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1 Empirical analysis

1.1 Descriptive plots
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Figure 1: Empirical results: Time series plots for the four financial series.

1Correspondence to: Stefanos Dimitrakopoulos, s.dimitrakopoulos@leeds.ac.uk.
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(a) GLT. (b) EDE.

(c) WPP.
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Figure 2: Empirical results: Histograms for the four financial time series.
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1.2 Empirical estimation results

The hyperparameters for the prior distributions of the models in question are similar to those used

in the simulation study. We run each algorithm for 5000 iterations after a burn-in period of 10000

cycles.
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1.3 Forecasting results

We report the ratio of the LPS value of the baseline model to that of a given model, with the baseline

model being the P-INGARCH model. Hence, ratios greater than one indicate better density forecasts

than the baseline model. Moreover, we subtract the sMSE value of a given model from that of the

baseline model. So, positive values indicate better point forecasts.

We also calculated the Diebold and Mariano (1995) statistics, accounting also for the Harvey et

al. (1997) finite-sample adjustment. The Diebold and Mariano (1995) approach is a test for equal

predictive accuracy. Therefore, we tested whether the forecasting values (point and density forecasts)

produced by the models are significantly different from those produced by the baseline model. The

asterisk next to the reported density and point forecast value indicates that the respective model

shows superior forecast performance relative to the baseline model.

1.3.1 Density forecasts

Table 6: LPS results (GLT).

Model s = 1 s = 4 s = 8

P-INGARCH 1 1 1

NB1-INGARCH 0.8743 1.0871* 1.0833*

NB2-INGARCH 1.1118* 1.1110* 1.1091*

DP-INGARCH 1.0816* 1.0786* 1.0755*

GP-INGARCH 0.7465* 1.0478* 1.0315*

Table 7: LPS results (WPP).

Model s = 1 s = 4 s = 8

P-INGARCH 1 1 1

NB1-INGARCH 0.8744 1.0533* 1.0575*

NB2-INGARCH 1.0690* 1.0619* 1.0659*

DP-INGARCH 1.0611* 1.0489* 1.0520*

GP-INGARCH 0.8111* 1.0386* 1.0255*

Table 8: LPS results (EDE).

Model s = 1 s = 4 s = 8

P-INGARCH 1 1 1

NB1-INGARCH 1.4299* 1.1295* 1.1402*

NB2-INGARCH 1.1464* 1.1503* 1.1594*

DP-INGARCH 1.1104* 1.1136* 1.1254*

GP-INGARCH 1.0816* 1.0757* 1.0723*

9



Table 9: LPS results (Ericsson B).

Model s = 1 s = 4 s = 8

P-INGARCH 1 1 1

NB1-INGARCH 1.3312* 1.1469* 1.1854*

NB2-INGARCH 1.1294* 1.0254 * 1.169*

DP-INGARCH 1.2290* 1.0478* 1.0256*

GP-INGARCH 1.1154* 1.0133* 1.0134*

10



1.3.2 Point forecasts

Table 10: sMSE results (GLT).

Model s = 1 s = 4 s = 8

P-INGARCH 0 0 0

NB1-INGARCH 0.0156* 0.0242* 0.0236*

NB2-INGARCH 0.0487* 0.0626* 0.0853*

DP-INGARCH -0.0006* -0.0009* -0.0007*

GP-INGARCH -0.0016* -0.0001* -0.0002*

Table 11: sMSE results (WPP).

Model s = 1 s = 4 s = 8

P-INGARCH 0 0 0

NB1-INGARCH 0.4763* 0.3512* 0.1294*

NB2-INGARCH 0.0087* 0.0094* 0.0095*

DP-INGARCH 0.0001* 0.0004* 0.0008*

GP-INGARCH -.0047* -0.0051* -0.0077*

Table 12: sMSE results (EDE).

Model s = 1 s = 4 s = 8

P-INGARCH 0 0 0

NB1-INGARCH 0.0325* 0.0487* 0.0623*

NB2-INGARCH 0.0222* 0.0148* 0.0356*

DP-INGARCH 0.0126* 0.0059* 0.0085*

GP-INGARCH 0.0004* 0.0023* 0.0036*

Table 13: sMSE results (Ericsson B).

Model s = 1 s = 4 s = 8

P-INGARCH 0 0 0

NB1-INGARCH 0.1398* 0.1111* 0.0856*

NB2-INGARCH 0.2584* 0.3266* 0.2265*

DP-INGARCH 0.0367* 0.0144* 0.0658*

GP-INGARCH -0.0008* -0.0013* -0.0023*
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