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• In this paper, empirical results are reported on the statistical 
performance and the volatility forecasting accuracy of the recent 
quasi-score-driven volatility model, which is introduced in the work 
of Blasques, Francq, and Laurent (2020).

• The quasi-score-driven volatility model is an extension of the score-
driven volatility model, which is introduced in the works of Creal, 
Koopman, and Lucas (2008), and Harvey and Chakravarty (2008).
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Quasi-score-driven models



• Score-driven models are updated by the partial derivatives (with 
respect to  dynamic parameters) of the log conditional density of the 
dependent variable. The updating terms of the score-driven models 
are named score functions. 

• For the quasi-score-driven models of the present paper, the 
updating terms are defined as the partial derivatives of the log 
conditional density of a distribution, which may be different from 
the distribution of the dependent variable. The updating terms of 
the quasi-score-driven models are named quasi-score functions. 

• If the distribution of the dependent variable coincides with the 
distribution that defines the quasi-score function, then a score-
driven model is obtained. 
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Research question

• The research question of our paper is whether the statistical and the 
forecasting performances of the quasi-score-driven volatility models 
are superior to those of the score-driven and the classical dynamic 
volatility models. 

• We investigate this question in a general way, to obtain some valid 
conclusions about the statistical and the volatility forecasting 
performances of the quasi-score-driven volatility models.

• Our analysis is general due to the following points:
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(i) Several relevant probability distributions from the literature on 
score-driven volatility models are considered:

• 1) Student’s t-distribution; 2) general error distribution (GED);         
3) generalized t-distribution (Gen-t); 4) skewed generalized t-
distribution (Skew-Gen-t); 5) exponential generalized beta 
distribution of the second kind (EGB2); 6) normal-inverse Gaussian 
distribution (NIG); 7) Meixner distribution (MXN).

• From these distributions all possible combinations of the 
probability distribution of the dependent variable, and the 
probability distribution which defines the quasi-score function, are 
considered. Hence: 7 × 7 = 49 quasi-score-driven plus 7 score-
driven models (each with a leverage effects term in the filter)
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(ii) Three classical volatility models are considered: 

• A-PARCH (Ding et al. 1993), Gaussian-GARCH with leverage effects
(Engle 1982; Bollerslev 1986; Black 1976; Glosten, Jagannathan, and 
Runkle 1993), and t-GARCH with leverage effects (Bollerslev 1987; 
Glosten, Jagannathan, and Runkle 1993). 

• The consideration of these classical volatility models is motivated by 
the work of Hansen and Lunde (2005), in which the volatility 
forecasting performances of 330 GARCH-type models are compared. 

• The results of Hansen and Lunde (2005) indicate that the volatility 
forecasting performances of A-PARCH, and GARCH with leverage 
effects, are difficult to beat by using other classical volatility model 
alternatives.
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(iii) Data for the S&P 500 stock index and its realized volatility are 
used.

• We use the S&P 500, because it is a general representation of the 
stock market valuation of US firms.

• We use the realized volatility as a proxy of the true volatility in the 
volatility forecasting analysis (e.g. Harvey and Lange 2018). 

• For these two variables, the maximum observation periods, which 
are available from our data sources, are crossed, providing daily 
observations for the period of January 2000 to December 2020.
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Some empirical results

• The practically most relevant empirical application of this paper is 
an out-of-sample volatility forecasting performance analysis, 
within the period of the coronavirus pandemic. 

• We perform one-step ahead volatility forecasting for the period of 
January 2020 to December 2020, by using a rolling-window 
approach of estimation and forecasting. 

• Source of the S&P 500 data: Yahoo Finance
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• Forecasting accuracies are measured by using the loss functions
(Hansen and Lunde 2005; Patton 2011; Harvey and Lange 2018):

• where ��,	 is the volatility forecast of model 
, for period �, and 

• �	
∗ is the square root of the realized variance of daily S&P 500 

returns (source: Oxford-Man Institute of Quantitative Finance), i.e. 
a proxy of true volatility. 
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• Forecasting accuracies are compared by using the Giacomini-White 
test (Giacomini and White 2006).

• The results indicate that, for the highly volatile period of the 
coronavirus pandemic, the quasi-score-driven models forecast 
volatility more accurately than the score-driven and the classical 
dynamic volatility models.

(i) Quasi-score-driven model versus score-driven model:

• In each of the following seven tables, the significant mean loss 
function estimates indicate that the forecasting performances of 
the corresponding quasi-score-driven models are superior to the 
forecasting performance of the score-driven model:
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12
We refer to the Beta-t-EGARCH model of Harvey and Chakravarty (2008).



13
We refer to the GED-EGARCH model of Harvey (2013).



14
We refer to the Beta-Gen-t-EGARCH model of Harvey and Lange (2017).



15
We refer to the Beta-Skew-Gen-t-EGARCH model of Harvey and Lange (2017).



16
We refer to the EGB2-EGARCH model of Caivano and Harvey (2014).



17
We refer to the NIG-EGARCH model of Blazsek, Ho, and Liu (2018).



18We refer to the MXN-EGARCH model of Blazsek and Haddad (2020).
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(ii) Quasi-score-driven models versus classical volatility models:

• In the following table, each significant mean loss function estimate

indicates that the forecasting performance of the best-performing 

quasi-score-driven model, i.e.     is superior to the forecasting 

performance of A-PARCH.



Thank you for your attention.

sblazsek@ufm.edu
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