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Equity market neutral hedge funds
� Equity market neutral hedge fund strategies include factor-based 
strategies, in which investment strategies are constructed based 
on common relationships among financial assets. 

� For the factor-based strategies, portfolios are constructed to be 
neutral to the stock market (i.e. with � = 0). 

� Equity market neutral hedge fund strategies also include the 
statistical arbitrage-trading strategy, in which investment 
strategies are constructed based on pricing anomalies. 

� For the statistical arbitrage-trading strategy, high frequency 
techniques and technical analysis are frequently used.
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Research question

� A common property of equity market neutral hedge funds is 
that their value is not sensitive to movements in the value of the 
equity market. 

� The value of the equity market can be represented by using a 
stock market index. 

� Research question of the present paper: 

�Are equity market neutral hedge funds market neutral?
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Patton (2009): April 1993 to April 2003
� Our paper is closely related to the work of Patton (2009), who 
proposes different market neutrality concepts and statistical 
tests to answer the question: “Are market neutral hedge funds 
really market neutral?” (Patton 2009, p. 2495).

� Patton (2009) uses two datasets: 

� Firstly, a combined dataset of 1,423 individual hedge funds 
with monthly return data for period April 1993 to April 2003. 

� For these data, approximately 25% of the hedge funds exhibit 
significant non-market neutrality (i.e. 75% are market neutral).
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Patton (2009): April 1993 to April 2003

� Secondly, Patton (2009) also uses monthly return data from 
Hedge Fund Research Equity Market Neutral Index (HFRX EH). 

� For these data, the market neutrality null hypothesis of the 
statistical tests is not rejected. 

� According to Patton (2009, p. 2515), this is due to the fact that 
the market exposures of individual hedge funds offset each 
other in the cross section. 
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Contribution of the present paper

� In the present paper, we focus on the correlation neutrality
concept of Patton (2009), and for each day of the data window, 
May 2003 to December 2016, we measure different levels of 
association of the Standard & Poor's 500 (S&P 500) index and 
HFRX EH.

� We use HFRX EH data, since individual hedge fund data is not 
available to us.

� We estimate different average levels of association for the 
periods before, during and after the US financial crisis of 2008.
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Data: time-series variables

We use daily log-return data for period May 2003 to December 
2016 from the S&P 500 index and HFRX EH index. 

We denote log-returns by using y1t and y2t, respectively.

The HFRX EH index represents the performance of a portfolio of 
individual equity market neutral hedge funds, which in most 
cases maintain net stock market exposure that is no greater 
than 10% long or short. 

S&P 500 represents the value of the equity market portfolio.
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Data: descriptive statistics
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Data: partial autocorrelation for S&P 500
� AR and QAR lag selection



Data: partial autocorrelation for HFRX EH
� AR and QAR lag selection
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Methodology: DCS models

� Motivated by the fact that hedge fund returns are non-linear 
(Fung and Hsieh 2001) and also by the recent development of 
the score-driven time-series models of association, we use a 
non-linear dynamic conditional score (DCS) model of location, 
scale and copula (Harvey 2013).

� To the best of our knowledge, this model has not yet been 
applied in the body of literature on hedge funds. 
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Methodology: univariate models

� We consider three alternative models for location and scale. 

� Firstly, AR(p) plus t-GARCH(1,1) with leverage effects (Box and 
Jenkins 1970; Glosten et al. 1993). 

� Secondly, t-QAR(p) plus Beta-t-EGARCH(1,1) with leverage 
effects (Harvey and Chakravary 2008; Harvey 2013; Harvey and 
Sucarrat 2014). 

� Thirdly, Gen-t-QAR(p) plus Beta-Gen-t-EGARCH(1,1) with 
leverage effects (Harvey and Lange 2016). 
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AR(p) plus t-GARCH(1,1)
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t-QAR(p) plus Beta-t-EGARCH(1,1)
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Gen-t-QAR(p) plus Beta-Gen-t-EGARCH(1,1)
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Methodology: association of y1t and y2t

Body of literature on dynamic association:

� BEKK model (Baba, Engle, Kraft and Kroner 1991; Engle and Kroner 
1995)

� DCC (dynamic conditional correlation) model (Engle 2002)

� Dynamic copula models (Patton 2006)

� DCS copula models (Harvey 2013)
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Methodology: association of y1t and y2t

� We model the dynamic association of the two assets by using a 
DCS model with the Student's t-copula. 

� (Boudt et al. 2012; Avdulaj and Barunik 2013, 2015; De Lira 
Salvatierra and Patton 2015; Harvey and Thiele 2016; Koopman
et al. 2016)
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Methodology: association of y1t and y2t

� We model the association between y1t and y2t, by using the 
Student's t copula function, denoted as �(�, �; 
� , ν) (Joe 2015). 

� Function �(�, �; 
� , ν) measures the association between two 
uniform random variables, where u and v are realizations of 
�~�(0,1) and �~�(0,1), respectively. 

� In this paper, we use conditional distribution functions 
F(y1t|y11,...,y1t-1) and F(y2t|y21,...,y2t-1) for u and v, respectively.
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Methodology: association of y1t and y2t

� In �(�, �; 
�, ν
, 
� is a time-varying correlation coefficient of U and V that 
we transform into a more robust measure of association: the time-varying 
Blomqvist's beta �� = 2arcsin(
�)/� ∈ (�1,1
 (Joe 2015). 

� ��,� is the conditional score of the log-likelihood with respect to 
�.

� Furthermore, the time-constant degrees of freedom parameter ν, 
measures the tail heaviness of the copula.
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Results: selection of univariate model
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� Parameter estimates by 

using the maximum 

likelihood (ML) method.

� Robust ML standard 

errors are reported in 

parentheses.

� ***, ** and * indicate 

significance at the 1%, 

5% and 10% levels, 

respectively.

Results
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Results

� Ljung-Box (1978) (LB) test of 

independence

� Gaussian central limit theory 

(GCLT) for ML estimates

� Log-likelihood (LL); Akaike, 

Bayesian, Hannan-Quinn 

criteria (AIC; BIC; HQC).

� Ordinary least squares (OLS); 

heteroscedasticity and 

autocorrelation consistent 

(HAC).

� *** indicates significance at 

the 1%, levels.
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Conclusion
� As hypothesized by Patton (2009, p. 2515), these findings may be 
due to the fact that the market exposures of the individual equity 
market neutral hedge funds are relatively constant, while the non-

market risk exposures of those hedge funds are offsetting. 

� The positive association for the pre- and post- periods of the 
financial crisis may be due to the relatively constant long positions 

of the individual equity market neutral hedge funds in the stock 
market, and the negative association for the period during the 
financial crisis may be due to relatively constant short positions of 
the individual equity market neutral hedge funds in the stock 
market.

GESG SEMINAR AUGUST 24, 2017 27



References
� Avdulaj, K., and J. Barunik. 2013. Can we Still Benefit from International Diversification? The Case 
of the Czech and German Stock Markets. Czech Journal of Economics and Finance 63 (5): 425-442.

� Avdulaj, K., and J. Barunik. 2015. Are Benefits from Oil-Stocks Diversification Gone? New Evidence 
from a Dynamic Copula and High Frequency Data. Energy Economics 51: 31-44.

� Boudt, K., J. Danielsson, S. J. Koopman, and A. Lucas. 2012. Regime Switches in the Volatility and 
Correlation of Financial Institutions. National Bank of Belgium Working Paper Series, No 227.

� Box, G. E. P., and G. M. Jenkins. 1970. Time Series Analysis, Forecasting and Control. Holden-Day.

� De Lira Salvatierra, I., and A. J. Patton. 2015. Dynamic Copula Models and High Frequency Data. 
Journal of Empirical Finance 30: 120-135.

� Fung, W., and D. A. Hsieh. 2001. The Risk in Hedge Fund Strategies: Theory and Evidence from 
Trend Followers. The Review of Financial Studies 14 (2): 313-341.

GESG SEMINAR AUGUST 24, 2017 28



References
� Glosten, L. R., R. Jagannathan, and D. E. Runkle. 1993. On the Relation Between the 
Expected Value and the Volatility of the Nominal Excess Return on Stocks. Journal of 

Finance 48 (5): 1779-1801.

� Harvey, A. C. 2013. Dynamic Models for Volatility and Heavy Tails. Cambridge: 
Cambridge University Press.

� Harvey, A. C., and T. Chakravarty. 2008. Beta-t-(E)GARCH. Cambridge Working Papers in 
Economics 0840, Faculty of Economics, University of Cambridge, Cambridge.

� Harvey, A. C., and R. J. Lange. 2016. Volatility Modeling with a Generalized t-Distribution. 
Journal of Time Series Analysis 38 (2): 175-190. 

� Harvey, A. C., and G. Sucarrat. 2014. EGARCH Models with Fat Tails, Skewness and 
Leverage. Computational Statistics & Data Analysis 76: 320-338.

GESG SEMINAR AUGUST 24, 2017 29



References
� Harvey, A. C., and S. Thiele. 2016. Testing Against Changing Correlation. Journal of 

Empirical Finance 38 (B): 575-589.

� Joe, H. 2015. Dependence Modeling with Copulas. Boca Raton: CRC Press, Taylor & 
Francis Group.

� Koopman, S. J., A. Lucas, and M. Scharth. 2016. Predicting Time-Varying Parameters 
with Parameter-Driven and Observation-Driven Models. Review of Economics and 

Statistics 98 (1): 97-110.

� Ljung, G., and G. Box. 1978. On a Measure of Lack of Fit in Time-Series Models. 
Biometrika 65 (2): 297-303.

� Patton, A. J. 2009. Are “Market Neutral” Hedge Funds Really Market Neutral? The 

Review of Financial Studies 22 (7): 2495-2530.

GESG SEMINAR AUGUST 24, 2017 30



Thank you for your 
attention!
AAYALA@UFM.EDU

SBLAZSEK@UFM.EDU

GESG SEMINAR AUGUST 24, 2017 31


