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Abstract:
In many applied research studies that use statistical models in data analy-

sis, the focus is often on testing the suitability of the applied model in
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interpreting the data and making the necessary predictions. However, this
often neglects to examine the model's stability at different data levels,
which can affect the reliability and consistency of these models when
applied under varying conditions. The TQR model is one of the im-
portant models widely used in data analysis. This research aimed to ana-
lyze the stability of the Tobit Quantile Regression (TQR) model using
Bayesian methods, Lasso techniques, and a modified Lasso technique
proposed by the researcher. The focus was on examining the model's sta-
bility across quantiles. Important metrics such as Quantile Stability
Across and Shrinkage Paths were used to achieve optimal results and
compare the performance of these techniques. The results demonstrated
the importance of these metrics combined in analyzing model stability,
as they provide a dual evaluation of different quantiles and shrinkage
paths. Furthermore, the results showed that Lasso techniques are more
effective at maintaining model stability than the modified Lasso tech-
nique. The significance of this research lies in its presentation of im-
proved techniques in Bayesian quantile models for analyzing high-
dimensional data.

Keywords: Tobit Quantile Regression Model, Lasso, Modified Lasso,
Stability Across Quantiles « Shrinkage Paths
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=== Classical Quantile Regression Estimates
0.75 050 0.25
Beta 1 1.616113 1.616137 1.616189
Beta_2 2.950742 2.950755 2.950776
Beta_3 -0.097913 -0.097905 -0.097887
Beta_4 2.115014 2.115037 2.115084
Beta 5 -0.271933 -0.271906 -0.271857
Beta 6 1.432797 1.432775 1.432731
Beta_7 -0.099600 -0.099616 -0.099650
Beta_8 -0.189526 -0.189549 -0.189594
Beta 9 0.120184 0.120196 0.120220
Beta_10 0.701875 0.701820 0.701710
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0.7 050 0.25
MAE 0.179046 0.179055 0.179073
MSE 0.044915 0.044917 0.044922

RMSE 0.211931 0.211936 0.211948
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0.75 0.50 0.25
Beta 1 1.366330 1.286125 1.358506
Beta 2 2.698094 2.569077 2.539517
Beta_3 0.019857 0.000000 0.000000
Beta 4 1.674940 1.836868 2.101289
Beta 5 0.000000 0.000000 0.000000
Beta 6 1.017189 0.658840 0.414639
Beta_7 0.000000 0.000000 -0.000000
Beta_8 -0.000000 0.000000 0.000000
Beta_9 -0.000000 0.000000 0.000000
Beta 10 0.520143 0.381462 0.403602
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MAE 0.127754 0.176763 0.188502

MSE 0.044563 0.075703 0.094066
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=== Modified LASSO Quantile Regression Estimates
0.75 050 0.25
Beta 1 0.442072 0.119412 0.342906
Beta 2 1.816042 1.616933 1.864697
Beta_3 0.000000 0.000000 0.000000
Beta_4 0.954723 0.800316 1.240153
Beta_5 0.000000 0.000000 0.000000
Beta_ 6 0.000000 0.000000 0.000000
Beta_7 0.000000 0.000000 0.000000
Beta_8 0.000000 0.000000 0.000000
Beta_9 0.000000 0.000000 0.000000
Beta_10 0.000000 0.000000 0.000000
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075 050 0.25

MAE 0.528716 0.596334 0.505224

MSE 0.561357 0.725814 0.520515

RMSE 0.749238 0.851947 0.721467
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Stability Across Quantiles: Classical vs LASSO vs Modified LASSO
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