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Abstract

Heterogeneity is a pervasive characteristic of longitudinal data in economics and social sciences.
Specifically, the evolutionary trajectories of income inequality display pronounced cross-national
heterogeneity, and cluster analysis of such trajectories facilitates the identification of underlying pat-
terns of economic development and heterogeneous dynamics among nations. As a core instrument
for longitudinal data clustering, finite mixture regression (FMR) models are widely adopted in the
literature. Existing mixture modeling frameworks fall into two main categories: the conventional
finite mixture regression model (denoted FMR-1) generally assumes independence among obser-
vations sharing the same trajectory pattern and only specifies the mean structure for each sub-pop-
ulation. Nevertheless, overlooking within-group covariance information in this manner is prone to
clustering bias. To address this limitation, a mixture regression model with joint mean-covariance
modeling (denoted FMR-3) has been developed, which jointly models both the mean and covariance
structures within the finite normal mixture framework. Accordingly, this paper employs both ap-
proaches to conduct cluster analysis on the Gini coefficient trajectories of 36 countries over a 20-
year horizon, with parameter estimation for both models implemented via the Expectation-Maxi-
mization (EM) algorithm. Empirical results indicate that the joint mean-covariance mixture regres-
sion model substantially outperforms the conventional mean-only model across three dimensions:
clustering consistency, within-group trajectory discriminability, and model goodness-of-fit as
measured by the Bayesian Information Criterion (BIC). Meanwhile, neglecting within-group corre-
lation not only tends to overestimate the optimal number of clusters, but also causes the conflation
of distinct evolutionary trajectories. This study corroborates the necessity of incorporating covari-
ance structures when clustering real-world macroeconomic longitudinal data, and provides a more
robust analytical framework for investigating the dynamic evolution of cross-national income ine-
quality.
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Figure 1. Longitudinal trajectories of Gini coefficients of various countries over time
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Figure 2. Changes in BIC of the fitted models whenK =1, ..., 5
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Figure 4. Trajectory plots of observed individuals (gray dashed line) and fitted mean curves (red solid
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Figure 5. Grouped sample mean trajectories of two mixture models
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