26th International Congress on Modelling and Simulation, Adelaide, SA, Australia, 30 Nov—4 Dec 2025
mssanz.org.au/modsim2025

Evaluating whether the A-VIX improves volatility
forecasts in the Australian equity market

Marcus G Robertson-Wall

School of Electrical Engineering, Computing and Mathematical Sciences, Curtin University, Perth, Australia.
Email: marcus.robertson-wall@student.curtin.edu.au

Abstract:  Understanding volatility is key to effective financial risk management. We investigate the efficacy
of adding A-VIX to historical volatility based models which forecast volatility in the S&P/ASX 200. The A-VIX
estimates the implied volatility of 30-day-ahead options. Volatility forecasting models from the GARCH and HAR
frameworks are selected. Model performance is compared across the volatile COVID-19 period.

Keywords:  Realised volatility, VIX, A-VIX, GARCH, HAR

1. INTRODUCTION

Volatility is a vital component in understanding the risk of financial assets. This research considers univariate
models under the GARCH and HAR, and will include extensions to investigate the leverage effect in the Australian
context. Further extending these models with the A-VIX will determine whether the implied volatility can improve
predictive performance in one-day-ahead volatility forecasts. Realised volatility forecasts can then be used as
inputs when managing financial risk, such as when estimating value at risk (Brooks and Persand 2003;
Kambouroudis et al. 2021).

2. METHODOLOGY

The Chicago board of Exchange (CBOE) introduced the CBOE Volatility Index (VIX) in 1993. It initially captured
the volatility implied by the Black-Scholes model interpolated from near at-the-money options on the OEX (S&P
100). In 2003 the formula was updated to use out-of-the-money calls and puts on the S&P 500 Index and a new
formula which estimates the conditional risk-neutral expectation of the (annualised) return variance over the next
30 calendar days (Carr and Wu 2006). The A-VIX was introduced on 21% September 2010 using the later CBOE
method and options on the ASX S&P 200 (S&P Dow Jones Indices 2025).

Chosen volatility models must be able to capture persistance in volatility of asset returns series (Crato and de Lima
1994; Ding et al. 1993). Considered models capture the leverage effect, where falling returns and increasing
volatility are observed together (Black 1976). The generalised autrogressive conditional heteroscedasticity
(GARCH) family serve as baseline historical volatility forecasting models, and can be written as:
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Where z,~N(0,1) and restrictions a, > 0,a; = 0, 3; = 0,y; = 0,; = 0 are imposed to ensure the variance is
positive. The indicator variable I,_; takes the value of 1 where €,_; < 0 and 0 otherwise. The a and B coefficients
capture volatility persistence (Engle 1982, Bollerslev 1986), the y; coefficient captures the leverage effect
(Glosten et al. 1993). A coefficients allow numerous positive exogenous variables to be included in the variance
equation. Exogenous variables of particular interest are the realised volatility estimate from Andersen and
Bollerslev (1998), and the A-VIX. To complement the considered GARCH models, heterogenous autoregressive
(HAR) models which directly utilise the realised variance estimate will be considered. Of particular interest is the
semi-variance-HAR model of Patton and Sheppard (2015) which can be written as:
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Where 7;; is the i-th intraday return of day t, e,.~N (0, 0%), and 8 coefficients and constant ¢ will be estimated via
ordinary least squares. The inclusion of the semi-variances allows the upside and downside risk to be modelled
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separately, and the leverage effect to be captured where 5, > [;. 5S-minute intervals are used to calculate realised
variance metrics following Anderson and Bollerslev (1998). The means of the last 5 and last 22 trading days
capture the persistent weekly and monthly variance respectively. HAR models will be extended with the change
in A-VIX following Xiao et al. (2021).

Daily open and close of the ASX S&P 200 and A-VIX are obtained from LSEG Workspace (LSEG 2025a). 5-
minute prices of the ASX S&P 200 are obtained from LSEG Tick History (LSEG 2025b). Rolling windows of
2000 observations will be used when forecasting from GARCH and HAR models, with a starting in-sample period
of 2000 observations from 10" September 2010 to 16™ August 2018 and a 1675 observation out-sample period
from 17" August 2018 to 28" March 2025.

Forecasts will be compared with the ex-post realised variance measured by equation 4. Models are compared using
using the mean square error (MSE) and quasi likelihood (QLIKE) as they are robust to noise in the ex-post realised
measure (Patton 2011). Following Anderson and Bollerslev (1998), a Mincer-Zarnowitz regression based on the
ex-post measure will be employed and models compared based on the coefficient of determination, R?.

3. CONCLUSIONS

Baseline models incorporating the leverage effect will be fitted and their appropriateness discussed. They will be
compared with extended models incorporating the A-VIX. The significance/insignificance of the A-VIX term will
be noted, and the model performance as measured by MSE, QLIKE and R? will be compared to baseline models.
Closing comments will be made on potential reasons behind performance differences. Final modelling results are
pending further honours work, and these results will be ready for the conference.

REFERENCES

Andersen TG and Bollerslev T (1998) Answering the Skeptics: Yes, Standard Volatility Models do Provide
Accurate Forecasts. International Economic Review 39(4), 885-905. Doi: https://doi.org/10.2307/2527343.

Black F (1976) Studies of Stock Price Volatility Changes. In: Proceedings of the Business and Economic
Statistics Section. American Statistical Association, 177-181

Bollerslev T (1986) Generalized autoregressive conditional heteroskedasticity. Journal of Econometrics 31(3),
307-327. Doi: https://doi.org/10.1016/0304-4076(86)90063-1.

Brooks C and Persand G (2003) Volatility forecasting for risk management. Journal of Forecasting 22(1), 1-22.
Doi: https://doi.org/10.1002/for.841.

Carr P and Wu L (2006) A Tale of Two Indices. Journal of Derivatives 13(3), 13-29,19. Doi:
https://doi.org/10.3905/j0d.2006.616865.

Crato N and de Lima PJF (1994) Long-range dependence in the conditional variance of stock returns. Economics
Letters 45(3), 281-285. Doi: https://doi.org/10.1016/0165-1765(94)90024-8.

Ding Z, Granger CWJ and Engle RF (1993) A long memory property of stock market returns and a new model.
Journal of Empirical Finance 1(1), 83-106. Doi: https://doi.org/10.1016/0927-5398(93)90006-D.

Engle RF (1982) Autoregressive Conditional Heteroscedasticity with Estimates of the Variance of United
Kingdom Inflation. Econometrica 50(4), 987-1007. Doi: https://doi.org/10.2307/1912773.

Glosten LR, Jagannathan R and Runkle DE (1993) On the Relation between the Expected Value and the
Volatility of the Nominal Excess Return on Stocks. The Journal of Finance 48(5), 1779-1801. Doi:
https://doi.org/10.2307/2329067.

Kambouroudis DS, McMillan DG and Tsakou K (2021) Forecasting realized volatility: The role of implied
volatility, leverage effect, overnight returns, and volatility of realized volatility. Journal of Futures Markets
41(10), 1618-1639. Doi: https://doi.org/10.1002/fut.22241.

LSEG (2025a) LSEG Workspace [Web Application], Version 3.3.6601 http://workspace.refinitiv.com/web
LSEG (2025b) LSEG Tick History [Web Application], https://select.datascope.refinitiv.com/DataScope/

Patton AJ (2011) Volatility forecast comparison using imperfect volatility proxies. Journal of Econometrics
160(1), 246-256. Doi: https://doi.org/10.1016/j.jeconom.2010.03.034.

Patton AJ and Sheppard K (2015) GOOD VOLATILITY, BAD VOLATILITY: SIGNED JUMPS AND THE
PERSISTENCE OF VOLATILITY. The Review of Economics and Statistics 97(3), 683-697.

S&P Dow Jones Indices (2025) Strategy S&P/ASX 200 VIX [Fact sheet].
https://www.spglobal.com/spdji/en/indices/indicators/sp-asx-200-vix/#overview

Xiao J, Wen F, Zhao Y and Wang X (2021) The role of US implied volatility index in forecasting Chinese stock
market volatility: Evidence from HAR models. International Review of Economics & Finance 74, 311-333.
Doi: https://doi.org/10.1016/j.iref.2021.03.010.

© MSSANZ and The Authors, CC-BY 0381


https://doi.org/10.2307/2527343
https://doi.org/10.1016/0304-4076(86)90063-1
https://doi.org/10.1002/for.841
https://doi.org/10.3905/jod.2006.616865
https://doi.org/10.1016/0165-1765(94)90024-8
https://doi.org/10.1016/0927-5398(93)90006-D
https://doi.org/10.2307/1912773
https://doi.org/10.2307/2329067
https://doi.org/10.1002/fut.22241
http://workspace.refinitiv.com/web
https://select.datascope.refinitiv.com/DataScope/
https://doi.org/10.1016/j.jeconom.2010.03.034
https://www.spglobal.com/spdji/en/indices/indicators/sp-asx-200-vix/#overview
https://doi.org/10.1016/j.iref.2021.03.010



