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Longitudinal mixture modeling: technical details regarding the method and statistical analyses 

The measurement point of 32 weeks of pregnancy was given a negative factor loading which located 

the start of the development of postpartum depressive symptoms at childbirth (the coding of time for 

the subsequent measurement point was as follows: -8, 6, 16, 32, 481). The starting point of our analysis 

was the simplest longitudinal mixture model: latent class growth analysis (LCGA; Nagin, 2005). 

Using LCGA, homogeneity within each class is assumed, which means that growth factor variance 

and covariance estimates are fixed to zero within the classes (Kreuter and Muthén 2008). If the 

trajectory classes show great variability regarding the individual growth curves, and the trajectories 

require estimated growth variances, LCGA is not deemed suitable (van de Schoot et al. 2017) and 

growth mixture modeling should be considered. The growth mixture model (GMM) is an extension of 

LCGA, in that it also identifies distinct trajectories, and additionally allows individuals to vary around 

their trajectory-specific mean (Jung and Wickrama 2008). As such, the GMM allows within-class 

variation of individuals (Muthén and Muthén 2000) which can provide a more realistic representation 

of complex data (Muthén 2006). 

  Models with linear (slope) only and both linear and quadratic growth factors, were estimated 

and compared. Inspection of the visual and numeric data showed significant quadratic growth, and 

Bayesian Information Criterion (BIC) values were more optimal in the models that included quadratic 

growth. For these reasons, models with both linear and quadratic growth were chosen in favor of the 

models with linear growth only. Visual inspection of the observed individual growth curves of these 

models indicated substantial deviation from the mean class trajectories. Therefore, we continued with 

GMMs with free (but equal across classes) intercept and slope variances (Muthén 2006), and the 

quadratic variance fixed to zero in each class. When we compared these models to GMMs with free 

(but equal across classes) intercept variance only, and with the slope and quadratic variance fixed to 

zero in each class, both these approaches resulted in similar BICs. For this reason, we continued with 

the more parsimonious models with free (but equal across classes) variances for the intercept growth 

factor only. These models had substantially better BIC values and superior entropy values compared to 

the simpler LCGAs. Models with class specific free intercept variances were investigated as a last 

step, but did not lead to better model fit compared to the models with free but equal variances (in fact, 

BIC was slightly less optimal for the models with class-specific free variances). We therefore decided 

on the GMMs with free but equal intercept growth factor variance across classes, and with the slope 

                                                           
1As the average duration of pregnancy is 40 weeks, we assigned the measurement point of 32 weeks of 

pregnancy a negative loading of -8, since it is located approximately eight weeks prior to childbirth. In this line, 

the measurement point of six weeks postpartum is located six weeks after childbirth and, as such, was given a 

loading of +6. We used these statistical loadings in Mplus to put the starting point (i.e., 0) of postpartum 

depressive symptoms at childbirth (i.e., at 40 weeks of pregnancy). 
 



and quadratic variances fixed to zero. The main results are reported in the body of this paper. Apart 

from the fit indices, entropy, and parsimony and interpretability of the models, we also took the 

average posterior probabilities (APPs) of their classes into account. Posterior probability is the 

probability of membership in a specific class, given a certain response pattern (Collins and Lanza 

2010), and should be at least .70 but rather .80 or higher (Nagin 2005). APPs of the final model were 

high (.80-.97). Using convergence checks, we were able to replicate the model estimates, which 

proved that the results of our final model were not a local solution (Jung and Wickrama 2008). This 

process involves increasing the number of starting values and final stage iterations in Mplus, in order 

to ensure that the solution converges on the global maximum solution (i.e., the parameter estimates 

associated with the best loglikelihood) (Jung and Wickrama 2008).  
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