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Supplementary Material 1 – Method section
[bookmark: _Hlk26805550]Detailed description of the model building steps of both the univariate and bivariate models, 
model fit and data handling

Model building univariate models
[bookmark: _GoBack]Separate unconditional univariate models were fitted for mindfulness, positive and negative affect to examine at the same time week-to-week autoregressive (AR) effects and stable, general trajectories over time during Mindfulness-Based Cognitive Therapy (MBCT). To this end, successively a univariate unconditional AR model, a Latent Trajectory Model (LTM), and several Autoregressive Latent Trajectory (ALT) models were fitted and compared to determine which model best fitted the data and provided at the same time a parsimonious representation of the data. The univariate AR model used the 8 measurements corresponding to the 8 weekly MBCT sessions. A lag 1-AR model was adopted implying that the score for each session -except for the first one- was regressed on the score of its predecessor. Error-terms were added to the score of sessions 2-8. This AR model was used to measure week-to-week AR effects, however, without taking into account general trajectories over time during MBCT. To test for these general trajectories, LTMs were fitted in which the 8 weekly measurements were modelled with a latent intercept and slope factor which were allowed to covary. The intercept factor loadings of all sessions were fixed to 1 and a linear slope factor was estimated with factor loadings set to 0, 1, 2, 3, 4, 5, 6, and 7 for sessions 1-8 respectively. In order to get identifiable LTMs, the means of the latent factors were set to 0 (Wiggins, 2011). Note that the LTM captures general trajectories over time during the entire intervention but does not account for week-to-week AR effects.
[bookmark: _Hlk35436150]Next, to model week-to-week AR effects and general trajectories over time during MBCT simultaneously, a number of ALT models were estimated. First, the ALT-full model was estimated which models the 8 weekly measurements with a latent intercept and slope factor and with AR effects. A ‘predetermined model’ specification was adopted in which the measurement of the first session did not load on the latent intercept and slope factor but was allowed to covary with both latent growth factors. The loadings of the intercept and slope factors were chosen analogue to the loadings used for the LTM, except for session 1 (i.e. all measurements -except for session 1- load 1 on the intercept factor and loadings 1-7 were used for sessions 2-8 respectively). The latent intercept and slope factor were allowed to covary and sessions 2-8 contained error-terms. This ‘predetermined model’ specification prevents parameter bias as it controls for prior unmeasured levels of the construct under study (Bollen & Curran, 2004). As a consequence, the intercept factor is no longer the expected initial value but refers to this value accounted for the first wave of data. To facilitate readability, this will be referred to as general level. Second, a series of restricted ALT models were fitted in order to gradually simplify the model but without significantly decreasing the model fit. In particular, the following restrictions were tested: (1) fixing the AR parameters to 0 (ALT-LTM), (2) fixing the slope factor variance to 0 (ALT-no slope variance), (3) excluding the slope factor (ALT-no slope), and (4) constraining the AR parameters to equal each other over time (ALT-AR constraints). Because these restricted models are nested within the ALT-full model, a direct comparison becomes possible between the ALT-full model and these restricted models.

Model building bivariate models
To examine how mindfulness and positive/negative affect influence one another over time during MBCT for recurrent depression, several unconditional bivariate models were estimated and compared to determine which model best fitted the data and provided at the same time a parsimonious representation of the data. The repeated measures consisted of 8 measurements corresponding to the 8 weekly MBCT sessions. First, the bivariate AR model was fitted which contained AR effects, cross-lagged (CL) effects and error-terms added to the scores of sessions 2-8 of both variables (mindfulness and positive/negative affect). The first measurements were allowed to correlate. Second, the LTM was fitted in which the 8 weekly measurements were modelled with error terms. In addition, latent intercept and slope factors were fitted which were allowed to covary. The intercept factor loadings were fixed to 1 and linear slope factors were estimated with factor loadings set to 0-7 for sessions 1-8 respectively. In order to get identifiable LTMs, the means of the latent factors were set to 0 (Wiggins, 2011). Third, a number of ALT models were estimated starting with a bivariate ALT-full model. This model contained (for both variables) the 8 weekly measurements with error-terms added to sessions 2-8, AR as well as CL effects were estimated, and latent intercept and slope factors were fitted which were allowed to covary. A predetermined model specification was adopted to prevent parameter bias from being introduced by not accounting for prior, unassessed levels of the variables. Hereby, all possible correlations between the intercept and slope factors and the first session’s score of each variable were estimated. The following restrictions were subsequently added to the model in order to simplify the model without significantly decreasing its fit to the data: (1) setting AR and CL parameters to 0 (ALT-LTM), (2) fixing the variance of the slope factor to 0 (ALT-no slope variance), (3) excluding the slope factor (ALT-no slope), (4) setting the time-specific error correlations to 0 (ALT-no time-specific error correlations), (5) constraining the time-specific error correlations to be equal to each other over time (ALT-time-specific error constraints), (6) constraining the AR parameters to equality over time (ALT-AR constraints), (7) setting the CL parameters equal to each other over time (ALT-CL constraints). The constraints 2, 3, 6 and 7 were tested for each variable (mindfulness or negative/positive affect) in turn, whereas constraint 1 was applied to both variables simultaneously. 
Model fit
Model fit was evaluated based on the chi-square (χ2) to degrees of freedom (df) ratio. Values between 2 to 3 were considered as an acceptable and ≤ 2 as a preferable fit (Carmines & McIver, 1981; Marsh & Hocevar, 1985). Since the χ2 statistic is sensitive to sample size, other model fit indices were considered to be of greater value (Cheung & Rensvold 2002). The root-mean-square error of approximation (RMSEA; Steiger, 1998) was evaluated where values between 0.05 and 0.08 indicated a reasonable and values < 0.05 a good fit (Browne & Cudeck, 1992). In addition, the comparative fit index (CFI; Bentler, 1990) and Tucker-Lewis index (TLI; Tucker & Lewis, 1973) were evaluated of which values > 0.90 indicated an adequate fit and values > 0.95 a very good fit (Bollen, 1989; Hu & Bentler, 1999). Nested models were compared through the χ2 difference test (∆χ²; Bollen, 1989). Significant differences between two nested models suggested that the more complex model fitted the data significantly better than the simpler model. When two nested models were not significantly different, the more parsimonious model was preferred as it fitted the data as good as the more complex model. Non-nested models were compared through inspecting the difference in the Akaike information criterion (AIC; Akaike, 1973) between these models. The model with the lowest AIC was favored. Differences on the AIC of ≤ 2 indicated that both models fit the data equally well (Wagenmakers & Farrell, 2004).

Data handling
As the data contained missing values (i.e. ranging from 5.5% to 19.1% for each variable at each time point), full information maximum likelihood (FIML) estimation procedures were applied. The FIML estimator takes all available observed values into account when estimating model parameters and is suitable for the comparison of multiple structural equation models (Enders & Bandalos, 2001). Before running the analyses, the assumption of normality was evaluated for each variable at each time point by inspecting the quantile-quantile (Q-Q) plots, kurtosis and skewness values. A logarithmic transformation was applied to all time points of the variable that showed non-normality (Ghasemi & Zahediasl, 2012).
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