RI-CLPM. In this sense, RI-CLPMs model how scores obtained at each wave differs from a person's stable trait (a within-person perspective disaggregated from the between-person perspective reflected in the stable trait). Furthermore, these time-specific within-person variations observed at one point in time influence within-person-variations observed at later time points. In contrast, CLPMs model how inter-individual differences observed at one point in time are related to inter-individual differences observed at later time points (a between-person perspective). 
The critical difference in distinguishing between these models is in how the term between-person is used. In the CLPM, the (undecomposed) between-person effects reflect a combination of deviations from a global trait (within-person effects) and a stable trait (decomposed between-person effects). This use of the term between-person effects is consistent with its use in most studies of individual differences in relations among variables and in most cross-sectional studies. In contrast, the RI-CLPM decomposes these effects into separate within- and between-person components. The use of the generic term between-person is appropriate within the context of each of these two models. However, to highlight this distinction and avoid confusion, we use the terms “decomposed between-person effects” (RI-CLPM) and “undecomposed between-person effects” (CLPM). 
The potential confounding of effects with unmeasured covariates threatens the interpretation of both CLPMs and RI-CLPMs. The RI-CLPM’s key advantage is providing increased control for time-invariant (between-person) covariates not included (e.g., Hamaker et al., 2015; Mulder & Hamaker, 2021; Marsh,  Pekrun et al., 2022; Pekrun et al., 2022). The rationale for this claim is the global trait factor is intended to absorb the time-invariant confounders so that the trait factor represents these confounders. These global train effects are statistically independent of the within-person autoregressive factors. Thus, unmeasured covariates that are truly time-invariant are most likely to influence the sizes of the (decomposed between-person) global trait factors, but are unlikely to affect the within-person autoregressive factors used to evaluate directional ordering. This distinction is important in interpreting the results, particularly tests of directional ordering and directional predominance. Of course, it is possible to include measured covariates into RI-CLPMs; Mulder and Hamaker (2021) described how to do this with manifest RI-CLPMs. Although CLPMs can also control measured covariates, they provide less control for the confounding effects of unmeasured covariates. 
Neither RI-CLPMs nor CLPMs provide strong control for unmeasured covariates that vary over time (or time-invariant covariates whose effects vary from wave to wave, possibly reflecting an unmeasured process). The best way to control the effects of unmeasured (time-varying and time-invariant) covariates is to include them in the study's design and incorporate them into the statistical models. Hence the selection of covariates is crucial for RI-CLPMs and particular CLPMs (also see VanderWeele, 2019). However, following Marsh, Pekrun et al. (2018; also see  Marsh, Pekrun et al., 2022; Marsh, Dicke, et al., 2002), Lüdtke and Robitzsch (2022) emphasized the inclusion lag-2 effects to provide more robust controls for confounding (VanderWeele et al., 2020). Furthermore, the goodness-of-fit of CLPMs with lag-2 effects variables was similar to the fit of RI-CLPMs. Thus, goodness-of-fit is no longer a critical issue in the comparison of RI-CLPMs and CLPMs with lag-2 effects. Following Lüdtke and Robitzsch's recommendations, we extended traditional CLPMs based on lag-1 estimates to include lag-2 estimates.
In summary, RI- CLPMs and CLPMs address distinct questions and typically have different or even contradictory interpretations. Their comparative strengths, weaknesses, and appropriate interpretations are the basis of ongoing controversy and debate. Hence, educational and psychological researchers need to understand these differences in CLPMs and RI-CLPMs. Our study is the first to juxtapose their theoretical rationale and results in tests of the directional ordering of job satisfaction and self-efficacy. We aim this presentation to educational psychology researchers based on a classic issue that is surprisingly understudied. Further, we demonstrate extensions of RI-CLPMs, establish the benefits of lag-2 effects, and show their usefulness in educational and psychological research.
The Present Investigation: A Priori Predictions and Research Questions
Based on our empirical and theoretical literature review, we posit research hypotheses (where there is a clear a priori basis for directional predictions). We also propose four research questions and relevant discussion for critical issues where there is no basis for a priori predictions.
[bookmark: _heading=h.2u6wntf]Research Hypothesis 1: Directional-Ordering - Model of Reciprocal Effects
We predict a priori that leaders’ job satisfaction and self-efficacy will be reciprocally related; both constructs in one wave will significantly predict both constructs in the subsequent wave (Figure 1). Unfortunately, there is surprisingly little empirical research relevant to this issue based on appropriate designs and analyses. However, our predictions are consistent with Bandura's reciprocal principle for self-efficacy, theoretical extensions of the JDR and COR models (see Salanova et al., 2010), broaden-and-build theory (Fredrickson, 2001; 2008), Wu and Griffin's (2012) empirical results, and extensive research showing that self-beliefs and outcomes are reciprocally related to other outcomes (e.g., Huang, 2011;  Marsh, Pekrun et al., 2022; Marsh & Craven, 2006; Valentine, et al., 2004).
[bookmark: _heading=h.19c6y18]Four Research Questions: Extensions of RI-CLPMs and Juxtaposition with CLPMs
Mulder and Hamaker (2021; Hamaker et al., 2015) noted, as have many others, that there was no a priori basis for predicting how effects based on CLPMs and RI-CLPMs should differ. However, based on simulated data, they offered valuable extensions to the traditional RI-CLPM. These extensions included the specification of a fully latent model with multiple indicators of each trait and the addition of person-level covariates based upon fully manifest models. In juxtaposing RI-CLPMs and CLPMs, Lüdtke and Robitzsch (2021) argued the importance of lag-2 paths based on simulated data with manifest models. However, neither the addition of covariates by Mulder and Hamaker nor the addition of lag-2 effects by Lüdtke and Robitzsch (2021) were based on fully latent models. Mulder and Hamaker presented tests of the invariance and discussed the invariance of the measurement model for their fully latent model based on simulated data. However, they did not extend this to the invariance of the structural aspect of the model (e.g., stability and cross-lag paths) and tests of stationarity. Extending these methodological studies, we apply and further develop these additional features in relation to our research hypothesis that job satisfaction and self-efficacy are reciprocally related. In our discussion of these extensions, we posit five research questions
[bookmark: _heading=h.3tbugp1]Research Question 1: Juxtaposing RI-CLPM and CLPMs Interpretations. Our key research question is whether support for the predicted reciprocal effects (Research Hypothesis 1) differs for RI-CLPMs and CLPMs. Nevertheless, Hamaker et al. (2015; Mulder & Hamaker, 2021; also see earlier discussion) note that there is no a priori basis for predicting how RI-CLPM and CLPM estimates differ in size or even direction. We know that the two models are equivalent if between-person global traits in RI-CLPMs (i.e., the Tx and Ty in Figure 1) have zero variance (e.g., Hamaker et al., 2015). Hence the underlying rationale for applying RI-CLPMs is the presence of a substantial between-person global trait component (i.e., the Tx and Ty in Figure 1). Based on the substantial test-retest stability of the constructs (e.g., Dicke, Marsh, et al., 2018; also see subsequent discussion of Table 1), the global trait factors in the RI-CLPM should be substantial. Nevertheless, we begin by evaluating the size of global trait factors as a preliminary basis for applying RI-CLPMs. Because global trait factors capture the long-term stability in RI-CLPMs, the stability paths are expected to be substantially smaller for RI-CLPMs than CLPMs. However, there is no a priori basis for predicting differences in the critical cross-paths in the two models. 
[bookmark: _heading=h.28h4qwu]Research Question 2: Tests of Causal Predominance. Historically, there was a focus on directional-ordering predominance (e.g., Calsyn & Kenny, 1977; also referred to as causal predominance). However, this focus has been largely dropped in applying CLPMs and RI-CLPMs. Thus, even when there is support for reciprocal effects, one set of cross-paths (e.g., Bxy in Table 1) might be significantly greater than the other (e.g., Byx). Also, tests of statistical significance might support a unidirectional model (e.g., Bxy significant, but not Byx). However, if the difference between Bxy and Byx is not statistically significant (i.e., there is no directional-ordering predominance), then claimed support for a unidirectional model would be problematic. In studies of job satisfaction and self-efficacy, Wu and Griffin (2012) characterized much previous research as based implicitly on a unidirectional model (self-efficacy 🡺job satisfaction) rather than the bidirectional model posited by Wu and Griffin, and in the present investigation. However, a compromise between the two might be a bidirectional model with directional-ordering predominance of the self-efficacy 🡺job satisfaction path over the job satisfaction🡺self-efficacy path. Because formal tests of directional ordering predominance are relevant to the present investigation and CLPMs and RI-CLPMs more generally, we demonstrate their application and implications for the interpretations of our results.
[bookmark: _heading=h.nmf14n]Research Question 3: Extended Models: lag-2 effects.  Following Lüdtke and Robitzsch (2021) and Marsh, Pekrun et al. (2018; 2022), we extended CLPMs and RI-CLPMs to include lag-2 effects. To the extent that lag-2 effects are consistent over waves, these effects are likely to be absorbed into the global trait factors in RI-CLPMs (i.e., the Tx and Ty in Figure 1). If this is the case, the inclusion of lag-2 paths should substantially improve CLPM's fit and reduce the size of CLPM's lag-1 stability paths, but have less effect on these values for RI-CLPMs. However, the critical question is how the inclusion of lag-2 paths will influence the cross-paths and the hypothesized support for the reciprocal effects (Research Hypothesis 1).
Research Question 4:  Extended models: covariates and invariance constraints. For both RI-CLPMs and CLPMs, we evaluated extended models that included controls for covariates: gender, age, position (school principal or other school leaders), and sector (public or private). Relations between these covariates and leaders’ job satisfaction and self-efficacy are substantively interesting. However, our main concern is how their inclusion affects the cross-lagged paths. In this respect, we view the inclusion of covariates as a sensitivity analysis concerning interpretations of our results and assumptions of the models. 
[bookmark: _heading=h.37m2jsg]Because we test fully latent models, we can explore invariance issues not previously considered with CLPMs and RI-CLMPs. In pursuit of this extension, we discuss the invariance of the measurement model that has been widely considered in CLPMs and for simulated data in the Mulder and Hamaker (2021) latent RI-CLPMs. We extend this discussion to include longitudinal invariance, including formal tests of stationarity that apparently have not been applied to either CLPMs or RI-CLPMs. In each step of this process, the overarching question is to what extent there is support for the generalizability of interpretations (particularly Research Hypothesis 1) concerning the invariance constraints and the implications of failure to support invariance. We discuss these issues in detail (see extended discussion in SI:3) because these issues are not well understood and are largely unconsidered in studies of the relations between job satisfaction and self-efficacy. 
Method
Sample
Participants were a large (N = 5663) national representative sample of Australian school principals (74%), deputy principals and other school leaders (26%) who were surveyed between 2011 and 2019. The school leaders worked in primary schools (64%), secondary schools (22%), and “other” settings (14%; e.g., Kindergarten -Year 12 schools, special education schools). The average age was 57.6 (SD 7.3) and 56% of the participants were women. On average, participants had been in their current leadership position for 5.2 years (SD = 4.3) and in leadership roles generally for 12.5 years (SD = 7.3). 
Participants responded to invitations sent by national and state-based school principal organizations inviting them to complete our annual survey each year, 2011 and 2019. Nearly half the school principals in Australia are included in this sample. The schools and their principals are broadly representatives of the population of Australian school principals as a whole (see https://www.XXX ). As a consequence of this sampling design, there are overlapping sets of school leaders who completed the survey each year, with some previous participants dropping out and new participants joining the survey. Also, school leaders who missed one year occasionally completed surveys in subsequent years. Thus, our study's total number of leaders was 5,663, but the number who completed surveys each year varied (2019 = 1894; 2018 = 2289; 2017 = 2549; 2016 = 2841; 2015 = 2641; 2014 = 2467; 2013 = 2010; 2012 = 2084; 2011 = 2049). 
Our study is part of on an overarching research program entitled " School Principals Diminishing Wellbeing: What Makes A Positive Difference? " funded by XXX and led by lead principal investigator XXX. Our University Ethics Review Committee judged this research program (including this study) to be low-risk, approved its undertaking (Ethics report number xxx), and subsequently extended approval through 2025.
[bookmark: _heading=h.1mrcu09]Measures 
[bookmark: _heading=h.3znysh7]Job satisfaction and self-efficacy measures were from the Copenhagen Psychosocial Questionnaire. This survey has been used in thousands of enterprise-based assessments of psychosocial risk in the workplace (Nübling et al., 2014; Pejtersen et al. (2010). Based on a total of 34 factors, the Copenhagen Psychosocial Questionnaire covers a broad array of key workplace factors based on the leading measure and theories of occupational health and wellbeing. Furthermore, this instrument and its factors have been validated for Australian school leaders (see Dicke, Marsh, et al., 2018).
Job satisfaction was based on responses to four items (How pleased are you with the following: your work prospects; the physical working conditions; the way your abilities are used; and your job as a whole, everything taken into consideration?) on a four-point response scale (Very satisfied, Satisfied, Unsatisfied, Very unsatisfied). 
The self-efficacy scale in the Copenhagen Psychosocial Questionnaire is classified as a personality variable reflecting a generalized trait. It contains six items selected from Schwarzer’s (Schwarzer & Jerusalem, 1995) General Self-Efficacy scale, using the same item-wording and Likert-type response scale as the Schwarzer instrument. The Schwarzer (Schwarzer & Jerusalem, 1995) General Self-Efficacy scale is one of the most widely used measures of generalized self-efficacy, having been translated into more than 32 languages with good psychometric properties (unidimensionality and reliability) across countries (e.g., Luszczynska et al., 2005; Sherer et al., 1982; Sniehotta et al., 2005). Respondents to the measure of self-efficacy on the Copenhagen Psychosocial Questionnaire are asked: How well do these descriptions fit on you as a person? (I am always able to solve difficult problems, if I try hard enough; If people work against me, I find a way of achieving what I want; It is easy for me to stick to my plans and reach my objectives; I feel confident that I can handle unexpected events; When I have a problem, I can usually find several ways of solving it; Regardless of what happens, I usually manage) on a four-point response scale (Fits perfectly; Fits quite well; Fits a little bit; Does not fit).
We note that the wording of the items reflects a general measure of self-efficacy like that typically assessed in organizational psychology studies (e.g., Chen et al., 2001; Judge et al., 1997; Locke et al., 1996; Schwarzer & Jerusalem, 1995). However, because the overarching survey and the items from the Copenhagen Psychosocial Questionnaire focus specifically on the work context in a school setting, respondents responded to these items concerning their work context. Thus, for example, before responding to any items, respondents were told: The survey is being conducted in response to concerns that the increasing complexity and workload demands of school leadership roles are impacting on the health and wellbeing of Australian school leaders.
In factor analyses of all 34 factors (Dicke, Marsh, et al., 2018) measured by the Copenhagen Psychosocial Questionnaire, both the job satisfaction and self-efficacy constructs were well-defined, reliable, and unidimensional: self-efficacy (CFA factor loadings of .453 - .742) and job satisfaction (CFA factor loadings of .516 - .850). Dicke, Marsh, et al. also reported support for the convergent and discriminant validity of job satisfaction and self-efficacy in relation to time and to the other 32 work-related constructs included in the COPSOC (e.g., health, burnout, stress, job security, role conflict, social support, meaning, trust) and related correlates (e.g., depression, autonomy, confidence, sources of stress). Consistently with a priori predictions and supporting convergent validity, self-efficacy was most highly correlated with confidence (r = .449); in support of discriminant validity, the stability of self-efficacy over one year was substantially higher (r = .635) than the correlations between self-efficacy and confidence within each wave.
Covariates 
We also included several individual-difference covariates (also see discussion of Research Question 4): gender, age (birth year—linear and quadratic components), leadership role (school principal or other—typically deputy principal or head teacher), school sector (public vs. catholic and independent), and school level (primary vs. secondary). Extending the Murder and Hamaker (2021) specifications for manifest RI-CLPMs, there are several different alternatives such that the covariates can directly affect the: (1) observed variables (the unlabelled boxes in Figure 1); (2) latent traits representing the time-specific latent factors at each wave (the Xs and Ys in Figure 1), or (3) global latent trait factors (Tx and Ty in Figure 1). Here we focus on the second two of these alternatives (that are most similar to the corresponding CLPMs).
[bookmark: _heading=h.2xcytpi]Statistical Analyses 
[bookmark: _heading=h.1ci93xb]We used Mplus 8 (Muthén & Muthén, 2008-19) and the robust maximum likelihood estimator for all analyses. We included all participants who responded to at least one wave. There are critical limitations in the use of traditional approaches to missing data, particularly in longitudinal studies (Graham, 2009). Therefore, we used the full information maximum likelihood method (FIML; Enders, 2010) to make maximum use of cases with missing data (SM6 for further discussion). FIML provides trustworthy, unbiased estimates even when there is substantial missing data (Enders, 2010), particularly in large longitudinal studies (Jelicić et al., 2009).
For all models, we evaluated goodness-of-fit with traditional indices that are reasonably independent of sample size (CFI = confirmatory fit index, TLI = Tucker-Lewis index, and RMSEA = root mean square error of approximation) as well as the chi-square. TLI and CFI vary along a 0-to-1 continuum in the population; values greater than .90 and .95, respectively, reflect acceptable and excellent fits to the data, respectively. Values of RMSEA smaller than .08 and .06 support acceptable and good model fits. For the differences between two nested models, if the decrease in fit for the more parsimonious model is less than .01 for CFI and TLI, then the more parsimonious model is supported. RMSEA and the TLI also incorporate a penalty for lack of parsimony so that it is possible for more restrictive models to better fit less restrictive models. However, it is critical to emphasize that these recommended cut-off values are only rough guidelines and do not constitute “golden rules” (Marsh et al., 2004). 
Preliminary Analyses
	We tested a series of CFA measurement models based on responses to 90 items (4 job satisfaction and 6 self-efficacy items in each of 9 waves). For these models, we merely specified two latent variables (job satisfaction and self-efficacy) for each wave. We allowed all latent correlations (within-wave and over time) to be freely estimated. In order to facilitate interpretations, we standardized all items for job satisfaction and self-efficacy to a common metric based on Wave-1 responses (i.e., Mn = 0, SD = 1 for 2011, wave 1 of the study).  We evaluated goodness-of-fit with indices (CFI, TLI, and RMSEA) that are relatively independent of sample size. 
When the multiple indicators of each construct are parallel over the different time waves, testing the invariance of the measurement structure over time is critical. In fully-latent models of longitudinal data, it is typical to evaluate a set of models with different invariance constraints of parameters over time (e.g., Marsh, Morin et al., 2014; Meredith, 1993; Millsap, 2011; Mulder & Hamaker, 2021): configural, with no invariance constraints;  metric, with factor loading invariance;  and scalar, with intercept invariance. Following Marsh et al. (2013; for further discussion, see Marsh et al., 1996; Joreskog, 1979), we also tested correlated uniquenesses relating residual variance terms for the same item in different waves. Failure to include them typically results in biased parameter estimates and a poorly fitting model.
In preliminary analyses, we tested whether the measurement model is well-defined. These tests are not based on any particular model (e.g., CLPM or RI-CLPM). However, applying either CLPMs or RI-CLPMs models is dubious unless  there is reasonable support for at least configural invariance. Furthermore, if support for the invariance of factor loadings is weak, then invariance tests for other associated parameters (e.g., stability and cross-lagged paths in CLPMs and RI-CLPMs) are questionable. This is a critical issue in that many cross-lagged panel studies are based on manifest models that preclude tests of the measurement model (see extended discussion in Supplemental Materials, SM2, SM3, SM4).
	As expected, measurement model MM0 (Table 1) with no correlated uniquenesses provided a poor fit to the data (see earlier discussion). Measurement model MM1 with configural invariance included correlated uniquenesses but imposed no invariance constraints; it had a very good fit to the data (RMSEA = .011, CFI = .980, TLI = .975; Table 1). Model MM2 (metric, with factor loading invariance) also had a good fit to the data (RMSEA = .011, CFI = .979, TLI = .975). MM3 (scalar, with intercept invariance) resulted in a slightly poorer fit (RMSEA = .012, CFI = .974, TLI = .970), but one that was still very good in relation to traditional guidelines (e.g., Marsh et al., 2004). These preliminary analyses support the need to include correlated uniquenesses (MM1 vs. MM0), and the invariance of factor loadings (MM 2 vs. MM1). There is reasonable support for intercepts (MM3 vs. MM2). We based our primary analyses on Model MM2 (invariance of factor loadings--metric invariance) as the invariance of intercepts is not relevant for covariance structures models considered here. 
All solutions were identified by fixing the factor loading of each construct's first indicator to a constant value. However, to facilitate interpretations, instead of fixing the value to 1.0, we fixed it to the standardized factor loading in the metric invariance solution. The resulting  solution then has a factor variance of 1.0 in wave 1. However, the factor variances in subsequent waves can vary relative to the factor variance in wave 1. Thus, parameter estimates are standardized in relation to a common metric (that facilitates the comparison of parameter estimates in different waves), resulting in an unstandardized solution that approximates the completely standardized solution. This parameterization is also useful in subsequent analyses where we test differences in the cross-lagged paths (Bxy and Byx in figure 1).
	Importantly, all CLPMs and RI-CLPMs are nested under our measurement model MM2 (see End Note 1). Hence, MM2 is a critical basis of comparison for CLPMs and RI-CLPMs, including structural invariance constraints and extensions to include additional lagged parameters. In particular, relations among all 18 factors (job satisfaction and self-efficacy over the 9 waves) are freely estimated. Thus, MM2 is completely saturated in terms of relations among the 18 factors. In contrast, CLPMs and RI-CLPMs and their extensions all place constraints upon these relations.  Thus, the fit of the constrained CLPMs and RI-CLPMs in relation to the measurement model MM2 provides a global test of these constraints imposed by the CLPMs and RI-CLPMs. This is a critical contribution, because the fit of the CLPMs and RI-CLPMs is rarely interrogated in relation to the measurement model—even for fully-latent CLPMs and RI-CLPMs.
Results
Correlations Among the Variables 
[bookmark: _heading=h.2bn6wsx]	We begin by evaluating the latent correlation matrix (Table 2) of relations between the 18 latent factors (job satisfaction and self-efficacy measured the 9 waves). This represents a fully latent multitrait-multimethod (MTMM) correlation matrix with “time” as the method factor (see Marsh, Huppert, et al., 2020; Marsh, Lüdtke, et al., 2010). Thus, the results indicate that both constructs are highly stable and consistent over the nine waves—consistent with the logic of the RI-CLPM. The average of lag-1 correlations (i.e., test-retest correlations for constructs measured in adjacent annual waves) for matching traits is .68 (.67-.72) for self-efficacy and .67 (.64-.70) for job satisfaction. Consistently with the characteristic simplex pattern, lag-2 test-retest correlations are somewhat smaller (M r = .60 for self-efficacy and .56 for job satisfaction). However, even the estimated correlations for measures in 2011 and 2019 are substantial (.52 for self-efficacy and .55 for job satisfaction). These results demonstrate substantial stability over time for both self-efficacy and job satisfaction.
Correlations between job satisfaction and self-efficacy within each of the nine data waves vary from .34 to .46 (mean r = .40). Furthermore, correlations remain substantial for job satisfaction in one wave with self-efficacy in the next wave (mean r = .32 for lag-1 correlations) and self-efficacy in one wave with job satisfaction in the next wave (mean r  = .33). Although the two constructs are moderately correlated, there is good evidence that they are well-differentiated. Thus, correlations among self-efficacy factors and among job satisfaction factors are substantially higher than any correlations between self-efficacy and job satisfaction. These results demonstrate that job satisfaction and self-efficacy are substantially correlated within each wave and from one wave to the next.
Also of interest are the relations between covariates and the self-efficacy and job satisfaction factors (Table 2). Even though many are statistically significant due to the large sample size, these relations tend to be small.  Furthermore, the small correlations are reasonably consistent over the nine data waves. The largest correlations with the covariates are for job satisfaction, which are higher for school leaders in the private sector. Both job satisfaction and self-efficacy are marginally higher for school leaders who are school principals (rather than other school leaders -- deputy principals and heads of departments), male school leaders, and older school leaders (non-linear effects of age are non-significant). 
CLPM: Directional Ordering
We evaluated support for sets of invariance constraints for the basic CLPMs (Tables 3 and 4; MB1, longitudinal equilibrium; MB2, partial-stationarity). We also tested models constraining the cross-lagged paths to be equal (Bxy = Byx) as a test of directional predominance for each model (see End Note 2). In addition, we also tested a model with no invariance constraints (MB1 in Table 3) to provide a basis of comparison for the fit of the other six models. Across all seven models, goodness-of-fit is remarkably consistent (e.g., TLIs are .958 for all seven models, Table 3). Particularly relevant is the finding that the model with no invariance over the nine waves for any autoregressive stability (Byy, Bxx) and cross-lagged (Bxy, Byx) paths had a similar fit to the modelsthat constrained all these coefficients to be equal over the nine waves (MB models with constraints in Table 3). These results support full-trend stationarity of parameter estimates over the nine waves.  
The critical parameter estimates for the CLPMs (see Figure 1) are the stability paths (Bxx and Byy) and particularly the cross-lagged paths (Bxy and Byx). We constrained each of these four paths to be invariant (equal) across the nine data waves for all models but model MB1. The stability paths are substantial for both job satisfaction and self-efficacy (varying from .678 to .713, Table 4). The cross-lagged paths are significantly positive but much smaller in size (varying from .055 to .065). There is no support for the directional predominance of either self-efficacy or job satisfaction. Indeed, the difference between the two cross-lagged paths was not statistically significant (see endnote 1) for models MB1 and MB2 (Table 2). 
	The substantive interpretation of results for the CLPM are clear-cut. There are small, but highly consistent reciprocal effects between job satisfaction and self-efficacy. Furthermore, there is no evidence that either of these constructs is directionally predominant over the other. Methodologically, the results are highly consistent over models positing alternative sets of invariance constraints (including tests of full-trend stationarity that have not previously been investigated with CLPMs—see SM3). 
RI-CLPM: Directional Ordering
For the RI-CLPMs (Table 3), we evaluated models of structural invariance and directional predominance models that were parallel to the CLPMs. Again, goodness-of-fit is remarkably consistent (e.g., TLIs varied from .974 to .975, Table 3). Similarly, in tests of directional predominance, none of the differences between the two cross-lagged paths was statistically significant. 
	For the RI-CLPMs, we evaluated stability and cross-lagged paths for the same set of models considered for CLPMs (Table 4 and Figure 1). The major difference, of course, is that the RI-CLPMs have global trait factors (Tx and Ty in Figure 1) for both self-efficacy and job satisfaction. The variance components (Table 4) for the global trait factors are consistently substantial for both self-efficacy (.531-.536, TrtVarSE inTable 4) and job satisfaction (.589-.661, TrtVarJS). Thus, the stable (decomposed between-person) trait factors explained slightly more than half of the variance in both constructs. The correlation between the two global trait factors is also consistently substantial (TrtCov SE-JS in Table 4; .477-.481). We note that the global (decomposed between-person) trait correlation estimates are consistently higher than any latent correlations between traits within each of the nine waves in the basic latent measurement model (.34 to .46; mean r = .379 in Table 2). 
The primary focus of the RI-CLPM, like the CLPM, is the two stability coefficients (Bxx and Byy) and particularly the two cross-lagged paths (Bxy and Byx). The stability paths are significantly positive for both self-efficacy (.270-.280) and job satisfaction (.198-.227), as are the correlations between these two factors (.231-.286; Table 4). All the cross-lagged paths are positive but much smaller (varying from .035 to .066). All cross-lagged paths are statistically significant for RI-CLPMs with longitudinal equilibrium and partial invariance constraints. Furthermore, when the two cross-lagged paths were constrained to be equal, the standard errors were substantially smaller. These models demonstrate that both cross-lagged paths are significant and equivalent under conditions of longitudinal equilibrium and  partial stationarity
Across the RI-CLPMs with the cross-lagged paths freely estimated, the sizes of cross-lagged paths from self-efficacy to job satisfaction appear to be marginally higher than those from job satisfaction to self-efficacy (see Research Question 2). However, the difference is not statistically significant for any of the three models with invariance constraints (all ps > .10). Hence there again is no support for the directional predominance of either construct over the other. 
The substantive interpretation of the RI-CLPM results is also straightforward. Both job satisfaction and self-efficacy have a substantial stable trait component. There are small, but highly significant reciprocal effects between the within-person factors for job satisfaction and self-efficacy, but no evidence that either construct is directionally predominant over the other. Methodologically, the results and goodness-of-fit indices are highly consistent over different invariance constraints. More broadly, the methodological implications are potentially important. This is one of a relatively few studies to test fully-latent RI-CLPMs and the first to test full-trend stationarity. 
Extended Models for CLPMs and RI-CLPMs
Starting with model MB2 (Table 3), we extend the basic CLPMs and RI-CLPMs in several ways. First (Models ML1-ML3 in Tables 3 and 5), we added lagged paths linking non-adjacent waves (lag-2 paths; e.g., paths leading from factors in wave 1 to factors in wave 3), particularly for the autoregressive stability paths (see discussion of Research Question 3). Second (Models MC1-MC5 in Tables 3 and 5), we included covariates in the models (see Research Question 4). Finally, we evaluated models with both additional lagged paths and covariates (Models MLC1-MLC5 in Tables 3 and 5). 
CLPM: Additional Lags 
Because the corresponding basic model with no covariates (MB2 in Table 3) is nested under these models, it is appropriate to compare fit indices for models containing additional lags (ML1-Ml3 in Table 3) with the fit of the basic model MB2. Consistently with expectations, the additional lags improved the fit of the CLPMs (Table 3). Compared to the fit of the lag-1 model (TLI = .958, MB2 in Table 3), the CLPM with lag-2 paths was better (TLI = .971, MML1 in Table 3). This improved fit was largely due to the stability paths, as elimination of the cross-lagged paths had little effect on fit (TLI = .971, ML2 in Table 3). Finally, the addition of Lag-3 stability paths led to some further improvements in fit (TLI = .974, ML3 in Table 3). Indeed, the fit of ML3 (Table 3) is only marginally lower than the fit of  the corresponding measurement model (TLI= .975, MM2 in Table 1) that is fully saturated in terms of structural model constraints used to represent relations among factors in CLPMs. This comparison provides additional support for including lag-2 and even lag-3 paths in CLPMs. 
How does the inclusion of additional lags affect the key parameter estimates? Compared to the corresponding lag-1 model (MB2 in Table 3), autoregressive stability and cross-lagged path coefficients for models with additional lags (ML1-ML3, Table 5) were smaller. As expected, these differences were most evident in the stability coefficients (i.e., lag-1 effects were much smaller). Thus, for example, the lag-1 stability paths in ML3 that included lag-2 and lag-3 paths (.404 and .383 for job satisfaction and self-efficacy, respectively) were substantially smaller than the corresponding values in MB2 that had only lag-1 paths (.679 and .713). Likewise, whereas there were also small differences in the cross-lagged paths (.041 and .048 vs. .059 and .062, respectively), these differences were much smaller. Importantly, however, the cross-lagged paths remained all statistically significant, and tests of directional predominance (i.e., differences between the cross-lagged effects for each construct) remained all non-significant. Hence, in this respect, the interpretation of these cross-lagged paths did not change even though the values were slightly smaller. 
CLPM: Covariates
Models that include covariates are not nested under the models not including covariates that we have considered thus far. Hence, the corresponding fit indices are not directly comparable. Thus, we constructed nested models that provide a better basis for comparison. More specifically, we estimated a model in which paths relating the five covariates to the job satisfaction and self-efficacy factors at all nine waves were constrained to be zero (MC4 in Table 3, TLI = .950). When we freely estimated the effects of these covariates, the fit improved – but not a lot (MC1 in Table 3, TLI = .953). Consistently with expectations (Research Question 4), we showed that much--but not all--of the covariates’ effects were explained by paths to just the first of the first two waves (MC3 and 4 in Table 3, both TLIs = .952). Thus, the covariates’ effects were not substantial, consistent with our earlier discussion of them (Table 2). Consequently, it is unsurprising that the inclusion of covariates had almost no effect on autoregressive stability and cross-lagged path coefficients (those for Models MC1-MC in Table 5 compared to those for MB2 in Table 4). However, the covariates did have small effects beyond the first wave of data, in contrast to typical representations of covariate effects in CLPMs.
CLPM: Additional Lags and Covariates
Because the models with only covariates (the MC models in Table 3) are nested under corresponding models with covariates and additional lags (MLC1-MLC7 in Table), it is reasonable to compare fit indices for the two sets of models. Consistently with earlier discussion, including Lag-2 and Lag-3 stability coefficients improved the fit (e.g., TLI = .966, MLC1 for Lag-1 and TLI = .967, MLC5 for Lag-2 compared to TLI = .952 for MC2). Compared with models where paths from the covariates were constrained to zero, the results showed small effects of the covariates. However, the changes in fit were small (e.g., TLI = .966 for MLC1 vs. TLI = .964 for MLC4, and TLI = .969 for MLC5 vs. TLI = .967 for MLC64). These results are consistent with our expectations that the inclusion of lag-2 and lag-3 stability coefficients would substantially reduce the effects of covariates. 
Given the small effects of the covariates, it is not surprising that parameter estimates for models with additional lagged paths and covariates (MLC1-MLC7 in Table 5) are similar to the corresponding models with only additional lagged effects already discussed (ML1-ML3 in Table 5). Likewise, the four key (stability and cross-lagged) paths were very similar for lag-2 and lag-3 models with and without covariates (e.g., ML2 vs. MLC1 and ML3 vs. MLC6). In summary, the covariates had relatively little effect, particularly after including the additional lagged paths. 
Extended Models for RI-CLPMs. We also estimated extended models to the basic RI-CLPMs that paralleled those for the CLPMs. However, the interpretations of these extended RI-CLPMs are fundamentally different. By design, the (decomposed) between-person trait factors in RI-CLPMs are meant to represent all the time-invariant (between-person) effects. Based on this rationale, we expected that including covariates and additional lags would have little effect on fit or the (within-person) stability and cross-lagged paths that are of primary interest. Consistently with expectations, the cross-lagged and stability coefficients were little affected by adding covariates and additional lagged effects. These results demonstrate a key advantage of basic RI-CLPMs compared to basic CLPMs in terms of interpretation robustness. 
The additional lagged paths for RI-CLPMs only marginally improved the fit (Table 3; TLI = .974 for MB2 with no lagged effects vs. .975, .975, and .976 for ML1-ML3 with lag-2 and lag-3 effects). Likewise, the addition of covariates had little effect on fit. Furthermore, the fit of models with both covariates and additional lag-2 and lag-3 effects (MCL1 – MCL7) had fit indices similar to corresponding models with only lag-2 and lag-3 effects (ML1-ML3 in Table 3). In summary, consistent with expectations, the inclusion of covariates and additional lagged paths had little impact on the fit of the RI-CLPMs. This demonstrates that the random intercepts do well at capturing the trait-like stability of these constructs over time.
Across the RI-CLPMs, parameter estimates in models with additional lagged effects and covariates (Table 5) are similar to those for MB2 (Table 4) with none of these additions. Of particular interest are the (within-person) cross-lagged paths relating prior self-efficacy to subsequent job satisfaction, and prior job satisfaction to subsequent self-efficacy. For example, in model MB2 (Table 4), paths from self-efficacy to job satisfaction (.039) and paths from job satisfaction to self-efficacy (.066) were statistically significant and small, but did not differ significantly from each other (paths = .056 when constrained to be equal). Across the 15 extended models (Table 5), paths from self-efficacy to job satisfaction (.037 - .072) and paths from job satisfaction to self-efficacy (.053 -.072) were consistently significant and small. Importantly, differences between the two cross-lagged paths were not significantly significant (see endnote 2) for any of the models (all ps > .10). In summary, consistent with expectations, including covariates and additional lagged paths had relatively little effect on parameter estimates or substantive interpretations of key parameters. 
Discussion
	In educational and applied organizational psychology, job satisfaction and self-efficacy are widely studied. Nevertheless, our literature review revealed no fully adequate previous research that evaluated their directional ordering for school leaders (or for teachers, workplace leaders, even for employee samples more broadly). Given the dearth of research on the drivers of leader well-being (e.g., Barling & Cloutier, 2017; Kaluza et al., 2019), our study fills an important gap in the literature. We also identified critical methodological limitations in the design of longitudinal studies and appropriate statistical models to address these issues. From this perspective, our study is a substantive-methodological synergy. We demonstrated and extended state-of-the-art methodological research tools, addressing substantively essential matters with implications for theory, practice, and policy. Although our participants were school leaders, the methodological issues and extensions to CLPMs and RI-CLPMs should are likely to have broad cross-disciplinary relevance. 
Directional Ordering: Limitations in Existing Research 
For us, the most surprising limitation in this research literature was the lack of strong, longitudinal studies of the directional ordering of job satisfaction and self-efficacy in educational or organizational psychology. In many educational psychology studies, including leadership research, the relation is treated as a unidirectional directional ordering from self-efficacy (as the predictor) to job satisfaction as the (outcome), or directional ordering is not even considered (see related discussion by Wu & Griffin, 2012). However, almost all this research is cross-sectional, providing no basis for testing directional ordering. Indeed, authors of many of these studies recognized this limitation in their studies and called for stronger longitudinal data designs and improved statistical models to address this issue (e.g., Judge et al., 2020; Salanova et al., 2006; 2010; Skaalvik & Skaalvik, 2019; Skaalvik, 2020a, b; Zee & Koomen, 2016). Theoretically, a unidirectional model of directional-ordering is contrary to Bandura's theoretical model of reciprocal causation (e.g., Bandura, 1977, 1989, 1997; Maddux, 2009; Schunk & Pajares, 2005) and widely cited models in applied psychology (e.g., Bakker et al., 2014;  Hobfoll, 1989; Fredrickson, 2001, 2008) based in part on Bandura's theoretical work. 
	Substantively, we found small but statistically significant and highly consistent reciprocal effects between job satisfaction and self-efficacy. Methodologically, our results were consistent across CLPMs and RI-CLPMs, alternative sets of invariance constraints (longitudinal equilibrium, full-trend stationarity, partial stationarity), and extensions of these models to include lag-2 and covariates. Indeed, the fit indices (RMSEA, TLI, and CFI) were nearly identical across the models invoking different constraints for both the CLPMs and the RI-CLPMs—including full-stationarity tests that are rarely or never used in CLPMs and RI-CLPMs.
Appropriate Interpretations of Within-Person (RI-CLPM) and Undecomposed Between-Person (CLPM) Effects
	In educational psychology research, there is much confusion about the appropriate conclusions based on CLPMs and RI-CLPMs. The critical difference between these two models is CLPM’s between-person (undecomposed, single-level) approach and RI-CLPMs’ within-person (decomposed, multi-level) approach. CLPMs are applicable for comparisons between individuals. However, Hamaker et al. (2015; Mulder & Hamaker, 2021) and others are concerned that CLPMs confound within- and between-person effects in interpreting support for directional-ordering. RI-CLPMs evaluate prospective relations between temporary deviations from the trait level in one construct and temporary deviations from the trait level in a second construct (i.e., a between-person covariance of the within-person deviations). RI-CLPMs’ auto-regressive (within-person) factors reflect deviations from the person's trait rather than the individual differences as in the CLPM. In the CLPM, the auto-regressive stability paths represent the stability of rank-order differences. In the RI-CLPM, the stability paths represent within-person carry-over effects or inertia (Hamaker et al., 2015), or slowly changing autoregressive factors (Kenny & Zautra (2001). Positive within-person stability paths indicate that scores higher than the global trait level in one wave are likely to be associated with higher scores in the next wave. That is, they have a lasting effect on subsequent measurement points in addition to the stability associated with the global trait factors. In CLPMs the cross-lagged paths represent undecomposed between-person processes. However, for RI-CLPMs, the cross-lagged paths reflect within-person processes. Thus, CLPMs and RI-CLPMs address different questions and typically offer different interpretations of the same data. 
[bookmark: _heading=h.4d34og8]To illustrate this difference, for example, we ask the very basic question: What is the correlation between leaders’ job satisfaction and self-efficacy? Based on our basic CLPMs and RI-CLPMs (Table 4), the answer varies depending on the perspective: .477 from a purely decomposed between-person (RI-CLPM) perspective; .230 from a purely within-person (RI-CLPM) perspective; and .356 from an undecomposed between-person single-level (CLPM) perspective. The single-level CLPM undecomposed estimate is a weighted average of the RI-CLPMs' within- and decomposed between-person estimates. Although different, none of these estimates is wrong, and each provides a different perspective. Concerning our question that focuses on relations between variables, the single-level estimate (.356) is probably more appropriate for descriptive purposes as a population estimate of the relation between the two constructs (also see correlations correlations in Table 2, mean r  = .379). However, for other research questions, the other estimates might be more appropriate. Because the CLPMs and RI-CLPMs address different questions, their results lead to different interpretations. For the appropriate interpretation of results from the two approaches, see the wording of appropriate research questions associated with each outlined earlier ( Marsh, Pekrun et al., 2022; Orth, et al., 2021; also see earlier discussion).
Juxtaposition of Results Based On CLPMs and RI-CLPMs 
	Much recent research treats CLPMs and RI-CLPMs as incompatible, competing models. Indeed, RI-CLPM’s current popularity has resulted in a zeitgeist such that some researchers suggest that it is always more appropriate than the CLPM (but see discussion by Asendorpf, 2021; Lüdtke & Robitzsch, 2021; 2022;  Marsh, Pekrun et al., 2022; Orth et al., 2021). However, either could be appropriate depending on the research question and the appropriate interpretation of the results. Furthermore, both perspectives provide potentially useful information about the substantive issue of directional ordering. Like Voelkle et al. (2014), we argue against viewing within- and between-person analyses as antagonistic approaches. Rather researchers should explore the juxtaposition between the two approaches. Here we explore differences between the two models in more detail. 
[bookmark: _heading=h.3as4poj]	In our study, the cross-lagged paths used to evaluate the directional-ordering of job satisfaction and self-efficacy are extraordinarily consistent over variations and extensions of RI-CLPMs and CLPMs. Indeed, for both CLPMs and RI-CLPMs, even the sizes of the reciprocal effects are very similar across the tests of directional predominance. Hence, support for our a priori predictions is consistent with both single-level undecomposed between-person (CLPM) and decomposed within-person (RI-CLPM) perspectives. Indeed, juxtaposing results and issues faced by both models provides a more robust interpretation of the results than would evaluating either model in isolation of the other. Of course, this is what we would expect if there was little between-person variance in the RI-CLPM. However, in our study, this similarity occurs even though much of the variance in the RI-CLPM was at the between-person level.
Methodological Issues
[bookmark: _heading=h.1pxezwc]Goodness-of-Fit and the Measurement Model
As exemplified in our study, it is essential to evaluate models’ goodness-of-fit and the measurement models’ invariance over time. Unless there is good support for at least configural invariance, applying either CLPMs or RI-CLPMs is questionable. Furthermore, unless there is support for metric invariance of the factor structure over time, then constraining critical autoregressive parameters to be invariant over time is inappropriate. Metric invariance is particularly critical for RI-CPMs that are based on temporal deviation scores. Although the failure of metric invariance does not invalidate using CLPMs for prediction purposes, it complicates the interpretation of results. Hence, CLPMs and RI-CLPMs should always start by evaluating the underlying measurement model and support for invariance over the multiple time waves. 
Because our focus has been on fully-latent models that control measurement error, we have not focused on this issue for manifest CLPMs and RI-CLPMs. Unaccounted measurement error and correlations of  uniquenesses that are not accounted for bias results of both CLPMs and RI-CLPMs. This is worrisome because these issues are highly likely in cross-lagged panel data. Although it is possible to control for measurement error if there are reasonable estimates of reliability, such adjustments for longitudinal data are complex (particularly concerning correlated uniquenesses). Thus, fully latent models based on multiple indicators of all constructs provide the best control for measurement error.
Many models of longitudinal data, including CLPMs and RI-CLPMs, are nested under the corresponding measurement model (MM2 described in Tables 1 and 2). Thus, this measurement model’s fit constitutes an essential comparison to subsequent CLPMs and RI-CLPMs. If the fit of the measurement model is meaningfully better than either CLPMs or RI-CLPMs, there is need for further exploration -- whether the misfit of the CLPMs or RI-CLPMs is substantively important concerning the interpretation of the results. For example, we found that the CLPMs’ fits (Models MB1 and MB2 in Table 3) were good compared to traditional goodness-of-fit guidelines, but were noticeably poorer than the corresponding measurement model (MM2 in Table 1). Furthermore, a detailed evaluation of the measurement model offers better understanding of the data and the relations among the factors. This recommendation implies that multiple indicators are needed to test the measurement model. In summary, CLPM and RI-CLPM studies should routinely use fully-latent models, and preliminary analyses should evaluate support for the measurement model.
Goodness-of-Fit and Choice of Models 
The CLPM is nested under the corresponding RI-CLPM. Hence, the fit of the RI-CLPM will always be better than that of the CLPM (at least for indices that do not correct for greater parsimony of the CLPM). The only exception would be the apparently unlikely situation when all global trait factors in RI-CLPMs have zero variances (Hamaker et al., 2015). 
Relatedly, Orth et al. (2021; also see Asendorpf, 2021) contend that CLPMs and RI-CLPMs address different issues. Hence, model selection should reflect which model is more appropriate to the aims of the study as well as goodness-of-fit. Although we fully agree that CLPMs and RI-CLPMs address different questions, we add a caveat about the relevance of goodness-of-fit. The better fit of the RI-CLPM (and the corresponding measurement model) suggests systematic variation or covariation is unexplained by the CLPM. When the fit of RI-CLPM is better than that of the CLPM, the difference is likely due to RI-CLPMs’ global trait factors. Consistently with Lüdtke and Robitzsch's (2021) simulation research, we found that the fit of the CLPM was substantially improved (approximating RI-CLPM’s fit) by including Lag-2 and Lag-3 stability paths between non-adjacent waves of data. We suspect that this will often be the case for CLPMs (e.g., Lüdtke & Robitzsch, 2021;  Marsh, Pekrun et al., 2022; Marsh, Pekrun, et al., 2018; also see related discussion by Mulder & Hamaker, 2021; Hamaker et al., 2015). Even without comparing CLPMs and the RI-CLPMs, it is possible to compare the fit of the basic CLPM with that of the final measurement model. However, when additional lagged paths are included, it is essential to determine whether their inclusion alters substantively important parameter estimates and support for a priori hypotheses–a sensitivity test, as illustrated here.  
[bookmark: _heading=h.49x2ik5]Biases Associated with Omitted Covariates
We considered gender, age, role, and the sector as covariates. Although substantively interesting (Table 2), here we focus on whether their omission biases the estimates. Cross-lagged paths that are most important in testing directional ordering were nearly unaffected by the inclusion/exclusion of covariates in either CLPMs or the RI-CLPMs. Nevertheless, there will always be additional covariates that have not been measured. These additional, unmeasured covariates might be truly time-invariant covariates, time-invariant covariates that have different effects for different waves (perhaps reflecting additional, unmeasured process variables that vary with time and interact with the time-invariant covariates), time-varying covariates that might be specific to a particular wave, or even auto-regressive covariates that change gradually or systematically over time. However, the characteristics of these different biases and their likelihood of occurring has been given insufficient attention in CLPMs and RI-CLPMs (see Asendorpf, 2021; Lüdtke & Robitzsch, 2021; Schuurman & Hamaker, 2019). 
[bookmark: _heading=h.46r0co2]For the CLPMs, truly time-invariant covariates will typically have their strongest direct effect on the first data wave (there may be exceptions, e.g., effects of gender which can change from before to after the onset of puberty). Thus, most of the covariates’ effects across the nine waves (Model MC1 in Table 3) could be explained in their effects on the first wave of data (Model MC3). However, compared to CLPMs, RI-CLPMs provide better control for truly time-invariant covariates. This occurs because time-invariant covariates’ effects in RI-CLPMs are largely absorbed by the global trait factors. Hence, in our study, the stability and cross-lagged paths for RI-CLPMs were largely unaffected by the exclusion of covariates. 
For both CLPMs and RI-CLPMs, unmeasured time-varying covariates are worrisome confounders. However, adding lag-2 paths offers a stronger control for time-varying covariates (Marsh, Pekrun, et al., 2018, 2022; also see Lüdtke & Robitzsch, 2021). Thus, even if a covariate specific to Wave-T affects variables at Wave-T+1, it is less likely to affect variables at Wave-T+2 after controlling the effects from Wave-T and Wave-T+1 (see VanderWeele et al., 2020). Nevertheless, there exist more complex models that are stronger in terms of protecting against the effects of unmeasured covariates and random effects of other parameters (e.g., Lüdtke & Robitzsch, 2022; Orth et al., 2021; Usami et al., 2019a; 2019b; Voelkle et al., 2014). However, experience suggests that these models often have estimation problems that undermine their usefulness in applied research. 
Strengths, Limitations, and Directions for Further Research
Generalizability
A strength of our study is the large, broadly representative sample of Australian school leaders enhances the generalizability of the results. Furthermore, our study is an exemplar in having nine annual waves based on large, representative samples.  In this respect, it compares favorably with other research evaluating relations between job satisfaction and self-efficacy (both among leaders and among employees more broadly) and studies of directional ordering more generally (also see SM7 on the use of self-report measures to assess job satisfaction and self-efficacy). However, further research is needed to test our findings' generalizability in other countries, school systems, and occupational groups. 
Our focus on principals has important implications for the school leaders and the schools they lead. The focus of our research is on school principals’ own wellbeing. However, there is also a need for further longitudinal research relating school leaders’ wellbeing to school climate, teacher wellbeing, and student learning, achievement, and wellbeing.
Invariance Constraints
We note the largely idiosyncratic use of invariance constraints in previous applications of CLPMs and RI-CLPMs. Here we introduced different invariance constraints designed to address central issues. The first was the traditional set of factorial invariance constraints applied to the fully-latent, longitudinal measurement model (configural, strong, and strict invariance over time). Without a well-defined measurement model, the interpretation of structural models is questionable. Nevertheless, measurement models are often not considered, particularly in studies that rely on manifest CLPMs and RI-CLMS. Furthermore, the measurement model’s fit affords a useful comparison for subsequent CLPMs and RI-CLPMs and a better understanding of the data (see Table 2). 
	The second was the set of longitudinal structural invariance constraints applied in the CLPMs and RI-CLPMs related to tests of stationarity (consistency of the estimates over time). The invariance constraints (longitudinal equilibrium and partial stationarity) reflect a blend of typical (e.g., longitudinal equilibrium), fully comprehensive (full-trend stationarity), and an expedient compromise (partial stationarity) that is easier to implement (see SM3- SM5 for further discussion of stationarity). Although stationarity is a critical issue in many longitudinal models (e.g., Voelkle et al., 2014), it has been largely ignored, misunderstood, or misused in CLPMs and RI-CLPMs. This failure to test full-trend stationarity stems partly from the complex, non-linear invariance constraints required to test the invariance of latent variances. For this reason, we document its application using syntax that can be easily applied in other studies (see SM5). Although there are clear statistical and substantive advantages to demonstrating full-trend stability, we leave as a question for further research whether tests of full-trend stationarity should be routinely incorporated in CLPMs and RI-CLPMs. We also note that it might be helpful to provide separate tests of multiple parameters constrained to be invariant within any one of our broader sets of constraints, particularly if tests of the overall constraint fail. Thus, it might be helpful to test the stability paths and cross-lagged paths in the longitudinal equilibrium constraint separately. Similarly, it might be helpful to test the invariance of residual variances and residual covariances separately. We also note that combining the measurement and structural invariance tests would be possible using the logic of MTMM analyses (see SM4).
Finally, we re-introduce the notion of directional predominance–whether the cross-lagged paths leading from self-efficacy to job satisfaction are significantly larger than those leading from job satisfaction to self-efficacy. Although this issue was an early focus in cross-lagged panel studies (see Marsh, 1990), it has been largely ignored in CLPMs and RI-CLPMs. Here, we posed an interesting research question about the directional predominance of self-efficacy effects over job satisfaction effects and extended our models to test this issue. However, formal tests showed that the small positive cross-lagged paths leading from self-efficacy to job satisfaction did not differ significantly from cross-lagged paths leading from job satisfaction to self-efficacy. Tests of directional predominance may be useful in CLPMs and RI-CLPMs more generally.
Methodological Implications 
Our research has implications for current research, and for the theoretical and statistical models that drive this research. In applied research, the link between self-efficacy and job satisfaction is typically seen as unidirectional (self-efficacy 🡺job satisfaction). This unidirectional model suggests that interventions that enhance self-efficacy will improve job satisfaction. Nevertheless, we note that support for even this unidirectional model based on cross-sectional data is weak. Furthermore, because self-efficacy is typically very stable, the effectiveness of such interventions might be limited. Critically, this unidirectional perspective assumes that interventions to enhance job satisfaction will have no effect on self-efficacy. However, the demonstration of reciprocal relations between job satisfaction and self-efficacy fundamentally alters the suggestions based on this unidirectional perspective. Thus, the significant link from job satisfaction to self-efficacy implies that interventions that change job satisfaction will also influence self-efficacy. More importantly, interventions that target both job satisfaction and self-efficacy are likely to be particularly effective in enhancing both constructs. This expectation is consistent with the positive gain spirals hypothesized in several theoretical models (e.g., Conservation of Resources Theory, Hobfoll, 1989; broaden-and-build theory, Fredrickson, 2001, 2008; the job-demand resources model, Bakker et al., 2014; 2017; and social cognitive theory, Bandura, 1977).
We juxtapose and extend the major statistical models (CLPMs and RI-CLPMs) to test directional ordering. We recommend that researchers consider both CLPMs and RI-CLPMs, and draw conclusions from different models relevant to their research questions. However, even for studies pursuing causal inference from a potential outcome framework, Lüdtke and Robitzsch (2021) demonstrated circumstances in which estimates are biased for RI-CLPMs but not CLPMs and vice-versa. Nevertheless, they argued for a selection-on-observables approach in CLPMs, consistent with VanderWeele et al.’s (2019, 2020) perspective on causal inference with longitudinal data. Hence guidelines about the appropriate application and interpretation of these models are the basis of ongoing controversy; educational psychology and applied researchers need to understand the differences between the competing issues. The substantive issues addressed here are pertinent to educational and applied psychology. However, theoretical, design, interpretational, and statistical issues considered here will likely have broad cross-disciplinary generalizability.
[bookmark: _heading=h.2p2csry]Conclusions and Practical Implications
	Barling and Cloutier (2017) argue that despite the considerable focus on employees' well-being, the well-being of school leaders has largely escaped attention. Barling and Cloutier emphasized the emotional toll of leadership and the failure of organizations to address their leaders’ well-being (see also Kaluza et al., 2019; Skaalvik, 2020a, b). Supporting school leaders’ job satisfaction and self-efficacy beliefs is vital for retaining motivated and capable leaders and attracting new leaders (Barling & Cloutier, 2017; also see Dicke, Marsh, et al., 2020). These challenges are particularly relevant for leaders in occupations with high levels of emotional labor and limited resources, such as educational leaders (Horwood et al., 2021; Riley et al., 2021). As highlighted by Riley et al. (2021; also see Horwood et al., 2021), Australian school leaders have faced steadily increasing demands and associated levels of stress with no actual increase in support services over the last decade. 
School principals are in charge of large, multifaceted organizations and are under increasing public scrutiny from diverse stakeholders. School principals play a crucial role in our society, but report increasingly high demands, burnout, and attrition. Thus, policymakers must act to reverse this imminent crisis to ensure our schools and society flourish rather than flounder. Nevertheless, large-scale, longitudinal studies of principals' well-being are largely absent from occupational health, education, leadership, work, organizational, and psychology journals (but see Dicke et al., 2020; Dicke et al., 2022). 
We evaluated the reciprocal effects linking school leaders' primary personal resource (their self-efficacy) and the most widely studied job-related well-being outcome (job satisfaction) for a large representative sample of Australian school principals. We positioned our research within the current controversy on how to evaluate reciprocal effects with cross-lagged panel designs. Finally, relating our study to new and evolving issues in evaluating models of reciprocal effects, we offered limitations of our research and directions for further research in this essentially unstudied field of the well-being of school principals.
In support of our a priori predictions and theoretical models, we found that school leaders’ self-efficacy and job satisfaction are reciprocally related over an extended period of time. The reciprocal relations between self-efficacy and job satisfaction suggest an ongoing mutual intensification resulting in positive or negative feedback loops (Bakker & Demerouti, 2017; but see also Bandura, 1977). Positive gain spirals can be initiated by the positive effects of either self-efficacy or job satisfaction. Thus, successful interventions and strategies that increase school leaders’ self-efficacy will likely enhance their job satisfaction. Likewise, interventions and strategies that improve job satisfaction are also likely to enhance self-efficacy.  However, negative feedback loops can be triggered by adverse events that negatively influence either self-efficacy or job satisfaction. Thus, interventions should strive to simultaneously enhance self-efficacy, job satisfaction, and the reciprocal links between the two. 
School principals need credible proactive feedback about their mental health and wellbeing. It is also essential that participants are confident about the confidentiality of the individual responses to the survey like that which is the basis of our study, one that is administered by a University Research Institute independent of State Departments of Education and other regulatory bodies. A critical feature of our ongoing research is to provide school principals immediate (within minutes of completing the survey) ongoing feedback that allows them to monitor critical mental health constructs compared to those experienced by other school principals and to changes in their own levels over time. This feedback includes “red flag” warnings suggesting that principals should consider seeking professional assistance. School principals view this feedback as the most valuable contribution of our research. However, the state and national school principal associations also value the aggregate reports on their members that helps them form policy within their organization. Additionally, results from our research have resulted in multiple Australian State Departments of Education policy changes to support the ongoing wellbeing of school principals. Hence school principals, professional organizations, and state and national regulatory and governmental agencies all value the annual reports from our survey that provide a collective voice for concerns faced by school principals. 
We also emphasize the need for educational psychology research to achieve a constructive balance between methodological and substantive orientations. Support for this claim can be traced back to the 2007 special issue of Contemporary Educational Psychology devoted to the application of latent variable models in educational psychology and the need for substantive-methodological synergies. In the lead article of this special issue, Marsh and Hau (2007, also see SM8) first coined the term substantive-methodological synergy and presented a manifesto for a “substantive methodological synergy” movement. They recognized challenges in this approach, noting substantive-methodological synergies are criticized as either being too substantive (by methodological journals) or too methodological oriented (by substantive journals). From this perspective, the set of studies in the 2007 special issue of Contemporary Educational Psychology provided a welcome model, demonstrating how a variety of new latent variable models can be applied to substantively meaningful research issues based on data like that typically encountered in applied educational psychology research. We hope the present investigation contributes to bridging this gap in the tradition of Marsh and Hau (2007).
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End Notes 
1  We note that the fully latent RI-CLPM used here is like that originally presented by Hamaker (2018). However, we note that Mulder and Hamaker (2021) also additionally presented second fully latent RI-CLPM structure in which they started with having a random intercept for each indicator (the unlabelled boxes in Figure 1) and a within-wave factor model (see Figure 3 in Mulder & Hamaker, 2021). Interestingly, this alternative model was based in part on models of longitudinal models of longitudinal data developed by Marsh and Grayson (1994) in which they represented the longitudinal structure based on item factors (items loading on the same item from different waves and in Mulder and Hamaker's new model) or time-specific latent factors (as used here and originally proposed by Hamaker, 2018). Marsh and Grayson argued that in some circumstances these models are equivalent (e.g., when each factor is measure by three items and there are three waves). In general, however, these approaches will result in different estimates.  
2  We test the statistical significance of the difference between the two cross-paths in the CLPMs and RL:CLPMs using two different approaches. First, we used the "model test" constraint in Mplus to test the difference between the two paths. Second, we actually fit a model in which the two cross-paths were constrained to be equal. In terms of the statistical significance of the difference between the two cross-paths, these models are equivalent. However, the second approach provided parameter estimates in which the two paths were the same. Interestingly this also resulted in substantially smaller standard errors.


Figure 1. Schematic Diagrams of Selected Cross-lag-panel models (CLPMs) and CLPMs with Random Intercepts (RI-CLPMs).
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Note. MB = Basic Models; MC = Models with covariates, x = self-efficacy; y = job satisfaction. Each of these constructs is based on multi-item scales (the boxes). Not shown (to avoid clutter) are correlated uniquenesses relating responses to the same item across the multiple waves. For all measurement models there is scalar variance of estimates over time and over the multiple groups. In different models there are different sets of structural invariance over time and groups (e.g., invariance of stability- and cross-lagged paths). The primary difference between the CLPMs and RI-CLPMs is the inclusion of the Global Trait factors (Tx and Ty) representing the decomposed between-person component for each construct. Thus, in the CLPMs relations among the Ax and Ay factors in the CLPM represent relations among undecomposed between-person effects. In the RI-CLPMs these relations represent relations among within-person effects. In CLPMs with covariates shown here, covariates are posited to affect all 9 waves (MC1) or only the first wave (MC2). In RI-CLPMs with covariate models, covariates are posited to effect all (undecomposed) first-order factors (MC1) or only the latent trait factors. For all models shown here, only lag-1 paths are posited relating job satisfaction and self-efficacy in different waves (along with within-wave relations between the two constructs).

Table 1 
Goodness of Fit for Confirmatory Factor Analysis (CFA) Measurement Model (MM): Invariance of the Measurement Factor Structure Over Multiple Waves 1 - 9 
	CFA Model
	Chi-SQ
	Df      
	RMSEA
	CFI
	TLI

	
	
	
	
	
	

	CFA Models 
	
	
	
	
	

	MM0 No invariance no correlated uniquenesses  
	19938
	3826
	.027
	.851
	.844

	MM1 configural M0 with correlated uniquenesses
	5613
	3402
	.011
	.980
	.976

	MM2 metric M1 with factor loadings invariant
	5762
	3466
	.011
	.979
	.975

	MM3 Scalar M2 with intercepts invariant 
	6381
	3546
	.012
	.974
	.970


Note. Summary of goodness-of-fit statistics for different confirmatory factor analysis measurement model (mm): different factor analyses considered in the present investigation. Chi-SQ = chi-square; df = degrees of freedom; CFI = Comparative fit index; TLI = Tucker-Lewis Index; RMSEA = Root Mean Square Error of Approximation. Model; INV = invariance constraints (constraining parameters to be invariant over time); CU = correlated uniqueness (relating residual variances associated with the same item over the multiple waves.



Table 2 
Latent correlations between Self-efficacy (SE) and Job Satisfaction (JS) Over Nine Waves (2011-2019) and Background/Demographics

	Factor
	SE11 
	SE12 
	SE13 
	SE14 
	SE15 
	SE16 
	SE17 
	SE18 
	SE19 
	JS11 
	JS12 
	JS13 
	JS14 
	JS15 
	JS16 
	JS17 
	JS18 
	JS19 

	Self-Efficacy 
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE11 
	1.00
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE12 
	.68
	1.00
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE13 
	.68
	.67
	1.00
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE14 
	.62
	.67
	.67
	1.00
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE15 
	.61
	.62
	.61
	.68
	1.00
	
	
	
	
	
	
	
	
	
	
	
	
	

	SE16 
	.57
	.58
	.60
	.67
	.68
	1.00
	
	
	
	
	
	
	
	
	
	
	
	

	SE17 
	.53
	.53
	.58
	.58
	.61
	.67
	1.00
	
	
	
	
	
	
	`
	
	
	
	

	SE18 
	.55
	.53
	.58
	.59
	.58
	.65
	.67
	1.00
	
	
	
	
	
	
	
	
	
	

	SE19 
	.52
	.54
	.53
	.54
	.60
	.60
	.63
	.72
	1.00
	
	
	
	
	
	
	
	
	

	Job Satisfaction
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	JS11 
	.34
	.33
	.29
	.31
	.30
	.25
	.24
	.24
	.24
	1.00
	
	
	
	
	
	
	
	

	JS12 
	.24
	.38
	.32
	.35
	.32
	.28
	.28
	.29
	.27
	.64
	1.00
	
	
	
	
	
	
	

	JS13 
	.27
	.32
	.39
	.34
	.33
	.32
	.30
	.28
	.31
	.60
	.70
	1.00
	
	
	
	
	
	

	JS14 
	.23
	.27
	.30
	.40
	.34
	.31
	.28
	.32
	.32
	.58
	.63
	.70
	1.00
	
	
	
	
	

	JS15 
	.22
	.25
	.27
	.34
	.42
	.31
	.28
	.33
	.29
	.52
	.56
	.61
	.69
	1.00
	
	
	
	

	JS16 
	.21
	.26
	.24
	.30
	.32
	.36
	.32
	.32
	.27
	.48
	.54
	.56
	.60
	.67
	1.00
	
	
	

	JS17 
	.15
	.16
	.24
	.25
	.28
	.30
	.39
	.32
	.28
	.43
	.51
	.51
	.57
	.60
	.65
	1.00
	
	

	JS18 
	.17
	.20
	.27
	.28
	.25
	.29
	.32
	.43
	.33
	.43
	.44
	.40
	.50
	.53
	.55
	.62
	1.00
	

	JS19 
	.27
	.29
	.33
	.30
	.32
	.30
	.34
	.39
	.46
	.55
	.51
	.54
	.58
	.60
	.60
	.61
	.67
	1.00

	Covariates
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Gender    
	-.01
	-.03
	-.06
	-.07
	-.06
	-.05
	-.04
	-.05
	-.03
	-.05
	-.04
	-.05
	-.06
	-.03
	-.04
	-.05
	-.01
	-.04

	Age-linear       
	.02
	.07
	.06
	.02
	.05
	.02
	.02
	.03
	.02
	.10
	.09
	.08
	.06
	.09
	.09
	.14
	.09
	.14

	Age-Quad
	.02
	-.03
	-.01
	-.01
	-.01
	.00
	.00
	-.01
	.00
	-.01
	.00
	-.01
	.03
	-.01
	.01
	.00
	-.01
	.00

	Position
	-.07
	-.06
	-.05
	-.05
	-.05
	-.05
	-.04
	-.04
	-.04
	-.10
	-.10
	-.11
	-.13
	-.09
	-.09
	-.11
	-.11
	-.08

	Sector 
	-.04
	-.01
	-.04
	-.01
	-.02
	-.04
	-.01
	.01
	.01
	.17
	.13
	.11
	.14
	.12
	.10
	.09
	.10
	.13


Note.  Latent correlations between Self-efficacy (SE) and Job Satisfaction (JS) Over Nine Waves (2011-2019). Shaded correlations are between self-efficacy and job satisfaction within the same wave (M r = .316). Both constructs are very stable over time (M lag 1 r = .679 for self-efficacy and .667 for Job satisfaction). Self-efficacy and job satisfaction in the same wave are moderately correlated (M r .379).  Correlations in bold are statistically significant ( p < .05). 
Table3  
Relations between Self-efficacy (SE) and Job Satisfaction (JS) over time. Goodness of Fit Indices for Related Cross-Lag-Panel-Models (CLPMs) and Cross-Lag-Panel-Models with Random Intercepts (RI-CLPMs) 
	Model
	CLPM
	RI-CLPM

	Basic Models (MB)
	Chi-SQ
	Df      
	RMSEA
	CFI
	TLI
	Chi-SQ
	Df      
	RMSEA
	CFI
	TLI

	 MB1 no Invariance
	7663
	3578
	.014
	.962
	.958
	5939
	3557
	.011
	.978
	.975

	 MB2 Long Equilitya
	7737
	3614
	.014
	.962
	.958
	6101
	3618
	.011
	.977
	.975

	    MB2 with CrsPath equalitya
	7737
	3615
	.014
	.962
	.958
	6103
	3619
	.011
	.977
	.975

	 MB3. Part Stationarity
	7753
	3627
	.014
	.962
	.958
	6126
	3624
	.011
	.977
	.974

	    MB3 with CrsPath equalitya
	7753
	3628
	.014
	.962
	.958
	6128
	3625
	.011
	.977
	.974

	 MB3. With Trait FL= free
	
	
	
	
	
	6079
	3608
	.011
	.977
	.974

	Lags, no Covariates (ML)
	
	
	
	
	
	
	
	
	
	

	  ML1. Lag 2: CrsPath & Stability
	6391
	3604
	.012
	.974
	.971
	5996
	3601
	.011
	.978
	.975

	  ML2. Lag 2: Stability only
	6397
	3610
	.012
	.974
	.971
	6002
	3607
	.011
	.978
	.975

	  ML3.  Lag 3: Stability only
	6091
	3593
	.011
	.977
	.974
	5955
	3590
	.011
	.978
	.976

	Covariates, no lags (MC)
	
	
	
	
	
	
	
	
	
	

	  MC1. COV: W1 to W9
	8653
	4059
	.014
	.958
	.953
	7084
	4056
	.011
	.972
	.969

	  MC2. COV: W1-W2
	8854
	4143
	.014
	.957
	.952
	7371
	4131
	.012
	.97
	.967

	  MC3. Cov: W1 only
	8883
	4155
	.014
	.957
	.952
	7400
	4148
	.012
	.972
	.969

	  MC4. COV: Paths fixed to zero
	9105
	4167
	.014
	.955
	.95
	7478
	4164
	.012
	.97
	.967

	  MC5. Cov: to Global Traits
	
	
	
	
	
	7171
	4152
	.011
	.972
	.97

	Lags + Covariates (MLC)
	
	
	
	
	
	
	
	
	
	

	  MLC1. Lag-2 Cov-W1-W9
	7341
	4042
	.012
	.97
	.966
	6960
	4039
	.011
	.973
	.97

	  MLC2. Lag-2 Cov-W1-W2
	7480
	4132
	.012
	.969
	.966
	7209
	4123
	.012
	.972
	.969

	  MLC3. Lag-2 Cov-W1
	7503
	4144
	.012
	.969
	.966
	7252
	4135
	.012
	.971
	.969

	  MLC4. Lag-2  Cov-Fixed at 0
	7749
	4150
	.012
	.967
	.964
	7354
	4147
	.012
	.971
	.968

	  MLC5. Lag-2 Cov to Global Trait
	
	
	
	
	
	7045
	4135
	.011
	.973
	.971

	  MLC6. Lag3-COV W1-W9
	7046
	4025
	.012
	.972
	.969
	6913
	4022
	.011
	.973
	.970

	  MLC7. Lag-3  Cov-Fixed at 0
	7443
	4133
	.012
	.907
	.967
	7307
	4130
	.012
	.971
	.968


Note. RMSEA = root mean square error of approximation, CFI = confirmatory fit index, TLI = Tucker-Lewis index, CrsPath =  cross-lagged path; Stability = autoregressive stability paths; Cov = covariates, Lag 2 and Lag3= models with paths from each wave to the next two waves (Lag 2) or next three waves (Lag 3) in addition to Lag 1 paths. Models here extend the basic cross-lagged-panel models (CLPM) and the cross-lagged panel models with random intercepts (RI-CLPM; see Figure 1 and Table 4 for parameter estimates) by including additional lag-2 and lag-3 estimates (models ML1-Ml3), covariates (models MC1-MC5), and both additional lags and covariates (models MLC1-MLC7).
a  We used the "model test" constraint in Mplus to test the difference between the two cross-lagged paths in theses CLPMs and RI-CLPMs. All six of these tests were non-significant (p > .10). 
Table 4
Relations between Self-efficacy (SE) and Job Satisfaction (JS) over time. Parameter Estimates and Standard Errors (SEs) for Basic Models with Invariance Constraints Over the Multiple Waves (W1-W9)
	Model
	CLPM
	
	RI-CLPM

	Basic Models (MB)
	Cov
	Stab
	Stab
	CPth
	CPth
	
	TrtVar
	TrtVar
	TrtCov
	Cov
	Stab
	Stab
	CPth
	CPth

	
	SE-JS
	_JS
	_SE
	JStoSE
	SEtoJS
	
	JS
	SE
	SE-JS
	SE-JS
	_JS
	_SE
	JStoSE
	SEtoJS

	MB2. Long Equilib
	.355
	.685
	.705
	.065
	.060
	
	.535
	.659
	.477
	.231
	.270
	.227
	.063
	.039

	SEs
	.023
	.007
	.007
	.005
	.005
	
	.017
	.018
	.017
	.042
	.017
	.018
	.015
	.016

	   MB23 with CP equality
	.355
	.684
	.706
	.063
	.063
	
	.536
	.659
	.477
	.231
	.262
	.234
	.053
	.053

	SEs
	.023
	.008
	.007
	.007
	.008
	
	.017
	.018
	.017
	.042
	.016
	.017
	.012
	.012

	MB3. Part Stationarity
	.356
	.679
	.713
	.059
	.062
	
	.531
	.661
	.477
	.230
	.280
	.213
	.066
	.039

	SEs
	.023
	.008
	.008
	.007
	.008
	
	.017
	.017
	.018
	.042
	.018
	.018
	.014
	.017

	   MB3 with CP equality
	.355
	.680
	.712
	.060
	.060
	
	.533
	.661
	.476
	.230
	.271
	.222
	.056
	.056

	SEs
	.023
	.007
	.007
	.005
	.005
	
	.017
	.017
	.018
	.042
	.017
	.017
	.012
	.012

	MB3 With Trait FL=free
	
	
	
	
	
	
	.496
	.586
	.482
	.235
	.274
	.198
	.063
	.035

	SEs
	
	
	
	
	
	
	.028
	.026
	.017
	.039
	.018
	.018
	.014
	.017


Note. Basic cross-lag-panel models (CLPM) and CLPM with random intercept (RI-CLPM) were fit to the data (see Figure 1 and Table 3 for goodness-of-fit). Models 1-3 (MB1-MB3) refer to different sets of invariance constraints (MB2 = longitudinal equilibrium; MB3 = partial stationarity) over the multiple waves (W1-W9). For MB1 and MB2, an additional model was fit I which the two cross-products were constrained to be equal (CrsPath equality) to test for directional predominance. In all cases, the differences were non-significant (all ps > .10). Selected parameter estimates (see Figure 1) for the CLPM: within-wave correlation between self-efficacy and job satisfaction (Cov SE-JS) based on wave 1; the two autoregressive stability paths for SE and JS (Stab JS, Stab SE); and the two autoregressive cross-lagged paths from JS to SE (CPth JStoSE) and from SE to JS (CPth SEtoJS). Additional parameters for the RI-CLPM includes: decomposed between-person relative trait variance estimates JS and SE (VarBP JS, VarBP SE), and the within- and between-person covariances between SE and JS (BPCov_JS, WPCov_JS based on wave 1.


Table 5
Relations between Self-efficacy (SE) and Job Satisfaction (JS) over time. Extensions of Basic Cross-Lagged-Panel-Models (CLPMs) And Cross-Lagged-Panel-Models with Random Intercepts (RI-CLPMs) to Include Additional Lagged Autoregressive Paths and Covariates
	
	CLPM
	
	RI-CLPM

	Models
	Cov
	Stab
	Stab
	CPth
	CPth
	
	TrtVar
	TrtVar
	TrtCov
	WPCov
	Stab
	Stab
	CPth
	CPth

	
	SE-JS
	_JS
	_SE
	JStoSE
	SEtoJS
	
	SEt
	JSt
	SE-JS
	SE-JS
	_JS
	_SE
	JStoSE
	SEtoJS

	Lags, No Covariates (ML)
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	  ML1. Lag 2: CrsPath & Stability
	.34
	.442
	.429
	.037
	.045
	
	.493
	.636
	.464
	.218
	.287
	.271
	.057
	.067

	SEs
	.023
	.013
	.012
	.014
	.016
	
	.021
	.022
	.023
	.048
	.021
	.020
	.017
	.020

	  ML2. Lag 2: Stability only
	.340
	.442
	.428
	.042
	.049
	
	.497
	.634
	.482
	.212
	.288
	.271
	.053
	.058

	SEs
	.023
	.013
	.012
	.008
	.009
	
	.020
	.022
	.020
	.046
	.021
	.020
	.017
	.019

	  ML3. Lag 3: Stability only
	.337
	.404
	.383
	.041
	.048
	
	.466
	.617
	.484
	.210
	.298
	.302
	.056
	.072

	SEs
	.023
	.016
	.015
	.009
	.010
	
	.027
	.029
	.023
	.048
	.024
	.020
	.018
	.020

	Covariates No lag (MC)
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	  MC1. COV: W1 to W9
	.360
	.663
	.711
	.059
	.064
	
	.515
	.660
	.477
	.236
	.284
	.212
	.067
	.037

	SEs
	.023
	.008
	.008
	.007
	.008
	
	.017
	.017
	.018
	.042
	.018
	.018
	.014
	.017

	  MC2. COV: W1-W2
	.359
	.681
	.714
	.058
	.061
	
	.529
	.667
	.478
	.224
	.294
	.221
	.066
	.054

	SEs
	.023
	.008
	.008
	.007
	.008
	
	.018
	.018
	.018
	.044
	.022
	.021
	.017
	.020

	  MC3. Cov: W1 only
	.361
	.684
	.714
	.059
	.060
	
	.533
	.665
	.480
	.234
	.300
	.216
	.060
	.048

	SEs
	.023
	.008
	.008
	.007
	.008
	
	.018
	.018
	.018
	.043
	.019
	.019
	.015
	.018

	  MC4. COV: Paths fixed to zero
	.356
	.679
	.713
	.059
	.062
	
	.531
	.661
	.477
	.229
	.280
	.213
	.066
	.039

	SEs
	.023
	.008
	.008
	.007
	.008
	
	.017
	.017
	.018
	.042
	.018
	.018
	.014
	.017

	  MC5. Cov to BP WP on Trait
	
	
	
	
	
	
	.514
	.658
	.479
	.228
	.283
	.213
	.066
	.037

	SEs
	
	
	
	
	
	
	.017
	.017
	.018
	.042
	.018
	.018
	.014
	.017

	Lags + Covariates (MLC)
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	MLC1. Lag-2 Cov-W1-W9
	.345
	.44
	.427
	.042
	.05
	
	.480
	.634
	.483
	.221
	.294
	.271
	.055
	.057

	SEs
	.023
	.013
	.012
	.008
	.009
	
	.021
	.022
	.021
	.046
	.021
	.020
	.017
	.019

	MLC2. Lag-2 Cov-W1-W2
	.346
	.44
	.428
	.042
	.048
	
	.414
	.641
	.502
	.198
	.379
	.269
	.072
	.039

	SEs
	.023
	.013
	.012
	.008
	.009
	
	.035
	.023
	.027
	.048
	.019
	.018
	.014
	.018

	MLC3. Lag-2 Cov-W1
	.347
	.441
	.428
	.042
	.048
	
	.418
	.634
	.497
	.219
	.357
	.275
	.069
	.047

	SEs
	.023
	.013
	.012
	.008
	.009
	
	.038
	.023
	.027
	.046
	.025
	.020
	.016
	.019

	MLC4. Lag-2; Cov-Fixed at 0
	.340
	.442
	.428
	.042
	.049
	
	.497
	.634
	.482
	.212
	.288
	.271
	.053
	.058

	SEs
	.023
	.013
	.012
	.008
	.009
	
	.020
	.022
	.02
	.046
	.021
	.020
	.017
	.019

	MLC5. Lag2-COV Trait
	
	
	
	
	
	
	.479
	.631
	.486
	.212
	.293
	.272
	.053
	.056

	SEs
	
	
	
	
	
	
	.021
	.022
	.021
	.046
	.021
	.020
	.017
	.019

	MLC6. Lag-3 Cov-W1-W9
	.342
	.404
	.383
	.041
	.048
	
	.451
	.619
	.485
	.218
	.304
	.302
	.057
	.070

	SEs
	.023
	.016
	.015
	.01
	.010
	
	.028
	.029
	.024
	.048
	.024
	.020
	.018
	.020

	MLC7. Lag-3; Cov-Fixed at 0
	.337
	.404
	.383
	.041
	.048
	
	.466
	.617
	.484
	.210
	.298
	.302
	.056
	.072

	SEs
	.023
	.016
	.015
	.009
	.010
	
	.027
	.029
	.023
	.048
	.024
	.020
	.018
	.020


Note. Models are extensions of Model MB3 (Partial stationarity, Tables 3 & 4) that include additional lagged estimates (ML) covariates (Cov, MC) or both MLC). W1-W9 = waves 1 to 9; Lag 2 and Lag3= models with paths from each wave to the next two waves (Lag 2) or next three waves (Lag 3) in addition to Lag 1 paths. CrsPath = autoregressive cross-lagged path; Stability  = autoregressive stability paths. TrtVar and TrtCov are variance and covariances of the global trait factors, 
[bookmark: _heading=h.vx1227]Supplemental Materials

Section 1. 
Bandura's conceptualization of self-efficacy and use of the term in organizational research. 

Section 2.
Distinguishing Between RI-CLPM (Within-Person) and CLPM (Between-Person) Perspectives

Section 3. 
Stationarity, Measurement, and Structural Invariance Constraints. 
Derivation and for Constraints to Test Full-trend stationarity

Section 4. 
Full Stationarity in relation to the MTMM matrix

Section 5.
 Mplus Syntax for implementing Full-trend stationarity

[bookmark: _heading=h.3ygebqi]Section 6. 
Missing Data in Relation to our Sampling Design

Section 7. 
The Reliance on Self-report Measures.

Section 8. The  Need for Substantive-Methodological Synergy in Contemporary Educational Psychology



Section 1
Bandura's conceptualization of self-efficacy and use of the term in organizational research. 

The self-efficacy label is broadly used in different ways in psychological research and research more generally. Bandura focused primarily on task-specific measures of self-efficacy that conformed to specific guidelines (e.g., Bandura, 2006) designed to eliminate most of the evaluative component of self-perceptions (see discussion by Marsh et al., 2018, on the Murky distinction between self-efficacy and self-concept). According to Bandura's guidelines, task-specific self-efficacy items define a specific task and the standards against which individuals judge themselves. For example, the self-efficacy item "I can run 100 meters in 13 seconds in the next school track meet" clearly specifies the task and the standard (13 seconds). Importantly, the response is purely descriptive and not evaluative (i.e., whether this would represent a great result—a personal best, or a terrible one—the slowest time this season). Similarly, in an educational context, Betz and Hackett’s (1983) math self-efficacy scale asks, “How confident are you to be able to work out the price of a t-shirt when getting 20% off?” Thus, items that do not clearly present both a specific task and the standards against which they are to be evaluated might be useful in evaluating self-beliefs (e.g., self-concepts), but do not correspond to the design features originally proposed by Bandura and other self-efficacy researchers (see Marsh et al., 2018 for further discussion). Self-efficacy measures typically used in organizational psychology research do not satisfy these criteria—particularly the explicit inclusion in the self-efficacy items of objective standards the respondents use to make judgments—but instead focus on more generalized perceptions of self-efficacy in workplaces and fail to provide an objective standard of what constitutes success. It might be more appropriate to refer to these measures as domain-specific measures of self-belief or self-concept measures rather than task-specific (particularly in relation to Bandura's guidelines).
We suggest that the distinction between task and generalized self-efficacy is really a continuum rather than a dichotomy. Purely task-specific items – particularly those that conform to Bandura's (2006) guidelines -- are likely to be so highly contextualized that they are largely idiosyncratic to a particular study. These self-efficacy items might be closely related to future outcomes that are also highly contextualized and idiosyncratic to the particular study. However, these measures probably not be useful in other settings. In this respect, it would be necessary to develop new self-efficacy measures for each study. Klassen et al. (2011) similarly noted that Self-efficacy measures are most predictive of future behaviors when both the self-efficacy and outcome measures are narrowly defined. However, the self-efficacy measures lose generalizability to other settings as specificity increases. Similarly, Pajares (1996) warned that “microscopically operationalized” measures lose practical utility, even as predictive power increases. Hence, for broad, generic constructs like job satisfaction, a generalized measure of self-efficacy is likely to be more predictive than an overly specific task measure of self-efficacy. Schwarzer and Hallum (2008) found that a task-specific and their Generalized Self-efficacy scale (like what we used in the present investigation) were highly correlated and similarly related to job stress and burnout. In a longitudinal analysis, they found that task-specific and generalized measures of self-efficacy measures defined a single self-efficacy latent construct.
We also note that the specificity matching principle (e.g., Brunswick, 1952; Swan, et al. 2007) suggests that the breadth and generality of a predictor variable should match the outcome that it is designed to predict. Thus, in relation to high task-specific outcomes, it is appropriate to use highly specific self-efficacy items. However, it is more appropriate to use more generalized self-efficacy measures for more broadly generalizable outcomes such as job satisfaction. 
Our measure of self-efficacy is a generalized measure that falls closer to the generalized end of this continuum than a task-specific measure.  Nevertheless, even though the respondents were not asked to respond specifically in relation to the workplace, the items were part of an extensive survey specific to the workplace. Thus, in the preamble to the survey, respondents were told: The survey is being conducted in response to concerns that the increasing complexity and workload demands of school leadership roles are impacting on the health and wellbeing of Australian school leaders. Hence, respondents responded to these items concerning their work context. In this respect, the measure was more like a domain-specific measure than a purely generalized measure that was domain-general.
We note that there is an ambiguity in organizational psychology (and more generally) in the conceptualization of self-efficacy – in relation to Bandura's (2006) criteria of item design and the relevance to task-specific, domain-specific, and generalized measures of self-efficacy. The resolution of this issue is beyond the scope of the present investigation. Nevertheless, it is clearly justifiable to test the generalizability of predictions based on Bandura's conceptual model in relation to generalized measures of self-efficacy.
Marsh, et al. (2018) extensively evaluated the murky distinction between self-concept and self-efficacy in relation to Bandura's (2006) guidelines for the appropriate construction of self-efficacy items. The study was a substantive-methodological synergy, bringing together new substantive, theoretical and statistical models, and developing new tests of the classic jingle-jangle fallacy. They noted the many possible differences between self-concept and self-efficacy, but argued that the most critical was the appropriate construction of self-efficacy items in relation to Bandura's guidelines. They argued and demonstrated empirically that scales that were claimed to measure self-efficacy but did not incorporate the standard against which responded judged their success were indistinguishable from self-concept scales, but were distinct from true self-efficacy measures that were consistent with Bandura's principles for the design of self-efficacy items. The critical distinction is that self-concept items are heavily influenced by the evaluation of success on the items that invoke social comparison processes. Because self-efficacy items were judged in relation to an objective standard (e.g., whether I can run 100 meters in 13 seconds) the social comparison processes were largely eliminated. 
Marsh, et al. (2018) demonstrated that in a representative sample of 3,350 students from math classes in 43 German schools, generalized math self-efficacy and math outcome expectancies were indistinguishable from math self-concept, but were distinct from two math self-efficacy scales that consisted of items consistent with Bandura's (2006 design principles. 
In big-fish-little-pond effect school-average achievement has a negative effect on math self-concept, even though individual math achievement has a positive effect. The finding is one of the most cross-nationally generalizable findings in psychological research. The big-fish-little-pond effect based substantially on social comparison processes. Marsh et al. (2018) demonstrated that, consistent with a priori predictions that the big-fish-little-pond was strong for measures of generalized math self-efficacy, math outcome expectancies, and math self-concept but were completely eliminated in responses to the two true self-efficacy measures. This is consistent with Bandura's argument that appropriately constructed self-efficacy items largely eliminate the evaluative (social comparison) component that is so strong in self-concept and related self-belief measures. Hence the critical issue is to supply an objective standard against which to evaluate success that largely removes the social comparison processes. From this perspective, the critical difference between self-efficacy and other self-belief constructs is the inclusion of an objective standard rather than where the self-belief construct is classified in relation to task specificity, domain specificity, or a generalized construct. 
After controlling for pre-test variables (including prior achievement), each of the three self-concept-like constructs (math self-concept, outcome expectancy, and generalized math self-efficacy) in each of the four years of secondary school was more strongly related to post-test outcomes (school grades, test scores, future aspirations) than were the corresponding two true self-efficacy -like factors.
Extending discussion by Marsh et al. (1997), Marsh et al. (2019) clarified distinctions between self-efficacy and self-concept; the role of evaluation, worthiness, and outcome expectancy in self-efficacy measures; and complications in generalized and global measures of self-efficacy.  This prior research is relevant to the present investigation and organizational research more generally because there are apparently no measures of self-efficacy research routinely used in organizational psychology research that satisfy Bandura's (2006) guidelines. Hence, we argue that these measures should be labelled as self-concept (or some related self-belief term) rather than self-efficacy. 



Section 2. Distinguishing Between RI-CLPM (Within-Person) and CLPM (Between-Person) Perspectives
Historically, CLPMs are the most widely used model in psychological research to test directional ordering based on panel data. However, following Hamaker and colleagues (Hamaker, 2018; Hamaker et al., 2015; Hamaker & Muthén, 2020; Mulder & Hamaker, 2021), the popularity of RI-CLPMs has surged. However, Orth et al. (2021) stressed that these two models address different questions, result in different interpretations, and make different assumptions. Here we argue that both models separately and their juxtaposition are relevant to different theoretical questions. Hence understanding these differences is critical.
[bookmark: _heading=h.z337ya]Structural Differences 
The primary difference between the RI-CLPM and the CLPMs is structural. In particular, the RI-CLPM includes a stable trait factor (Tx and Ty in Figure 1), but the CLPM does not. Hence, CLPMs are nested under the RI-CLPM. In this sense, RI-CLPMs model how scores obtained at each wave differs from a person's stable trait (a within-person perspective disaggregated from the between-person perspective reflected in the stable trait). Furthermore, these time-specific within-person variations observed at one point in time influence within-person-variations observed at later time points. In contrast, CLPMs model how inter-individual differences observed at one point in time are related to inter-individual differences observed at later time points (a between-person perspective). 
The critical difference in distinguishing between these models is in how the term between-person is used. In the CLPM, between-person effects reflect a combination of deviations from a global trait (within-person effects) and a stable trait (between-person effects). This use of the term between-person effects is consistent with its use in most studies of individual differences in relations among variables and in most cross-sectional studies. In contrast, the RI-CLPM decomposes these effects into separate within- and between-person components. The use of the generic term between-person is appropriate within the context of each of these two models. However, to highlight this distinction and avoid confusion, we use the terms “decomposed between-person effects” (RI-CLPM) and “undecomposed between-person effects” (CLPM). 
For both CLPMs and RI-CLPMs, the critical parameters are stability paths (Bxx and Byy in Figure 1), and particularly the cross-lagged paths (Bxy and Byx in Figure 1). If both Bxy and Byx are statistically significant, X and Y are said to be reciprocally related. If both these cross-lagged paths are statistically significant but differ significantly in size, one of the constructs is directionally predominant. For example, if paths from prior self-efficacy to subsequent job satisfaction were greater than paths from prior job satisfaction to self-efficacy, self-efficacy would be said to be directionally predominant in job satisfaction. 
Most applications, particularly the RI-CLPM and comparisons of the two models, are based on manifest variables. However, stronger versions of CLPMs and RI-CLPMs are possible when based on latent variables in which multiple indicators are used to define each construct (Marsh, et al., 2022; Mulder & Hamaker, 2021; also see Hamaker, 2018). 
CLPMs and RI-CLPMs: Distinct Research Questions 
In longitudinal panel studies, the multiple time waves (level 1) are nested under the individual person (level 2). The level 2 variables are each principal's unweighted averages of job satisfaction and self-efficacy over time (i.e., the random intercepts). These level 2 effects represent stable traits that are consistent for a given school principal over time but differ from principal to principal. The CLPM is analogous to a single-level model, evaluating relations between job satisfaction and self-efficacy (within-waves and over time) without controlling for person-level differences in these variables. Thus, the CLPM’s undecomposed between-person effect does not separate within-person and between-person components. In contrast the RI-CLPM takes a within-person perspective, estimating relations between job satisfaction and self-efficacy after controlling between-person stable trait effects (person-level intercepts). These two perspectives are easily confused. However, they address distinct research questions and often result in different interpretations. To clarify this distinction, for each model, we offer the following research questions (also see  Marsh, Pekrun et al., 2022; Orth et al., 2021):
· CLPMs: When leaders have high self-efficacy (relative to other leaders), do they experience a subsequent rank-order change in job satisfaction (relative to other leaders)? Likewise, when leaders have high job satisfaction (relative to other leaders), do they experience a subsequent rank-order change in self-efficacy (relative to other leaders)? Thus, do individual differences in self-efficacy positively predict rank-order change in relative job satisfaction, and do individual differences in job satisfaction positively predict rank-order change in relative self-efficacy?
· RI-CLPMs: When school leaders experience higher than their usual self-efficacy (relative to their long-term average self-efficacy), do they experience a subsequent change in job satisfaction (relative to their long-term average job satisfaction)? Likewise, when leaders experience higher than their usual job satisfaction (relative to their long-term average job satisfaction), do they experience a subsequent change in self-efficacy (relative to their long-term average self-efficacy?
The potential confounding of effects with unmeasured covariates threatens the interpretation of both CLPMs and RI-CLPMs. The RI-CLPM’s key advantage is providing increased control for time-invariant (between-person) covariates not included (e.g., Hamaker et al., 2015; Mulder & Hamaker, 2021; Marsh, et al., 2022). The rationale for this claim is that true time-invariant (between-person) covariates mainly affect the global trait factors. These global train effects are statistically independent of the within-person autoregressive factors. Thus, unmeasured covariates that are truly time-invariant are most likely to influence the sizes of the (decomposed between-person) global trait factors, but are unlikely to affect the within-person autoregressive factors used to evaluate directional ordering. This distinction is important in interpreting the results, particularly tests of directional ordering and directional predominance. Of course, it is possible to include measured covariates into RI-CLPMs; Mulder and Hamaker (2021) described how to do this with manifest RI-CLPMs. Although CLPMs can also control measured covariates, they provide less control for the confounding effects of unmeasured covariates. 
RI-CLPMs and CLPMs provide only weak control for unmeasured covariates that vary over time. Similarly, neither provides good control for time-invariant covariates whose effects vary from wave to wave, possibly reflecting an unmeasured process). Even here, however, the invariance of the effects over waves would suggest that these potentially confounding covariates do not substantially affect the results. Nevertheless, the best way to control the effects of unmeasured (time-varying and time-invariant) covariates is to include them in the study's design and incorporate them into the statistical models. Hence the selection of covariates is crucial for RI-CLPMs and particular CLPMs. Hence, it is disappointing that alternative strategies for the inclusions of covariates have been given so little attention to designing, analyzing, and interpreting CLPMs and RI-CLPMs (also see VanderWeele, 2019). 
[bookmark: _heading=h.4f1mdlm]Juxtaposing CLPMs and RI-CLPMs: The Controversy  
The underlying conceptual and statistical issues posed by CLPMs and RI-CLPMs are quite different and address fundamentally different questions. The relative appropriateness of between- and within-person empirical paradigms generally, the CLPM and the RI-CLPM specifically, and the appropriate interpretations of findings from each are currently hot substantive and methodological topics. Although between-person perspectives dominate educational psychology research, there have been increasing calls for the use of within-person and related person-centered approaches. CLPMs (a between-person perspective) are usually used to test unidirectional, bidirectional, and reciprocal effects. However, there has been a dramatic increase in the use of RI-CLPMs (a within-person perspective), heated debates about their relative usefulness, and unwarranted claims about the relevance of each.
Researchers (e.g., Berry & Willoughby, 2017; Hamaker et al., 2015; Mund & Nestler, 2019) have emphasized the CLPM’s inability to separate within (state-like) and between (trait-like) effects. These concerns have led to diverse models specifically designed to address this limitation (e.g., Biaconcini & Bollen, 2018; Curran et al., 2014; Hamaker et al., 2015; Mund & Nestler, 2019; Zyphur et al., 2020). This tsunami in RI-CLPM’s popularity has resulted in a zeitgeist among some applied researchers, suggesting that the RI-CLPM is always more appropriate than the CLPM. 
[bookmark: _heading=h.tyjcwt]In contrast to this surge in RI-CLPMs' popularity, several researchers (Asendorpf, 2021; Hubner et al., 2022; Lüdtke & Robitzsch, 2021; Marsh, et al., 2022) critiqued the RI-CLPM from the perspectives of the mathematical derivation, causal inference from a potential outcome framework (e.g., Imbens & Rubin, 2015; Pearl et al., 2016), and simulated data. Similar to our study, Lüdtke and Robitzsch's overarching aim was "to provide a more balanced discussion of two main approaches (CLPM and RI-CLPM) for analyzing cross-lagged panel designs, and we would like to emphasize that—despite recent methodological recommendations—there are still good reasons to use the traditional CLPM when estimating cross-lagged effects" (p. 3). They found that RI-CLPMs' estimates of cross-lag effects were often biased in different data-generating scenarios with fixed confounders (e.g., demographic variables) with time-varying effects. Following Marsh, Pekrun et al. (2018; also see  Marsh, Pekrun et al., 2022), Lüdtke and Robitzsch emphasized the inclusion lag-2 effects to provide more robust controls for confounding (VanderWeele et al., 2020). Furthermore, the goodness-of-fit of CLPMs with lag-2 effects variables was similar to the fit of RI-CLPMs. Thus, goodness-of-fit is no longer a critical issue in the comparison of RI-CLPMs and CLPMs with lag-2 effects. Furthermore, Lüdtke and Robitzsch argued for a selection-on-observables approach to the control for covariates using information observed in the data (previous measures of the outcomes and additional covariates) used in CLPMs rather than the inclusion of stable trait factors in RI-CLPMs. VanderWeele et al. (2019; 2020) similarly argue for a selection-on-observables approach to causal inference with longitudinal data. Following Lüdtke and Robitzsch's recommendations, we extended traditional CLPMs based on lag-1 estimates to include lag-2 estimates.
In summary, RI- CLPMs and CLPMs address distinct questions and typically have different or even contradictory interpretations. Their comparative strengths, weaknesses, and appropriate interpretations are the basis of ongoing controversy and debate. Hence, educational and psychological researchers need to understand these differences in CLPMs and RI-CLPMs. Our study is the first to juxtapose their theoretical rationale and results in tests of the directional ordering of job satisfaction and self-efficacy. We aim this presentation to educational psychology researchers based on a classic issue that is surprisingly understudied. Further, we demonstrate extensions of RI-CLMSs, establish the benefits of lag-2 effects, and show their usefulness in educational and psychological research.


Section 3.  Stationarity, Measurement, and Structural Invariance Constraints. 
Because we test fully latent models, we can explore invariance issues not previously considered with CLPMs and RI-CLMPs. In pursuit of this extension, we discuss the invariance of the measurement model that has been widely considered in CLPMs and for simulated data in the Mulder and Hamaker (2021) latent RI-CLPMs. We extend this discussion to include longitudinal invariance, including formal tests of stationarity that apparently have not been applied to either CLPMs or RI-CLPMs. In each step of this process, the overarching questions are to what extent there is support for the generalizability of interpretations (particularly Research Hypothesis 1) concerning the invariance constraints and the implications of failure to support invariance. We discuss these issues in detail because these issues are not well understood and are largely unconsidered in studies of the relations between job satisfaction and self-efficacy.
[bookmark: _heading=h.3j2qqm3]A Well-Defined Measurement Model. 
When the multiple indicators of each construct are parallel over the different time waves, testing the invariance of the measurement structure over time is critical. In fully-latent models of longitudinal data, it is typical to evaluate a set of models with different invariance constraints of parameters over time (e.g., Marsh, Morin et al., 2014; Meredith, 1993; Millsap, 2011; Mulder & Hamaker, 2021): configural, with no invariance constraints;  metric, with factor loading invariance;  and scalar, with intercept invariance. Following Marsh et al. (2013; for further discussion, see Marsh et al., 1996; Joreskog, 1979), we also tested correlated uniquenesses relating residual variance terms for the same item in different waves. Failure to include them typically results in biased parameter estimates and a poorly fitting model. 
For CLPMs and RI-CLPMs, the most critical tests are for configural and metric invariance. Intercept invariance is an important characteristic in some longitudinal models, but not for CLPMs and RI-CLPMs based on covariance structures. These initial models test whether the measurement model is well-defined. These tests are not based on any particular model (e.g., CLPM or RI-CLPM). However, applying either CLPMs or RI-CLPMs models is dubious unless there is reasonable support for at least configural invariance. Furthermore, if support for the invariance of factor loadings is weak, then tests of invariance tests for other associated parameters (e.g., stability and cross-lagged paths in CLPMs and RI-CLPMs) are questionable. This is a critical issue in that many cross-lag panel studies are based on manifest models that preclude tests of the measurement model.
Longitudinal Structural Invariance Constraints. Particularly when there is good support for metric invariance, this structure should be the starting point for fully-latent CLPMs and RI-CLPMs. When there are three or more waves of data, there are practical, conceptual, theoretical, and methodological reasons for testing the invariance (i.e., equivalence) of parameters over time. From a practical perspective, as the number of waves increases, invariance over time greatly enhances model parsimony and facilitates the summary of the results. Thus, researchers can present one set of results rather than separate results for each wave. 
Conceptually, the invariance of parameters over time suggests that the results may generalize over the time frame considered. Theoretically, particularly in developmental studies, there may be a theoretical basis for positing that parameters vary over time (e.g., there are particular onset effects; constructs become more or less distinct with age and maturation). Statistically, the imposition of invariance constraints increases the power of critical tests. However, because there is no clear consistency in invariance constraints used in applied research, we briefly review alternative strategies based on historical and current practice. 
[bookmark: _heading=h.3dy6vkm]For CLPMs and RI-CLPMs, the main focus is on the cross-lagged paths (Bxy and Byx in Figure 1) used to test directional ordering but also the autoregressive stability paths (Byy and Bxx in Figure 1). However, the other auto-regressive parameters (e.g., residual variances and covariances in waves 2-9, and the variances and covariances in wave 1) are also relevant. A logical approach would be to test these parameters sequentially (e.g., Morin et al., 2017). For present purposes, we test three a priori constraints that we apply to our CLPMs and RI-CLPMs. 
· [bookmark: _heading=h.1t3h5sf]Longitudinal Equilibrium: For the CLPMs with at least three waves of data (see Figure 1), Marsh, Pekrun, et al. (2018; also see Parker et al., 2014) used the term "development equilibrium" for tests of invariance over time of stability (Byy, Bxx,) and cross-paths (Bxy, Byx). Their focus was on how these paths varied with age for school students. Nevertheless, these tests are also considered in typical in RI-CLPMs that do not have a specific developmental focus (e.g., Mulder & Hamaker, 2021). Support for these invariance constraints facilitate the interpretation of results. Hence, to broaden the use of this terminology, we use the term longitudinal equilibrium (also see Morin et al., 2017, who used the term predictive equilibrium). 
· Partial Stationarity. In tests of partial stationarity, in addition to constraints in Longitudinal Equilibrium, we also impose the invariance of all residual variances following the first wave (i.e., waves 2-9 in the present investigation). We also constrained the residual within-wave covariances between job satisfaction and self-efficacy to be invariant over waves 2-9. In each case, wave 1 was excluded because the corresponding parameter estimate in wave 1 is a covariance (rather than a residual covariance) and a variance (rather than a residual variance). Because variance and covariance estimates for wave 1 are not incorporated into the invariance constraints in this model, we refer to it as partial stationarity rather than full-trend stationarity.
Full-trend stationarity. Theoretical and empirical studies of longitudinal data (e.g., Voelkle et al., 2014) emphasize the importance of full-stationarity in facilitating the interpretation and robustness of interpretations. By definition, full stationarity includes the invariance of variance estimates over time. Although early cross-lag panel studies (e.g., Kenny, 1975) emphasized stationarity, this feature has not been incorporated into current CLPMs and RI-CLPMs. It is straightforward to test the invariance of residual variances and covariances for Ax and Ay factors for waves 2-9 (Figure 1)—what we refer to as partial stationarity. However, the corresponding estimates for the first wave are variances and covariances rather than residual variances and covariances. Hence, it is not straightforward to test the invariance of variances and covariances across all waves. Nevertheless, in a different context, Kenny and Zautra (2001) demonstrated complex non-linear constraints to test the invariance of variances and covariances across all waves, including wave 1. However, because CLPMs and RI-CLPMs are models of the covariance

Implementing Stationarity Constraints: Derivation and for Constraints to Test Full-trend stationarity
In the following, we briefly explain the nonlinear constraints that need to be specified in order to implement stationarity for the autoregressive process in the CLPM or RI-CLPM. Let us assume a bivariate first-order autoregressive process with two variables  and  (t = 2,…,T):
                                                                                                
                
where the coefficients βxx and βyy represent the (time-invariant) autoregressive effects from Ax,t–1 to Axt, and from Ay,t–1 to Ayt. The coefficients βxy and βyx represent the (time-invariant) cross-lagged effects from Ay,t–1 to Axt, and from Ax,t–1 to Ayt. The disturbance terms Dxt and Dyt denote random components that are unrelated to previous time points and are normally distributed with zero means, variances  and , and covariance . Note that with multiple indicators  and  represent the latent factors in the CLPM or the autoregressive traits in the RI-CLPM.
Under the assumption of stationarity, the variances ( and ), and covariance () of the factors  and  are assumed to be constant across time. In order to implement stationarity in SEM software, three nonlinear constraints for the variances and covariances of the disturbances need to be specified (Kenny & Zautra, 1995). First, applying the formula for R2 in a regression with two predictors, the variance of the disturbance needs to be constrained as follows: 

A similar constraint needs to be specified for . Furthermore, the constraint for the covariance of the disturbances is given by:
 . 
Variance Constraint
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Covariance Constraint
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Section 4. Full Stationarity in relation to the MTMM matrix
We treated the set of constraints on the measurement model and structural model separately in the present investigation. However, following Kenny (1975), full stationarity might be evaluated with constraints on the MTMM matrix, extending constraints on the measurement model to include variances and covariances. In particular, because all CLPMs and RI-CLPMs are nested under the final measurement model, support to full-stationarity based on the measurement model would demonstrate support for full-stationarity based on subsequent models. This would have the advantage of simplifying some of the constraints (e.g., invariance of variances would no longer require complex non-linear constraints). Also, tests of these constraints would be preliminary and not tied to any particular model, and may even inform analysts of the most appropriate models to consider. More broadly, considering a diverse set of invariance constraints demonstrates their usefulness in CLPMs and RI-CLPMs more generally. This is particularly relevant because many applications consider only a single set of invariance constraints without evaluating their appropriateness or fully understanding their implications.



Section 5. Mplus Syntax for implementing Full-trend stationarity

   USEVARIABLES ARE
   JS1_2019 JS2_2019 JS3_2019 JS4_2019
   SE1_2019 SE2_2019 SE3_2019 SE4_2019 SE5_2019 SE6_2019
   JS1_2018 JS2_2018 JS3_2018 JS4_2018
   SE1_2018 SE2_2018 SE3_2018 SE4_2018 SE5_2018 SE6_2018
   JS1_2017 JS2_2017 JS3_2017 JS4_2017
   SE1_2017 SE2_2017 SE3_2017 SE4_2017 SE5_2017 SE6_2017
   JS1_2016 JS2_2016 JS3_2016 JS4_2016
   SE1_2016 SE2_2016 SE3_2016 SE4_2016 SE5_2016 SE6_2016
   JS1_2015 JS2_2015 JS3_2015 JS4_2015
   SE1_2015 SE2_2015 SE3_2015 SE4_2015 SE5_2015 SE6_2015
  JS1_2014 JS2_2014 JS3_2014 JS4_2014
  SE1_2014 SE2_2014 SE3_2014 SE4_2014 SE5_2014 SE6_2014
  JS1_2013 JS2_2013 JS3_2013 JS4_2013
  SE1_2013 SE2_2013 SE3_2013 SE4_2013 SE5_2013 SE6_2013
  JS1_2012 JS2_2012 JS3_2012 JS4_2012
  SE1_2012 SE2_2012 SE3_2012 SE4_2012 SE5_2012 SE6_2012
  JS1_2011 JS2_2011 JS3_2011 JS4_2011
  SE1_2011 SE2_2011 SE3_2011 SE4_2011 SE5_2011 SE6_2011
   ;

  MISSING ARE ALL (-99);

  IDVARIABLE = ID2019;

  ANALYSIS:  ESTIMATOR=MLR;coverage = .05;

   model:
  !Factor loadings -- invariant over time

  !!!! Translate factors into X and Y !!Let  x Job Satisfac5tion &  Y  = Self-efficacy ;
  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  X1 by  JS1_2011@0.743   JS2_2011 JS3_2011 JS4_2011                   (fl1-fl4);
  X2 by  JS1_2012@0.743   JS2_2012 JS3_2012 JS4_2012                   (fl1-fl4);
  X3 by  JS1_2013@0.743   JS2_2013 JS3_2013 JS4_2013                   (fl1-fl4);
  X4 by  JS1_2014@0.743   JS2_2014 JS3_2014 JS4_2014                   (fl1-fl4);
  X5 by  JS1_2015@0.743   JS2_2015 JS3_2015 JS4_2015                   (fl1-fl4);
  X6 by  JS1_2016@0.743  JS2_2016 JS3_2016 JS4_2016                    (fl1-fl4);
  X7 by  JS1_2017@0.743   JS2_2017 JS3_2017 JS4_2017                   (fl1-fl4);
  X8 by  JS1_2018@0.743   JS2_2018 JS3_2018 JS4_2018                   (fl1-fl4);
  X9 by  JS1_2019@0.743   JS2_2019 JS3_2019 JS4_2019                   (fl1-fl4);

  Y1 by  SE1_2011@0.694   SE2_2011 SE3_2011 SE4_2011 SE5_2011 SE6_2011 (f21-f26);
  Y2 by  SE1_2012@0.694   SE2_2012 SE3_2012 SE4_2012 SE5_2012 SE6_2012 (f21-f26);
  Y3 by  SE1_2013@0.694   SE2_2013 SE3_2013 SE4_2013 SE5_2013 SE6_2013 (f21-f26);
  Y4 by  SE1_2014@0.694   SE2_2014 SE3_2014 SE4_2014 SE5_2014 SE6_2014 (f21-f26);
  Y5 by  SE1_2015@0.694   SE2_2015 SE3_2015 SE4_2015 SE5_2015 SE6_2015 (f21-f26);
  Y6 by  SE1_2016@0.694   SE2_2016 SE3_2016 SE4_2016 SE5_2016 SE6_2016 (f21-f26);
  Y7 by  SE1_2017@0.694   SE2_2017 SE3_2017 SE4_2017 SE5_2017 SE6_2017 (f21-f26);
  Y8 by  SE1_2018@0.694   SE2_2018 SE3_2018 SE4_2018 SE5_2018 SE6_2018 (f21-f26);
  Y9 by  SE1_2019@0.694   SE2_2019 SE3_2019 SE4_2019 SE5_2019 SE6_2019 (f21-f26);

  !!!!!!!!!!!Correlated uniqueness -- invariant over time if keep constraints!!!!!!!
  JS1_2011 JS1_2012 JS1_2013 JS1_2014 JS1_2015 JS1_2016 JS1_2017 JS1_2018 JS1_2019 with
  JS1_2011 JS1_2012 JS1_2013 JS1_2014 JS1_2015 JS1_2016 JS1_2017 JS1_2018 JS1_2019;!(cu1);
  JS2_2011 JS2_2012 JS2_2013 JS2_2014 JS2_2015 JS2_2016 JS2_2017 JS2_2018 JS2_2019 with
  JS2_2011 JS2_2012 JS2_2013 JS2_2014 JS2_2015 JS2_2016 JS2_2017 JS2_2018 JS2_2019;!(cu2);
  JS3_2011 JS3_2012 JS3_2013 JS3_2014 JS3_2015 JS3_2016 JS3_2017 JS3_2018 JS3_2019 with
  JS3_2011 JS3_2012 JS3_2013 JS3_2014 JS3_2015 JS3_2016 JS3_2017 JS3_2018 JS3_2019;!(cu3);
  JS4_2011 JS4_2012 JS4_2013 JS4_2014 JS4_2015 JS4_2016 JS4_2017 JS4_2018 JS4_2019 with
  JS4_2011 JS4_2012 JS4_2013 JS4_2014 JS4_2015 JS4_2016 JS4_2017 JS4_2018 JS4_2019;!(cu4);
  SE1_2011 SE1_2012 SE1_2013 SE1_2014 SE1_2015 SE1_2016 SE1_2017 SE1_2018 SE1_2019 with
  SE1_2011 SE1_2012 SE1_2013 SE1_2014 SE1_2015 SE1_2016 SE1_2017 SE1_2018 SE1_2019;!(cu5);
  SE2_2011 SE2_2012 SE2_2013 SE2_2014 SE2_2015 SE2_2016 SE2_2017 SE2_2018 SE2_2019 with
  SE2_2011 SE2_2012 SE2_2013 SE2_2014 SE2_2015 SE2_2016 SE2_2017 SE2_2018 SE2_2019;!(cu6);
  SE3_2011 SE3_2012 SE3_2013 SE3_2014 SE3_2015 SE3_2016 SE3_2017 SE3_2018 SE3_2019 with
  SE3_2011 SE3_2012 SE3_2013 SE3_2014 SE3_2015 SE3_2016 SE3_2017 SE3_2018 SE3_2019;!(cu7);
  SE4_2011 SE4_2012 SE4_2013 SE4_2014 SE4_2015 SE4_2016 SE4_2017 SE4_2018 SE4_2019 with
  SE4_2011 SE4_2012 SE4_2013 SE4_2014 SE4_2015 SE4_2016 SE4_2017 SE4_2018 SE4_2019;!(cu8);
  SE5_2011 SE5_2012 SE5_2013 SE5_2014 SE5_2015 SE5_2016 SE5_2017 SE5_2018 SE5_2019 with
  SE5_2011 SE5_2012 SE5_2013 SE5_2014 SE5_2015 SE5_2016 SE5_2017 SE5_2018 SE5_2019;!(cu9);
  SE6_2011 SE6_2012 SE6_2013 SE6_2014 SE6_2015 SE6_2016 SE6_2017 SE6_2018 SE6_2019 with
  SE6_2011 SE6_2012 SE6_2013 SE6_2014 SE6_2015 SE6_2016 SE6_2017 SE6_2018 SE6_2019;!(cu10);

  !!!!!!!!!!!!RESID VARiances  -- invariant over time if keep constraints!!!!!!!!!!!
  JS1_2011 JS1_2012 JS1_2013 JS1_2014 JS1_2015 JS1_2016 JS1_2017 JS1_2018 JS1_2019;!(RV1);
  JS2_2011 JS2_2012 JS2_2013 JS2_2014 JS2_2015 JS2_2016 JS2_2017 JS2_2018 JS2_2019;!(RV2);
  JS3_2011 JS3_2012 JS3_2013 JS3_2014 JS3_2015 JS3_2016 JS3_2017 JS3_2018 JS3_2019;!(RV3);
  JS4_2011 JS4_2012 JS4_2013 JS4_2014 JS4_2015 JS4_2016 JS4_2017 JS4_2018 JS4_2019;!(RV4);

  SE1_2011 SE1_2012 SE1_2013 SE1_2014 SE1_2015 SE1_2016 SE1_2017 SE1_2018 SE1_2019;!(RV5);
  SE2_2011 SE2_2012 SE2_2013 SE2_2014 SE2_2015 SE2_2016 SE2_2017 SE2_2018 SE2_2019;!(RV6);
  SE3_2011 SE3_2012 SE3_2013 SE3_2014 SE3_2015 SE3_2016 SE3_2017 SE3_2018 SE3_2019;!(RV7);
  SE4_2011 SE4_2012 SE4_2013 SE4_2014 SE4_2015 SE4_2016 SE4_2017 SE4_2018 SE4_2019;!(RV8);
  SE5_2011 SE5_2012 SE5_2013 SE5_2014 SE5_2015 SE5_2016 SE5_2017 SE5_2018 SE5_2019;!(RV9);
  SE6_2011 SE6_2012 SE6_2013 SE6_2014 SE6_2015 SE6_2016 SE6_2017 SE6_2018 SE6_2019;!(RV10);

  !!!!!!!!!!!!INTERCEPTS  -- invariant over time if keep constraints;
  [JS1_2011 JS1_2012 JS1_2013 JS1_2014 JS1_2015 JS1_2016 JS1_2017 JS1_2018 JS1_2019];!(IT1);
  [JS2_2011 JS2_2012 JS2_2013 JS2_2014 JS2_2015 JS2_2016 JS2_2017 JS2_2018 JS2_2019];!(IT2);
  [JS3_2011 JS3_2012 JS3_2013 JS3_2014 JS3_2015 JS3_2016 JS3_2017 JS3_2018 JS3_2019];!(IT3);
  [JS4_2011 JS4_2012 JS4_2013 JS4_2014 JS4_2015 JS4_2016 JS4_2017 JS4_2018 JS4_2019];!(IT4);

  [SE1_2011 SE1_2012 SE1_2013 SE1_2014 SE1_2015 SE1_2016 SE1_2017 SE1_2018 SE1_2019];!(IT5);
  [SE2_2011 SE2_2012 SE2_2013 SE2_2014 SE2_2015 SE2_2016 SE2_2017 SE2_2018 SE2_2019];!(IT6);
  [SE3_2011 SE3_2012 SE3_2013 SE3_2014 SE3_2015 SE3_2016 SE3_2017 SE3_2018 SE3_2019];!(IT7);
  [SE4_2011 SE4_2012 SE4_2013 SE4_2014 SE4_2015 SE4_2016 SE4_2017 SE4_2018 SE4_2019];!(IT8);
  [SE5_2011 SE5_2012 SE5_2013 SE5_2014 SE5_2015 SE5_2016 SE5_2017 SE5_2018 SE5_2019];!(IT9);
  [SE6_2011 SE6_2012 SE6_2013 SE6_2014 SE6_2015 SE6_2016 SE6_2017 SE6_2018 SE6_2019];!(IT10)

  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!!!  Transforming X (Job Satisfaction) into between-person variables for X  !!!!

  !!!!!!!!!!  creates a new set of latent ix factors (one for each wave);
  iX1 by X1;
  iX2 by X2;
  iX3 by X3;
  iX4 by X4;
  iX5 by X5;
  iX6 by X6;
  iX7 by X7;
  iX8 by X8;
  iX9 by X9;
  !!!!!!!!!! iX factors fixed factor loadings = 1 on auto-regressive (AR) X factors
  AR1_X by iX1@1;
  AR2_X by iX2@1;
  AR3_X by iX3@1;
  AR4_X by iX4@1;
  AR5_X by iX5@1;
  AR6_X by iX6@1;
  AR7_X by iX7@1;
  AR8_X by iX8@1;
  AR9_X by iX9@1;

  !!!!Constrain x & xi (Job Satisfaction) factors to have zero variance & intercepts;
  X1-X9@0; iX1-iX9@0;

  !X factors fixed factor loadings = 1 on global X Trait factors;
  trait_X by iX1-iX9@1;

  trait_X (VGTR_X); ! variance of X trait factor;

  !!!!  set of 8 stability paths constrained to be invariant over time
  !!!!  b_XoX = path from AR_X Factor (Time = T) to AR_X factor (Time = T+1)--stability
    AR2_X on AR1_X (b_XoX);
    AR3_X on AR2_X (b_XoX);
    AR4_X on AR3_X (b_XoX);
    AR5_X on AR4_X (b_XoX);
    AR6_X on AR5_X (b_XoX);
    AR7_X on AR6_X (b_XoX);
    AR8_X on AR7_X (b_XoX);
    AR9_X on AR8_X (b_XoX);


  AR1_X (VAR1_X);        ! Variance of AR_X for T1;
  AR2_X-AR9_X (RVAR_X);  ! Resid Variance of AR_X for T2-T9 (not T1), invariant over time;


  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!  Transforming Y (Self-Efficacy ) into bivariate Start variables for Y  !!!!

  !!!!!!!!!!  creates a new set of latent ix factors (one for each wave);
  iY1 by Y1;
  iY2 by Y2;
  iY3 by Y3;
  iY4 by Y4;
  iY5 by Y5;
  iY6 by Y6;
  iY7 by Y7;
  iY8 by Y8;
  iY9 by Y9;
  !!!!!!!!!! iY factors fiYed factor loadings = 1 on auto-regressive (AR) Y factors
  AR1_Y by iY1@1;
  AR2_Y by iY2@1;
  AR3_Y by iY3@1;
  AR4_Y by iY4@1;
  AR5_Y by iY5@1;
  AR6_Y by iY6@1;
  AR7_Y by iY7@1;
  AR8_Y by iY8@1;
  AR9_Y by iY9@1;

  !!!!Constrain original Y & Yi (JS) factors to have zero variance & intercepts;
  Y1-Y9@0; iY1-iY9@0;

  !Y factors fixed factor loadings = 1 on global Y Trait factors;
  trait_Y by iY1-iY9@1;

  trait_Y (VGTR_Y); !VT = variance of Y trait factor;

  !!!!  set of 8 stability paths constrained to be invariant over time;
  !!!!  b_YoY = path from AR_Y Factor (Time = T1) to AR_Y factor (Time = T+1)--stability;
    AR2_Y on AR1_Y (b_YoY);
    AR3_Y on AR2_Y (b_YoY);
    AR4_Y on AR3_Y (b_YoY);
    AR5_Y on AR4_Y (b_YoY);
    AR6_Y on AR5_Y (b_YoY);
    AR7_Y on AR6_Y (b_YoY);
    AR8_Y on AR7_Y (b_YoY);
    AR9_Y on AR8_Y (b_YoY);

  AR1_Y (VAR1_Y);        ! Variance of AR_Y for T1;
  AR2_Y-AR9_Y (RVAR_Y);  ! Resid Variance of AR_Y for T2-T9 (not T1), invariant over time;

  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!  Relations Between X & Y  !!!!
  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

  !!!!!!!  auto-regressive cross-lagged paths  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!  b_XoY = path from AR_Y Factor (Time = T) to AR_X factor (Time = T+1); cross paths
   AR2_X on AR1_Y (b_XoY);
   AR3_X on  AR2_Y (b_XoY);
   AR4_X on AR3_Y (b_XoY);
   AR5_X on  AR4_Y (b_XoY);
   AR6_X on  AR5_Y (b_XoY);
   AR7_X on  AR6_Y (b_XoY);
   AR8_X on  AR7_Y (b_XoY);
   AR9_X on  AR8_Y (b_XoY);


  !!!!  b_YoX = path from AR_X Factor (Time = T) to AR_Y factor (Time = T+1); cross paths
   AR2_Y on AR1_X (b_YoX);
   AR3_Y on AR2_X (b_YoX);
   AR4_Y on  AR3_X (b_YoX);
   AR5_Y on AR4_X (b_YoX);
   AR6_Y on AR5_X (b_YoX);
   AR7_Y on AR6_X (b_YoX);
   AR8_Y on AR7_X (b_YoX);
   AR9_Y on AR8_X (b_YoX);


  ! covariances Between X & Y State (ST) factors;
  !STate1_X with !STate1_Y (Cov!ST);
  !STate2_X with !STate2_Y (Cov!ST);
  !STate3_X with !STate3_Y (Cov!ST);
  !STate4_X with !STate4_Y (Cov!ST);
  !STate5_X with !STate5_Y (Cov!ST);
  !STate6_X with !STate6_Y (Cov!ST);
  !STate7_X with !STate7_Y (Cov!ST);
  !STate8_X with !STate8_Y (Cov!ST);
  !STate9_X with !STate9_Y (Cov!ST);

  !!!!!! Covariance of Global Trait Factor
  trait_X with trait_Y (CovGTR); ! Covariance of Global Trait Factor

  !!!!!! Covariance & Residual Covariances for auto-regressive (AR) Factors
  AR1_X with AR1_Y (CovAR1);  ! T1 covariance , not Residual-Covariance
  AR2_X with AR2_Y (RCOVAR);  ! T2 Residual-covariance, not Covariance
  AR3_X with AR3_Y (RCOVAR);
  AR4_X with AR4_Y (RCOVAR);
  AR5_X with AR5_Y (RCOVAR);
  AR6_X with AR6_Y (RCOVAR);
  AR7_X with AR7_Y (RCOVAR);
  AR8_X with AR8_Y (RCOVAR);
  AR9_X with AR9_Y (RCOVAR);

  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!  Additional Constraints to test Stationarity   !!!!
  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

  model constraint:


  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!!!!Non-linear Inequality Constraints to impose stationarity
  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

  !!!!! VAR1_X & Y = Variance in auto-regressive (AR) X & Y factor at T1,
  !!!!! RVAR_X & Y = Residiual Variance in auto-regressive(AR) X & Y factor at T2-T9;
  RVAR_X = VAR1_X-(b_XoX*b_XoX*VAR1_X)-(b_XoY*b_XoY*VAR1_Y)
        -2*(B_XoX*b_XoY*CovAR1);

  RVAR_Y = VAR1_Y-(b_YoY*b_YoY*VAR1_Y)-(b_YoX*b_YoX*VAR1_x)
        -2*(B_YoY*b_YoX*CovAR1);

  !!!!! CovAR1 = Covariance in auto-regressive (AR) X & Y factor at T1,
  !!!!! RCovAR = Residiual CoVariance in auto-regressive (AR) X & Y factor at T2-T9;
  RCovAR = CovAR1 *(1 - b_XoX*b_YoY - b_YoX*b_XoY) - (b_XoX*b_YoX*VAR1_X) -
      (b_YoY*b_XoY*VAR1_Y);

  !!!!!!! compute three relative variance (RELV) components For X and Y;
  !!!!!!  GTR = Global Trait; ST = State; AR = Auto-regressive
  new (RelVTR_X,RelVAR_X);  !RelVST_X
   RelVTR_X  = VGTR_X / (VGTR_X+VAR1_X); !VST_X+
  ! RelVST_X = VST_X/ (VGTR_X+VST_X+VAR1_X);
   RelVAR_X =VAR1_X/ (VGTR_X+VAR1_X); !VST_X+

  new (RelVTR_Y,RelVAR_Y); !RelVST_Y
   RelVTR_Y  = VGTR_Y / (VGTR_Y+VAR1_Y);
   !RelVST_Y = VST_Y/ (VGTR_Y+VST_Y+VAR1_Y);
   RelVAR_Y =VAR1_Y/ (VGTR_Y+VAR1_Y);

  !!!! New standardized variables representing within-wave covariance terms !!!!!!!
  new (GTR_XY, AR_XY);  !, State_XY
  GTR_XY = CovGTR/((VGTR_X*VGTR_Y)**.5); !standardized Global Trait (GTR) covariances ;
  AR_XY = CovAR1/((VAR1_X*VAR1_Y)**.5); !standardized auto-regressive (AR) covariances ;
  !State_XY = CovST/((VST_X*VST_Y)**.5); !standardized STATE (ST) covariances ;

  !!!! New variables representing Between-wave paths !!!!!!!
  new (stab_X, stab_Y);
    stab_X = B_XoX;
    stab_Y = B_YoY;

  new (CPXtoY, CPYtoX);
  CPXtoY = b_YoX;
  CPYtoX = b_XoY;


  !!!!! model estimated longterm relation (LTR) between AR_X at T1 & T9;
  new (LTRAR_X,LTRAR_Y);
  LTRAR_X = stab_X **9;
  LTRAR_Y = stab_Y **9;

  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
  !!!!!!!!!!Constrain variance components to be non-negative--often non necessary !!!!!!
  !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

   VGTR_X >0;  VGTR_Y >0;! non-negative global trait X and Yt
   VAR1_X > 0; VAR1_X > 0; !non-negative variance (T1) autor-regressive X and Y;
   RVAR_X > 0; RVAR_X > 0; !non-negative residual variance (T1) autor-regressive X and Y;
  ! VST_X > 0;   VST_Y > 0; !non-negative STATE variance (X and Y;


  Output: sampstat;  stand; SVALUES;
Note:  By removing the following lines from the Mplus syntax provides a test of partial stationarity (i.e., invariance over time of all autoregressive factors – stability and and cross-lagged paths (constrained to be equal in the longitudinal equilibrium model) and also the within-wave residual variances and covariances (waves 2-9). However, there are no constraints in relation to the variance and covariances in Wave 1 that are specific to the full-trend stationarity  test.

  !!!!! VAR1_X & Y = Variance in auto-regressive (AR) X & Y factor at T1,
  !!!!! RVAR_X & Y = Residiual Variance in auto-regressive(AR) X & Y factor at T2-T9;
  RVAR_X = VAR1_X-(b_XoX*b_XoX*VAR1_X)-(b_XoY*b_XoY*VAR1_Y)
        -2*(B_XoX*b_XoY*CovAR1);

  RVAR_Y = VAR1_Y-(b_YoY*b_YoY*VAR1_Y)-(b_YoX*b_YoX*VAR1_x)
        -2*(B_YoY*b_YoX*CovAR1);

  !!!!! CovAR1 = Covariance in auto-regressive (AR) X & Y factor at T1,
  !!!!! RCovAR = Residiual CoVariance in auto-regressive (AR) X & Y factor at T2-T9;
  RCovAR = CovAR1 *(1 - b_XoX*b_YoY - b_YoX*b_XoY) - (b_XoX*b_YoX*VAR1_X) -
      (b_YoY*b_XoY*VAR1_Y);





Section 6
Missing data. 
There are overlapping sets of school leaders who completed the survey each year, with some previous participants dropping out and new participants joining the survey. Also, school leaders who missed one year occasionally completed surveys in subsequent years. Hence, our study's total number of leaders was 5,663, but the number who completed surveys each year varied (2019 = 1894; 2018 = 2289; 2017 = 2549; 2016 = 2841; 2015 = 2641; 2014 = 2467; 2013 = 2010; 2012 = 2084; 2011 = 2049). 
Here, we applied the full information maximum likelihood method to fully use cases with missing data (FIML; Enders, 2010). FIML results in trustworthy, unbiased estimates for missing values even in the case of large numbers of missing values (Enders, 2010) and is an appropriate method to manage missing data in large longitudinal studies (Jeličič et al., 2009). More specifically, as emphasized in classic discussions of missing data (e.g., Newman, 2014), under the missing-at-random (MAR) assumption that is the basis of FIML, missingness is allowed to be conditional on all variables included in the analyses. However, it does not depend on the values of variables that are missing. This implies that missing values can be conditional on the same variable's values collected in a different wave in a longitudinal panel design. This makes it unlikely that MAR assumptions are seriously violated, as the key situation of not-MAR is when missingness is related to the variable itself. Hence, having multiple waves of parallel data provides strong protection against this violation of the MAR assumption. 
The appropriateness of FIML is further strengthened by support for the invariance of parameter estimates over time (see earlier discussion of invariance constraints). Thus, the nature of missing data is like a cohort-sequential design  (Marsh, Morin, et al., 2015; Nesselroade & Baltes, 1975; Schaie & Baltes, 1975) in which different cohorts respond at different, overlapping time intervals. Such designs' critical feature is that valid interpretations depend largely on demonstrating that the results are invariant over time (and thus not dependent on the specific cohort). Our cohorts are messy and not as well-demarcated as in a carefully designed cohort-sequential study. However, the clear support for factorial invariance of the measurement model and structural parameters (longitudinal equilibrium, full-stationarity, and partial-stationarity) provides strong evidence that the results generalize over time and, by implication, the multiple missing data patterns. 

Nesselroade JR, & Baltes PB. (1979) Longitudinal research in the study of behavior and development. New York: Academic Press.
[bookmark: _heading=h.2dlolyb]Newman, D. A. (2014). Missing Data. Organizational Research Methods, 17(4), 372–411. doi.org/1.1177/1094428114548590
Schaie, K.W. & Baltes, B.P. (1975). On sequential strategies in developmental research: Description or Explanation. Human Development, 18: 384-390.  



[bookmark: _heading=h.sqyw64]Section 7. The Reliance on Self-report Measures.
[bookmark: _heading=h.3cqmetx]We considered self-report measures that might introduce method effects that distort relations between self-efficacy and job satisfaction. This is a difficult issue to address as school leaders are best suited to judge their own self-efficacy and job satisfaction. For RI-CLPMs, method effects that are stable over time are likely to be absorbed into the global (decomposed between-person) trait effects but have little influence on with-person stability and cross-lagged effects. For CLPMs, such method effects are likely to inflate correlations among the constructs, particularly the stability coefficients. For both models, it would be helpful to also collect ratings by colleagues to evaluate self-other agreement and potential method effects using MTMM analyses. Also, we note that our measure of self-efficacy —consistent with much organizational research—focused on general self-efficacy even though it was completed in the context of the work setting (see Marsh, Pekrun, et al., 2019, and discussion in Supplemental Materials Section 1)  on the murky distinctions between self-efficacy and other self-belief constructs). Furthermore, it would be useful to expand the outcomes to include objective measures and reports by significant others and evaluate the generalizability of results to non-self-report measures considered here. Nevertheless, we contend that whilst objective measures and reports by observers about leaders self-efficacy and job satisfaction would be a useful addition, these would constitute different constructs to those based on self-reported responses.


Section 8. The  Need for Substantive-Methodological Synergy in Contemporary Educational Psychology

To explain our general approach, like much of our work, this study is substantive-methodological synergy. We try to achieve a constructive balance between the substantive and the methodological foci and explain why the synergy between the two is important. Here we try to make the case for why substantive-methodological synergies are so important for Contemporary Educational Psychology and educational psychological research more generally. Support for this claim can be traced back to the 2007 special issue of Contemporary Educational Psychology devoted to the application of latent variable models in educational psychology and the need for substantive-methodological synergies. In the lead article of this special issue, Marsh and Hau (2007) first coined the term substantive-methodological synergy and presented a manifesto for a “substantive methodological synergy” movement. 

In providing an overview for this issue of CEP, Marsh and Hau note that:
“Distinguishing these articles from those in leading measurement and statistical journals, Kulikowich and Hancock encouraged the submission of manuscripts from authors (or teams) with strong backgrounds in both latent variable methodology and substantive issues in educational psychology. In this respect, they sought to provide an outlet for articles representing a synergy between sophisticated methodology and meaningful substantive issues.” (p. 151).

They introduced the topic with the following:
“As quantitative educational psychologists, we live in exciting times. We are armed with a bevy of new and evolving quantitative tools to address a range of substantive and policy related questions, with statistical power and flexibility that was previously unimaginable. However, this power comes at a cost to the educational psychology research discipline. In order to remain current as researchers—or even informed consumers of this research—we must become conversant with an ever-increasing range of new latent variable statistical procedures. In order to make best use of these new tools, we must pursue research that is at the cutting edge of both latest methodological developments and substantive issues— methodological-substantive synergies. This is not to say, of course, that publications that are aimed primarily at methodological concerns or those aimed primarily at substantive issues cannot make important contributions. However, it is our contention that: (a) some of the best methodological research is based on the development of creative methodological solutions to problems that stem from substantive research (e.g., multilevel regression in school/class and student level analyses); (b) new methodologies provide important new approaches to current substantive issues (e.g., latent growth analyses that allow growth data to be collected at varying points on the time line); and (c) methodological-substantive synergies are particularly important in applied areas like educational psychology where single infallible indicators are typically not available.”  (p. 152)
“Fostering methodological-substantive synergies is difficult. Ideally, these synergistic publications are of interest to both methodologists and substantively oriented researchers. However, with a few notable exceptions, most journals and their readerships are oriented primarily towards one or the other. Furthermore, there may be some potential biases against such synergistic studies even being accepted for publication. In our own experience, for example, we often receive editorial comments that our research is either too substantively oriented (for methodological journals) or too methodologically oriented (for substantive journals).” (p. 152)

After taking the reader through a brief history of selected issues and a review of substantive-methodological synergy articles in that issue of Contemporary Educational Psychology, they concluded:
“Educational psychology research is experiencing an exciting period, stimulated in part by an explosion of new and evolving latent variable approaches. However, there have not been sufficient demonstrations of the usefulness of these new techniques in substantively meaningful studies. Particularly in an applied area of research like educational psychology, it is important to demonstrate the applicability of new statistical tools in a range of applications that demonstrate their superiority over more traditional approaches. We contend that in order to make the best use of these new tools, we must pursue research that is at the cutting edge of both latest methodological developments and substantive issues—methodological-substantive synergies. However, there are a host of reasons why such synergistic research is not more widespread. From this perspective, the set of studies in this special issue of Contemporary Educational Psychology provides a welcome model, demonstrating how a variety of new latent variable models can be applied to substantively meaningful research issues based on data like that typically encountered in applied educational psychology research. It is our sincere hope that this will encourage other substantive and applied researchers to more fully implement these approaches into their own research programs, and that substantively oriented journals will publish more studies methodological-substantive synergies.” (p.168)

The hope of Marsh, Hau, and their colleagues was that the 2007 special issue of Contemporary Educational Psychology would herald a new wave of substantive-methodological synergy that would be embraced by substantively oriented researchers and journals as well as more methodologically oriented researchers and journals. Alas, this appears not to have been the case. Indeed, it seems that the gap between the methodologically oriented and substantively oriented studies continues to be at least as large as in 2007 (e.g., Hoffmans et al., 2021). Nevertheless, we hope the present investigation contributes to bridging this gap in the tradition of Marsh and Hau (2007). 

We also emphasize the need for educational psychology research to achieve a constructive balance between methodological and substantive orientations. Support for this claim can be traced back to the 2007 special issue of Contemporary Educational Psychology devoted to the application of latent variable models in educational psychology and the need for substantive-methodological synergies. In the lead article of this special issue, Marsh and Hau (2007, also see SM8) first coined the term substantive-methodological synergy and presented a manifesto for a “substantive methodological synergy” movement. They recognized challenges in this approach, noting substantive-methodological synergies are criticized as either being too substantive (by methodological journals) or too methodological oriented (by substantive journals). From this perspective, the set of studies in the 2007 special issue of Contemporary Educational Psychology provided a welcome model, demonstrating how a variety of new latent variable models can be applied to substantively meaningful research issues based on data like that typically encountered in applied educational psychology research. We hope the present investigation contributes to bridging this gap in the tradition of Marsh and Hau (2007).
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