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ABSTRACT

Bayesian Variable Selection via Shrinkage Priors in Growth Mixture Models

Ihnwhi Heo , Fan Jia , and Sarah Depaoli 

Department of Psychological Sciences, University of California, Merced, CA, USA 

Growth mixture models (GMMs; Muth�en & Shedden, 
1999) capture unobserved heterogeneity in longitudinal 
processes by modeling latent classes that represent 

qualitatively distinct patterns of change. Evaluating 
antecedents of heterogeneous developmental trajecto
ries enhances the practical utility of GMMs through 

Figure 1. Path diagram representing the data-generating model. The latent class variable is denoted by c: The latent intercept 
and slope are denoted by g0 and g1; respectively. These three latent variables are predicted by ten covariates (x1 − x10). Four 
repeated measures (y1 − y4) are the observed indicators of the growth process.
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the inclusion of covariates that predict class member
ship and growth factors (Petras & Masyn, 2010). This 
naturally raises a looming question: How can we select 
important covariates in GMMs? Including irrelevant or 
sample-dependent predictors risks overfitting, poor 
generalizability, and misclassification. Traditional selec
tion strategies (e.g., forward selection, backward elim
ination) are ill-suited for mixture modeling and can 
undermine the credibility of results. Long recognized 
as “the most important problem in statistics” 
(Hesterberg et al., 2008), variable selection has, para
doxically, received little methodological attention in 
GMM research.

This study leverages the strengths of the Bayesian 
framework for handling GMMs (Depaoli, 2013; 
Depaoli et al., 2017; Heo et al., 2024) and achieves 
variable selection through shrinkage priors. Shrinkage 
priors induce sparsity by specifying hyperpriors that 
control the degree of shrinkage applied to estimated 
effects, shrinking small coefficients toward zero while 
maintaining large coefficients (Kaplan, 2023). We 
evaluate the performance of shrinkage priors in vari
able selection within GMMs through simulation.

We manipulate six design factors: sample size (150, 
300, 900), class separation (Mahalanobis distance: 3.0, 
4.0), class proportion (equal, unequal), covariate effect 
pattern (homogeneous, heterogeneous), covariate cor
relation (0.2, 0.8), and shrinkage prior (ridge, lasso, 

hyperlasso, elastic net, horseshoe, regularized horse
shoe, spike-and-slab). The data-generating model 
(Figure 1) is a two-class linear GMM with four time 
points and ten predictors, whose effect sizes vary by 
condition (one large, two medium, two small, and five 
null). Covariates predict latent class variable via multi
nomial logistic regression (c1 − c10) and within-class 
growth factors via linear regression (bðcÞ11 − b

ðcÞ
1, 10 and 

b
ðcÞ
21 − b

ðcÞ
2, 10). The outcome measure is variable selec

tion accuracy, defined as the proportion of variables 
with different effect sizes that are selected.

Figure 2 displays variable selection accuracy based 
on posterior medians for the smallest sample size con
dition, a class separation of 3.0, and unequal class 
proportions. For Class 1 (larger class) with a covariate 
correlation of 0.2, ridge and lasso exhibited weaker 
shrinkage and tended to select more null effects, with 
ridge producing the highest false selections. In con
trast, horseshoe, regularized horseshoe, and spike-and- 
slab induced stronger sparsity, with spike-and-slab 
producing the strongest shrinkage and the lowest false 
selections. These results were similar across covariate 
effect patterns. For Class 2 (smaller class), selection 
rates were lower overall, and the results resembled 
those from Class 1 under the homogeneous pattern. 
However, under the heterogeneous pattern, false selec
tions increased for horseshoe, regularized horseshoe, 
and spike-and-slab. When the covariate correlation 

Figure 2. Selection rates for covariates predicting the latent slope when sample size ¼ 150, class separation ¼ 3.0, and class pro
portions are unequal. Rows correspond to covariate correlations, and columns represent covariate effect patterns across the two 
latent classes. The x-axis represents effect sizes, the y-axis indicates selection rates, and each line corresponds to a shrinkage prior. 
Selection rates for variables with null effects are shaded in gray to denote false selections.
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was 0.8, selection rates decreased in both classes, par
ticularly for variables with large and medium effects.

The contributions of this study are evident. 
Methodologically, we provide a systematic evaluation 
of Bayesian shrinkage priors in mixture modeling and 
fill a research gap in variable selection for GMMs. For 
applied researchers, the findings offer guidance for 
choosing priors and highlight caveats, improving the 
implementation of GMMs.
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