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Introduction

Periodic autoregressive (PAR) models provide a flexible framework for mod-
eling time series with seasonal or cyclic dynamics. However, their perfor-
mance is sharply reduced in the presence of outliers, asymmetric behavior,
or heavy—tailed observations, which commonly arise in financial and envi-
ronmental data. To overcome these limitations, this study incorporates the
scale mixture of skew-normal (SMSN) family as the innovation distribution
of PAR(1) models. This family includes several important heavy-tailed and
skewed distributions, such as SN, ST, SL, and SCN, thereby enabling robust
modeling under skewness, tail-heaviness, and data contamination.

Material and Methods

We evaluate the performance of three estimation approaches, namely max-
imum likelihood (ML), maximum a posteriori (MAP), and Bayesian infer-
ence, within the SMSN-PAR(1) framework. A comprehensive simulation
study is conducted under various innovation structures and different sample
sizes. The accuracy of the estimates is evaluated using standard performance
measures, including bias, MSE, and the defect (DEF) index. For Bayesian
estimation, Markov chain Monte Carlo (MCMC) sampling is implemented
to obtain posterior summaries and credible intervals. In addition, the pro-
posed methodology is applied to Google stock return data to demonstrate
the practical relevance of the model in the presence of outliers and heavy
tails.
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Results and Discussion

The results indicate that the choice of innovation distribution and estimation
method has a substantial impact on parameter estimation quality. Across
all scenarios, the Bayesian approach achieves the smallest DEF, suggesting
superior stability and robustness, particularly in small samples and under
highly skewed or heavy-tailed conditions. While the estimator generally
performs well, it is sensitive to data contamination. The MAP estimator,
however, exhibits the highest estimation error in most settings. Among the
innovation structures, ST and SN show the most stable behavior, whereas
SL and SCN produce larger estimation errors due to their stronger skew-
ness and contamination characteristics. The empirical analysis on Google
stock returns confirms the presence of heavy tails and periodic behavior, and
Bayesian estimation under ST innovations provides the best fit.

Conclusion

This study demonstrates that combining PAR models with SMSN innova-
tions offers a powerful and flexible approach for analyzing periodic time
series affected by skewness, heavy tails, and outliers. The Bayesian method
consistently outperforms ML and MAP in terms of accuracy and stability.
The findings emphasize the importance of selecting an appropriate innova-
tion distribution and estimation strategy when dealing with complex periodic
structures and contaminated data.
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