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“Quantitative models fail, human intuition fails. Models assist intuition and 
conversely intuition facilitates the evolution of models. Without models hedge funds 
could not provide services. Models need to grow and evolve or they will become 
obsolete. However, without qualitative overlays to models; that is, a combination of 
models and fundamental analysis, hedge funds can not survive unless they frequently 
change their models to adapt to changing circumstances.”  

 

Myron S. Scholes 

 

 

 

Abstract 

This paper illustrates how qualitative analysis can be incorporated into quantitative 
risk measurement in order to construct an expected distribution of hedge fund returns 
that explicitly allows for market, residual and tail risk. We show how the combination 
of statistical criteria with out-of-sample model evaluation techniques, coupled with a 
qualitative understanding of the particular hedge fund strategy can lead to more robust 
risk factor models that capture the out-of-sample rather than the historical variation in 
hedge fund returns. Using Monte Carlo simulation techniques, that allow the most 
appropriate data generating process for each risk factor, we proceed to build a market 
risk based expected distribution of returns which is then adjusted for the presence of 
residual and tail risk. The residual risk distribution of expected returns is entirely 
based on the out-of-sample errors of the risk factor model and by using the out-of-
sample explanatory power of the model as the weighting parameter we allow the 
model to ‘self correct’ when the actual returns deviate significantly from the model 
conditional expected returns. The tail risk distribution of returns and the correlation of 
these tails are solely based on qualitative analysis. We propose a methodology for the 
quantification of the potential impact of factors such as leverage, liquidity and 
concentration on the size and probability of excess losses due to tail risks. The 
proposed framework allows investors to explicitly measure, monitor and manage the 
modelable and non-modelable risks in a hedge fund portfolio.  
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1. Introduction 
Over the last 60 years hedge funds have migrated from the fringes of the global 
investment landscape to become one of the investment vehicles of choice for many 
sophisticated investors. Underlying this increase in popularity has been the belief that 
portfolio management skills, if properly compensated, combined with the use of non-
traditional investment methods and assets, can lead to superior risk-adjusted, 
traditional-beta-independent returns. Hedge funds continue to develop and employ an 
ever expanding range of strategies and today it is possible to access almost any area of 
commercial activity through a hedge fund format. Hedge funds now invest or trade in 
the complete spectra of markets, ranging from government related instruments or 
currencies to the full capital structure of companies; from physical or real assets to 
implied ones such as correlation and volatility. 

Hedge fund investors often face significant liquidity and pricing risks since the most 
abundant pricing inefficiencies, with the largest potential for superior risk-adjusted 
returns, are often found in less mature, less competitive markets. At the same time, 
full transparency does not always make the accurate measurement of risk using 
traditional tools possible. This can be due to the complexity of assets found in many 
hedge fund portfolios, combined with the fact that they can be invested across a range 
of asset classes and instruments and may have a large number of positions2. 
Furthermore, the difficulty may be compounded by the potential for rapid changes in 
exposures and variations in leverage ratios that can make reliance on ‘portfolio 
snapshots’ misleading. 

The events of 2008-2009 resulted in a sharp increase in demand for more hedge fund 
transparency and liquidity, as well as calls for increased regulation of hedge funds. 
Despite this, the average hedge fund investor still faces limited transparency as many 
hedge funds disseminate partial or non-standardised information regarding their 
holdings. Often, hedge funds provide only stale or limited transparency to investors in 
order to preserve a competitive research or informational edge that would otherwise 
be at risk of being eroded. This situation is unlikely to change and, as a result, 
investors that are unwilling to restrict themselves to a subset of simpler, less 
competitive but fully transparent hedge funds need to adapt their risk management 
tools to account for ‘known unknowns’ associated with this lack of transparency. 

Several different methods for modelling the risk of a hedge fund portfolio have been 
proposed in the academic literature with most approaches falling in one of two broad 
categories. The first category tries to map hedge fund returns to observable risk 
factors (see Ackermann, McEnally, and Ravenscraft (1999), Brown, Goetzmann and 
Ibbotson (1999), Agarwal and Naik (2000) and Liang (2001) for single-factor models 
and Fung and Hsieh (1997), Schneeweis and Spurgin (1999), Agarwal and Naik 
(2004), Brealey and Kaplanis (2001), Edwards and Caglayan (2001) and Hasanhodzic 
and Lo (2007) for multifactor models). The second category examines the returns of a 
hedge fund or a hedge fund portfolio in isolation and recommends the calculation of 
modified Value at Risk (VaR) estimates such as the Cornish-Fisher Modified VaR 
(Zangari (1996)), Extreme Value Theory (EVT) based VaR (Braga (2009) and Gupta 
and Liang (2005)), Jump-Diffusion Model based VaR (Derman (2006)), Johnson 

                                                 
2 For a summary of difficulties in hedge fund risk measurement, see Lo (2001) 
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Distributions (Perez (2004)) and Skewed-t-Distribution VaR (Lyzanets and Senchyna 
(2005)). 

The major focus of many early papers on hedge fund risk factor modelling was the 
problem of non-linearity of exposures of hedge funds to ‘traditional’ risk factors. In 
order to account for this some researchers explicitly tried to include time-varying 
exposures in the risk factor models (see Ferson, Kandel and Stambaugh (1987), 
Kazemi and Schneeweis (2003), Billio, Getmansky and Pelizzon (2006), Goodworth 
and Jones (2004), Alexander and Dimitriu (2005), and Coste, Douady and Zovko 
(2009)) or calculate exposure to lagged market risk factors (see amongst others 
Malkiel and Saha (2005)).  

Other researchers have focused on the adaptation or expansion of asset pricing models 
from the traditional investment space so as to capture the nonlinear return 
characteristics of hedge fund returns (see amongst others Fung and Hsieh (2001), 
Mitchell and Pulvino (2001), Agarwal and Naik (2004), Demaray and Luccioni 
(2004), Kat and Miffre (2002) and Ranaldo and Favre (2005)). Finally, and perhaps 
more popularly, researchers have recommended the inclusion of style-related risk 
factors (see amongst others Fung and Hsieh (1997), Brown and Goetzmann (2001), 
Lhabitant (2001), Amenc, Bied and Martellini (2003) and Huber and Kaiser (2004)).  

Most of the papers outlined above focused on the quantitative measurement of risk 
and limited the use of qualitative examination of hedge fund strategies to 
classification, usually adopting style-based frameworks. Empirical papers that have 
used qualitative information in the modelling of hedge fund risk have mostly been 
focused on the examination of ‘death rates’ in the hedge fund industry (see for 
example Getmansky (2004)). However, in hedge fund investing, a qualitative 
understanding of the types of risks present is crucial. This is especially the case when 
addressing idiosyncratic risks and unobserved tail risks, which correspond to events 
that, despite their low probability of occurrence have a large adverse or even 
catastrophic impact.  

In this paper we extend the factor-based analysis of hedge fund returns to construct a 
realistic and manageable methodology of total risk evaluation that combines 
quantitative and qualitative information. The methodology considers the accuracy of 
the risk factor model expectations in an out-of-sample setting and then, through the 
use of Monte Carlo simulation techniques, adjusts the expected distribution of returns 
for observed residual risk and previously unobserved tail risk that arises from the 
particular characteristics of the hedge fund strategy. Previous studies add the in-
sample volatility of residuals to the volatility expected from the risk factor model to 
form an estimate of ‘total’ risk. This can lead to the significant underestimation of risk 
since it relies on market and residual risk to be present in the sample examined.  Our 
approach, mixes the risk factor based expected distribution of returns with a 
distribution of residual risk that is based on the out-of-sample error of the model 
conditional expectations of returns. In a portfolio setting, the residual risks of the 
hedge funds are not assumed to be independent. Moreover, we extend the left tail of 
the expected distribution of returns by adding a qualitatively derived expected excess 
loss. The size, probability and, in a portfolio context, the correlation of this tail loss 
depend solely on the qualitative understanding of the hedge fund’s strategy. This 
probability weighted mixture of distributions is then used to sequentially adjust the 
market risk based VaR of a hedge fund to incorporate residual and tail risk. This 
approach allows the risk manager to target levels of market risk, residual risk and tail 
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risk separately in hedge funds and hedge fund portfolios and thus allows the risk 
manager to obtain a deeper understanding of the sources of risk in the portfolio and of 
the possible ways to mitigate these risks.   

The paper is organised as follows. Section 2 presents an account of the three main 
types of hedge fund risk and an outline of how this paper addresses each category. In 
the three sections that follow, each component is discussed in detail and in order. A 
description is provided of how each part of the model corresponding to each type of 
risk, is augmented by the next, leading to the final Total Risk Model which 
incorporates market, residual and tail risk components. Empirical data is presented 
that supports the underlying rationale of our approach and facilitates comparisons to 
some existing Value at Risk approaches. Section 6 extends the approach to the risk 
measurement of portfolios of hedge funds. Section 7 concludes. 

2. Hedge Fund Risk 
Hedge funds expose investors to a variety of risks that can be grouped into the 
following three categories: 

A. Market Risk 

This is the risk of the hedge fund that is driven by the sensitivity of the 
portfolio to market risk factors, both traditional and alternative, and can be 
captured by risk factor return decomposition. Both the formulation of the risk 
factors (whether they are simple indices of asset portfolios, specialised indices 
or spreads between indices) and the structural form of the equation (whether it 
is a linear, nonlinear or time dependent exposure) depend on the hedge fund or 
portfolio of hedge funds being examined. 

B. Residual Risk 

This is the risk of a hedge fund that is driven more by its particular portfolio 
holdings than the markets that the holdings belong to. The strategy pursued by 
a fund is more important in determining this type of risk than the milieu of 
investment. Some hedge funds have fairly stable exposures to risk factors 
across time and hold large, liquid and diversified portfolios. Others, hold 
concentrated portfolios in a particular area, sector, asset class, or change the 
exposure of their portfolio very often, or both. In both cases the ‘divergence’ 
of the hedge fund portfolio from ‘visible’ diversified market portfolios results 
in ‘alpha generation’ which is the compensation for non-market related 
observed residual risk.  

C. Tail Risk 

This is the risk of a hedge fund investment that is associated with particular 
strategy characteristics such as leverage, concentration and liquidity of 
holdings etc. These characteristics have the potential to significantly affect 
monthly returns even if their impact has not been observed in the past. In this 
paper we distinguish Tail Risk from the more traditional market risk shock 
definition.  
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Figure 1: Sources of Risks in Hedge Funds and Hedge Fund Portfolios.  

Figure 1, outlines the sources of each category of risk and the methodology that will 
be used to measure each category in the following sections. Note that Market and 
Residual risk are based on qualitative guidance but rely on the quantitative 
measurement of previously observed dependencies and deviations from models 
whereas tail risk relies on the quantification of qualitative variables that may cause the 
hedge fund to generate excess losses. As opposed to previous studies that examine tail 
risk in hedge fund returns, our measure of tail risk is not solely dependent on 
previously observed non-linear market dependencies. Moreover, tail returns in this 
framework are not solely generated by extreme market moves.  

Tail returns, in this framework, can be generated either by extreme market moves 
through market risk, or by the specific risk of the hedge fund portfolio, or by a tail 
event that is not necessarily solely related to market events but driven by leverage, 
concentration, liquidity or other ‘soft’ variables that affect a hedge fund strategy. In 
the following sections, we outline how the expected distribution of returns on a hedge 
fund can be extended to allow for the presence of each type of risk and how a mixture 
of distributions framework can be adopted to generate total risk estimates. 

3. Market Risk Modelling 
The application of risk factor modelling to non-transparent hedge fund portfolio risk 
measurement is an approach that has been extensively examined in the literature. The 
first direct application of peer style factor based analysis to hedge fund VaR 
measurement is provided in Lhabitant (2001). Lhabitant analyses historical hedge 
fund returns through an adapted Sharpe (1992) style model and then uses the 
parameter estimates of the model to build a hedge fund’s VaR. 

Lhabitant’s methodology is intuitively appealing and simple to implement since all 
hedge funds can be compared to a common model and therefore market risk is easy to 
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aggregate across a large and diverse portfolio. However, the approach focuses solely 
on the in-sample modelling of hedge fund returns and uses the empirical density 
function of hedge fund style indices. Moreover, using this approach, a two stage, 
indirect approach must be followed by an investor in order to quantify the effect of a 
set of market events on the returns of a hedge fund or on a portfolio of hedge funds. 
First, the investor must infer what will be the effect of market events on the set of 
style indices to which the hedge fund is ‘sensitive’ to and secondly the researcher 
must infer the sensitivities of the hedge fund to the style indices in the next time step.   

One methodology that maps hedge fund returns directly onto risk factors for the 
purpose of VaR measurement is proposed in Goodworth and Jones (2004). In their 
paper, they provide a non-parametric risk factor based analysis of hedge fund returns 
to build a pragmatic and tractable risk measurement framework. Goodworth and Jones 
recommend selecting a relevant risk factor set from a larger universe of potential risk 
factors based on the in-sample R2 and the in-sample statistical significance of the 
relevant factor loadings. 

Goodworth and Jones’ methodology does not depend on a two step process in 
identifying the effect of market events on hedge fund returns, and hence does not 
suffer from the compounded errors associated with such a process. They suggest the 
statistical selection of relevant factors from a comprehensive standardised risk factor 
set and the estimation of direct factor sensitivities of hedge fund returns to these risk 
factors. Once the relevant risk factors have been selected, their factor loadings are 
estimated using an optimum-period exponentially-weighted moving average rolling 
window multivariate linear regression that they claim yields more responsive beta 
estimates. They then proceed to combine historic and simulated factor returns to 
calculate VaR. Although this approach allows each hedge fund to be modelled 
directly, and at the portfolio level all risk factors of individual managers are present, it 
again focuses only on the in-sample modelling of hedge fund returns. Focusing only 
on in-sample statistical significance and explanatory power, while necessary, may 
lead to the inclusion of ‘stale’ risk factors3, or to the well known problem of ‘noise-
fitting’.  

Both the abovementioned methodologies help investors analyse the market risk 
exposure of a large hedge fund universe in a consistent fashion but have drawbacks 
that relate to both risk factor selection and factor loading estimation. One way to 
mitigate the probability of such problems occurring is to use qualitative information in 
the risk factor model construction process.  A risk factor model for a hedge fund that 
is qualitatively as well as quantitatively relevant is more likely to be discovered using 
qualitative knowledge combined with quantitative techniques that focus on the out-of-
sample explanatory power of the model. This can be done by examining how close 
the conditional forecasts of the return on a hedge fund are to the actual returns, in a 
fashion similar to Fung and Hsieh (2004). To do this, the researcher constructs a set of 
candidate risk factors that match the qualitative understanding of the risks to which 
the hedge fund is exposed. Several parsimonious models of pre-specified broad risk 
factors have been recommended in the literature. However, using specific risk factors 
that better describe the risk exposures of the hedge fund avoids the problem of 
generalisation and therefore can have increased explanatory power out of sample.  

                                                 
3 We describe a risk factor as ‘stale’ if there is qualitative evidence that a fund, having been previously 
exposed to a particular market, no longer has exposure to said market.   
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Several researchers recommend the automated selection of risk factors using some 
statistical criteria. In practice however, the construction of the candidate risk factor set 
is both an art and a science and requires close cooperation between qualitative and 
quantitative analysts. This leads to the selection of factors that are currently relevant 
rather than risk factors that were statistically significant. The candidate risk factor set 
must be broad enough to capture asset-specific exposures but robust enough to avoid 
problems of multicolinearity. This requires qualitative understanding of the way risk 
factors are constructed, what they represent and how particular markets behave.  

The complete universe of risk factors should be organised by asset class, duration, 
geography, market sector and market segment. Strategy specific risk factors should 
also be constructed where possible, involving for example the construction of spreads 
between market segments or commodity prices, momentum variables, principal 
components of forward curves, or formulaic option strategies.  

 
Headline World Equity Indices
Equity Indices by Region
Equity Indices by Country
Equity Indices by Sector
Equity Indices by Segment
Private Equity Indices
Sovereign Debt Indices
Yield Curves
Currency Strategies (e.g. Carry Trade
Currency Prices
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Precious Metals
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Commodity Related Equities
Corporate Bond Indices by Rating
Corporate Bond Indices by Region
Corporate Bond Indices by Sector
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Figure 2: Groupings of the Universe of Potential Risk Factors of hedge fund Returns 

One way to organise the universe of potential risk factors is presented in Figure 2. 
Note that, wherever possible, the entire curve of forward prices (as in the case of 
commodities) should be examined as many hedge funds display very little sensitivity 
to spot prices or total return indices but have significant exposure to deferred 
commodity prices or their spreads. 
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Figure 3: Industrial Metals Specialist Fund, Actual Returns vs. Market Risk Factor Model7 
(upper panel) and Lhabitant (2001) Style Model Conditional Expected Returns (lower panel), 
June 2006 – June 2008 

                                                 
7 The risk factor model consists of 2 constant maturity deferred futures contracts of industrial metals. 
For this manager qualitative coverage stops in June 2008 and hence results are only presented to June 
2008. 
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Figure 4: Brazilian L/S Equity Value Bias Fund, Actual Returns vs. Market Risk Factor Model8 

(upper panel) and Lhabitant (2001) Style Model Conditional Expected Returns (lower panel), 
June 2006 – November 2009 

                                                 
8 The risk factor model consists of a specialised equity index and a foreign exchange rate index.  
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Figure 5: Fundamental Multi-Strategy Fund, Actual Returns vs. Market Risk Factor Model9 
(upper panel) and Lhabitant (2001) Style Model Conditional Expected Returns (lower panel), 
June 2006 – November 2009 

                                                 
9 The risk factor model consists of 3 specialised equity indices and a precious metals index. 
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Several studies have examined the impact of model choice on the performance of 
VaR estimates (see amongst others Brooks and Persand (2002), Berkowitz and 
O’Brien (2002), Angelidis, Benos and Degiannakis (2004), Sadorsky (2005) and 
Berkowitz, Christoffersen and Pelletier (2009)). These studies mainly deal with the 
data generating process of daily returns or monthly returns aggregated from a daily 
returns basis. As such, they focus on volatility and correlation as returns can be 
assumed to be zero mean on a daily basis. However, hedge fund investors face longer 
time horizons and cannot react to the day to day movements of risk factor returns 
unless a macro overlay using liquid instruments is present. Therefore the investor 
must focus on the selection of a data generating process for the monthly returns, 
volatilities and correlations of risk factors11.  

There are several such models to choose from with varying degrees of complexity. 
Brooks and Persand (2002) examine several different VaR generating models on 
equity, government bonds and commodities indices and find that simple methods can 
often lead to superior performance compared to more complex models.  

Poon and Granger (2003) state that option implied volatility, which is a market based 
volatility forecast, contains the most information about future volatility. Moreover, a 
researcher could back-out implied correlations from basket option prices. However, as 
most of the risk factors described in Figure 2 do not have a liquid options market it is 
impossible to universally implement this approach. 

Miller and Liu (2006) recommend using generalised Pareto distributed tails with the 
empirical density function of returns in order to construct specific marginal 
distributions that best describe each asset considered. These are then combined using 
a copula model to construct the joint distribution from the fitted marginals. 
Goodworth and Jones (2004) recommend a similar approach, combining the empirical 
density function with simulated tails. 

The major drawback of adopting a unified approach to modelling all risk factors is 
that different models may work well in one category of risk factors (e.g. equities) but 
not in another (e.g. commodities). Using empirical density functions circumvents this 
problem as it allows each risk factor to be modelled by a specific observed 
distribution. However, in the absence of many observations in the tails of the 
empirical distribution, the VaR estimated might still be biased and hence some model 
is usually employed in the tails and the areas between the tails. Moreover, the use of 
empirical density functions in conjunction with tail smoothing models does very little 
to address the problems of estimation of the correlation structure of joint risk factor 
returns. Hence, the risk manager should always prefer a simple, tractable model as a 
base case for each risk factor and the correlations amongst them that allows the 
expected returns, volatilities and correlations to vary across time.  

Exponential Smoothing models have been shown to be quite powerful in predicting 
volatility over a short horizon, since they are not conditioned on a mean level of 
volatility and adjust fairly quickly to changes in unconditional volatility (Poon and 
Granger (2003))12. Moreover, these types of models are very easy to implement in the 

                                                 
11 See Danielsson and Zigrand (2006) for problems in the aggregation of daily volatility to monthly 
volatility in the presence of jumps. 
12 As an example of the relative performance of exponential smoothing models in forecasting the VaR 
of monthly risk factor returns we examine the monthly returns of the S&P 500 Index for the period 
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the risk factor based out-of-sample expected returns distribution across time is 
therefore re-created based on the latest estimate of the hedge fund’s positioning.  

Following on from the examples of different hedge funds presented above, we 
compute the market risk based VaR for all three managers based on equations (6) and 
(8) and compare these with Lhabitant’s style-based historical 95th percentile Value at 
Market Risk (VaMR)14. The temporal evolution of the VaR estimates from both 
models for the Brazilian L/S Equity hedge fund and the Fundamental Multistrategy 
fund is similar since the out-of-sample R2 of both methodologies is comparable as 
seen previously (although higher for the risk factor model). However, for the 
Industrial Metals Specialist the VaR from the risk factor model diverges significantly 
from the style based VaMR. This is due to the fact that the risk factor model can 
capture the variability of returns both in- and out-of-sample for this manager. Even 
though the actual returns of the managers should be compared to a VaR that allows 
for idiosyncratic risk, the market risk VaR for each manager that is based on the risk 
factor model is violated as frequently or less frequently than the style based VaMR 
(see Table 1). Additionally, the average violations are lower for all three managers for 
the risk factor model based VaR (see Table 2). 

  Risk Factor Model Based VaR Style Model Based VaR 

Industrial Metals Specialist 2.38% 7.14% 

Brazilian L/S Equity Value Bias Fund 14.29% 16.67% 

Fundamental Multi-Strategy Fund 11.90% 11.90% 

* Expressed as a % of Number of Out of Sample Observations 

Table 1: VaR Backtest Violations - Actual Returns vs. Market Risk Based VaR & Style Model 
Based VaMR  

 

  Risk Factor Model Based VaR Style Model Based VaR 

Industrial Metals Specialist -0.32% -0.45% 

Brazilian L/S Equity Value Bias Fund -1.31% -1.58% 

Fundamental Multi-Strategy Fund -0.28% -0.36% 

Table 2: VaR Backtest Average Violations - Actual Returns vs. Market Risk Based VaR & Style 
Model Based VaMR  

The results in Table 1 and Table 2 indicate that both the market risk based VaR and 
the VaMR are violated significantly more frequently in the sample than would be 
expected at the 5% level for the Brazilian L/S Value Bias and the Fundamental Multi-
Strategy hedge funds. This may be due to the fact that the data generating process for 
the risk factors and the hedge fund styles is not correct or that these hedge funds 
expose investors to significantly more risk than just market risk and hence a risk 

                                                 
14 We follow Lhabitant (2001) and use a 36-month observation period to estimate style exposures and 
market parameters. The temporal evolution of these VaR estimates is not presented here for brevity but 
results are available from the authors upon request. 
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manager should adjust for this. The following sections will try to address the latter 
issue. 

The market risk measurement efficacy of the approach described above hinges on two 
key attributes; namely, making use of qualitative information available to guide the 
risk factor selection process and, secondly, focusing only on risk factor models that 
can capture the out-of-sample magnitude and variation of hedge fund returns. By 
combining a focus on out-of-sample R2 with other in-sample statistical criteria, the 
likelihood of including variables that were statistically relevant but are currently not 
important is reduced. Moreover, a drop in the out-of-sample R2, which is more 
reactive than the in-sample counterpart, can act as an early warning system indicating 
that the risk manager should reduce reliance on the risk factor model. The risk factor 
model can then be used in conjunction with multivariate Monte Carlo techniques to 
simulate the risk factor based expected returns of a hedge fund in different scenarios. 
As a base case scenario the risk manager should use a flexible modelling approach 
that allows for tail co-dependence such as a t copula. 

Using copulas allows the risk manager to select the data generating process that best 
describes the evolution of each risk factor individually. Such a process should allow 
for the presence of heteroscedasticity, fatness of tails and other stylised characteristics 
of financial data. As a base case process for the marginal distributions of risk factors 
evidence indicates that an exponential smoothing methodology for volatilities and 
correlations of returns is adequate for the modelling of risk factors over a monthly 
horizon. However, other processes should be used if evidence strongly supports this. 
The use of Monte Carlo allows for market-related tail risks that have perhaps not been 
observed in-sample to be taken into account. This approach has clear advantages over 
traditional bootstrapping methods or parametric techniques that are based on the 
normality assumption of underlying risk factor returns. 

4. Residual Risk Adjustment 
Figures 2-4 in the previous section illustrated how some hedge funds’ returns can be 
modelled quite well out-of-sample using specifically built risk factor models. 
However, the examples presented also show how a proportion of the variability of 
returns remains unexplained. This can be quite substantial, especially for hedge funds 
where no risk factors can be found, or where risk factors capture only a small 
proportion of the out-of-sample variability of returns.  

As mentioned in Section 2, residual risk may arise from (and change due to) several 
sources. These include changes in portfolio exposures and diversification, non-linear 
asset holdings or factor model misspecification. In this section we examine the 
residual risk present in hedge fund returns and propose an adjustment to the model 
presented in the previous section that incorporates idiosyncratic risk that has been 
observed.  

In Lhabitant (2001), hedge fund specific risk is defined as the in-sample difference 
between the observed variance of hedge fund returns and the variance that can be 
attributed to the hedge fund style index model. Similarly, Goodworth and Jones 
(2004) define specific risk as the standard deviation of the residual component of the 
in-sample multivariate regression. In both cases, specific risk is zero-mean and 
normally distributed by construction and hence the volatility of the error terms fully 
describes the specific risk of a hedge fund: 
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VaR for the three managers described above to the Total Risk VaR computed through 
Lhabitant’s style model and the VaR computed from the following models: 

1. Normal VaR with equally weighted average return and volatility  
2. Normal VaR with EWMA return and EWMA volatility 
3. Non-Central Student t  
4. Cornish Fisher VaR 
5. EVT Pareto Tails VaR 

 
Figure 7: Typical Example of Expected Return Profile Generated from the Risk Factor Based 
Residual Risk Adjusted Expected Return Model, Expected Distribution of Risk Factor Based and 
Residual Risk Based Returns as of 30th November 2009. 

The temporal evolution of the Residual Risk Adjusted VaR and the competing models 
VaR estimates are presented in Figure 8 through Figure 10 and the violation 
frequency and average violation results are presented in Table 3 through Table 5.  

Note that the Residual Risk Adjusted Risk Factor Model Based VaR is comparable in 
size for the Brazilian L/S Equity Value Bias Fund but leads to fewer violations. 
Although, as is the case with the other approaches, there are more violations than the 
expected 5%, average violations are smaller in magnitude than those generated by the 
more established models. For the Industrial Metals Specialist, the Residual Risk 
Adjusted VaR captures the higher risk in the early part of the sample (due to the lower 
model out-of-sample R2) and therefore again leads to smaller average violations while 
retaining comparable violation frequency. Finally, in the case of the Fundamental 
Multi-Strategy fund, the Residual Risk Adjusted VaR quickly adapts to the larger 
residual risk present in the fall of 200817,18, leading to violations both fewer in number 
and of lesser average magnitude. 

                                                 
17 In order to ensure that the superiority of equation (12) is not specific only to the managers presented 
we repeat the exercise on the 153 hedge funds described previously, backtesting in an out-of-sample 
setting the VaR estimates from the different models. Over a total of 2530 months the Risk Factor Based 
Residual Risk Adjusted VaR was violated 204 times or in 8.06% of the cases. The average violation 
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Figure 8: Industrial Metals Specialist Fund, Actual Returns vs. Residual Risk Adjusted VaR and 
Competing Model VaR Estimates, June 2006 – June 2008 

                                                                                                                                            
was -0.51%. This compares to 11.11% violations for the Style Based VaR with an average violation of 
-0.70%. All other models had higher violation frequencies and larger average violations. The results are 
not presented here for brevity but are available from the authors upon request.  
18 In order to further ensure that the lower violation frequency and lower average violations of the 
residual risk adjustment method of equation (12) are not due to overly conservative VaR estimates 
which would dampen performance, we perform a completely independent test on data from the S&P 
500 GICS Sectors. The aim of this test is to compare the traditional specific risk adjustment to the out-
of-sample residual risk adjustment presented in equation (12) in a setting where returns are normally 
(or almost normally) distributed and hence our method would by construction be disadvantaged and 
conservative. To do this we estimate a single factor model of each sector’s monthly returns over the 
period February 1993 – November 2009 (we use the period February 1990 – January 1993 for initial 
estimation of the model and market parameters) and then estimate a Total Risk VaR using equation 
(11) and a Residual Risk Adjusted VaR using equation (12). The results of the backtest are presented in 
Appendix 2. The results of Table 10 and Table 11 indicate that the frequency of violation does not 
exceed 5% for any of the indices in the case of the Residual Risk Adjusted VaR but it exceeds 5% for 
exactly half of the indices for the traditional Total Risk VaR. Moreover, the average violations are 
smaller for the VaR calculated using equation (12). In order to examine the effect this would have on 
returns, we build a trading strategy for each index where we invest in cash if the Residual Risk 
Adjusted VaR is greater than the traditional measure. Conversely, the strategy’s leverage is increased 
in the opposite case. This results in a portfolio corresponding to each index that has the same expected 
VaR as a long-only passive strategy assuming that the traditional VaR is correct. We then proceed to 
compare the annualised return, annualised volatility, worst drawdown and total return for our strategy 
and the passive strategy. The results of this exercise are presented in Table 12 and Table 13. As 
expected, the Residual Risk Adjusted VaR based strategy has lower annualised returns (the median 
ratio of passive strategy returns to the equivalent VaR strategy returns is 0.93) but has significantly 
lower annualised volatility (the median ratio is 0.82) and significantly lower drawdowns (median ratio 
of 0.84). These results imply that even in an environment of passive investment strategies VaR 
estimates based on equation (12) have lower violations / average violations and therefore can lead to 
significantly lower risk without a commensurate effect on expected returns. 
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Figure 9: Brazilian L/S Equity Value Bias Fund, Actual Returns vs. Residual Risk Adjusted VaR 
and Competing Model VaR Estimates, June 2006 – November 2009 

 
Figure 10: Fundamental Multi-Strategy Fund, Actual Returns vs. Residual Risk Adjusted VaR 
and Competing Model VaR Estimates, June 2006 – November 2009 
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 Violations* Average Violation 

Residual Risk Adjusted VaR 4.00% -0.05% 

Style Model Total VaR 4.00% -0.39% 

Normal Equally Weighted VaR 4.00% -0.56% 

Normal EWMA VaR 4.00% -0.43% 

Non-Central Student t  4.00% -0.56% 

Cornish Fisher VaR 8.00% -0.67% 

EVT Pareto Tails 4.00% -0.61% 

* Expressed as a % of Number of Out of Sample Observations 

Table 3: Industrial Metals Specialist Fund Backtest Results of VaR Estimates Generated by 
Different Models 

 Violations* Average Violation 

Residual Risk Adjusted VaR 7.14% -1.04% 

Style Model Total VaR 9.52% -1.14% 

Normal Equally Weighted VaR 11.90% -1.38% 

Normal EWMA VaR 14.29% -1.12% 

Non-Central Student t  11.90% -1.47% 

Cornish Fisher VaR 11.90% -1.22% 

EVT Pareto Tails 7.14% -1.10% 

* Expressed as a % of Number of Out of Sample Observations 

Table 4: Brazilian L/S Equity Value Bias Fund Backtest Results of VaR Estimates Generated by 
Different Models 

 Violations* Average Violation 

Residual Risk Adjusted VaR 4.76%  0.06% 

Style Model Total VaR 9.52%  0.35% 

Normal Equally Weighted VaR 11.90%  0.37% 

Normal EWMA VaR 11.90%  0.23% 

Non-Central Student t  11.90%  0.39% 

Cornish Fisher VaR 11.90%  0.37% 

EVT Pareto Tails 11.90%  0.44% 

* Expressed as a % of Number of Out of Sample Observations 

Table 5: Fundamental Multi-Strategy Fund Backtest Results of VaR Estimates Generated by 
Different Models 
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Even though the Residual Risk Adjusted VaR presented above demonstrates superior 
performance to more established measures of VaR, equation (12) suffers from the 
drawback of relying on the observed divergence of hedge fund returns from the risk 
factor based expected returns19. This can lead to significant underestimation of the 
VaR since equation (12) does not incorporate qualitatively obtained information about 
risk limits of a hedge fund strategy. Further, the potential effects of factors such as 
leverage, concentration and liquidity on the monthly P/L of the hedge fund are not 
accounted for by the model. For example, a hedge fund with no identifiable risk 
factors which has generated smooth returns will have a low market risk VaR, a lower 
out-of-sample R2 and a relatively low residual risk. Nevertheless, these returns may 
have been generated, as in the case of a Structured Credit Fund (see Figure 11), 
through the use of significant leverage and by investing in relatively illiquid markets 
with no measurable index of liquidity.  

 
Figure 11: Structured Credit Fund, Actual Returns vs. Market Risk Factor Model20 August 
2004 – August 2007 

The events of 2008 indicate that solely relying on quantitative measures of risk may 
lead to significant underestimation of potential losses. It is for this reason that in the 
following section we introduce a qualitatively driven extension to equation (12) that 
takes into account the potential losses that may be incurred from non-modelable, 
previously unobserved but rationally expected events.   

                                                 
19 Non-linear modelling methods, such as the one presented in Coste, Douady and Zovko (2009), also 
suffer from the same problem since the increasing nonlinear dependency in extreme market moves 
should be present in the data in order to allow calibration of the model and to be taken into account in 
the construction of VaR estimates. 
20 The risk factor model consists of a credit index and a mortgage backed securities index. 
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5. Tail Risk Adjustment 
The previous sections presented a framework for the analysis of hedge fund returns 
which allows the construction of a quantitative estimate of hedge fund risk. Even 
though returns based risk analysis is extremely important in hedge fund quantitative 
analysis, rigorous qualitative analysis is a mandatory addition to the quantitative 
aspects of the framework we have described. In addition to guiding the risk factor 
selection process, qualitative analysis allows thorough analysis of the potential impact 
of specific hedge fund strategy characteristics on monthly performance, especially if 
the impact of such characteristics has not been previously observed.  

Despite their often low ex ante probabilities, such unobserved or unquantifiable risk 
exposures can materially impact performance. In isolation, there is no single 
quantitative methodology that can produce the expected value of returns in the tails. 
Accordingly, we suggest a framework that can be used to incorporate a range of 
possible loss outcomes in excess of that predicted solely by assessing quantifiable 
risk. 

Previous studies have attempted to assess or incorporate qualitative information on 
hedge funds. Certain studies have focused solely on the modelling of hedge fund 
mortality (see Brown, Goetzmann and Park (2001) Gregoriou (2002) and (2003), 
Malkiel and Saha (2005), Corentin, Daul and Giraud (2006) amongst others). Others 
have tried to introduce the potential for extreme hedge fund returns at the risk factor 
modelling stage (such as Adrian and Brunnermeier (2007) or Coste, Douady and 
Zovko (2009)). Finally, some studies have focused on the estimation of tail 
dependence coefficients between hedge funds and traditional assets (see Backmann 
and Gawron (2004)) or tried to estimate the systemic risk in hedge fund strategies (see 
Chan, Getmansky, Hass and Lo (2005)). We propose, however, the explicit 
incorporation of qualitatively derived tail loss expectations and probabilities in the 
VaR framework described above. This incorporation relies on the translation of 
qualitative research into quantitative measures which can then be used to extend the 
Market Risk and the Residual Risk based expected distributions of returns, as laid out 
in equation (12). 

Firstly, in order to explicitly incorporate a qualitatively derived estimate of tail loss 
into equation (12), we must decide on the distribution this tail follows. The excess 
loss due to the strategy specific risk is unknown and could range from a small loss to 
the more extreme loss implied by the expected recovery value of an underlying 
investment asset. As is common in practice, a tail loss is sufficiently significant to 
warrant liquidation of the hedge fund. The historical return time series of a fund 
trading as a going concern will therefore only atypically contain a tail loss 
observation. As such, it is very difficult to establish the most probable value of a tail 
return’s distribution. It is for this reason that we examine a continuous uniform 
distribution from 0 to a maximum excess loss that is qualitatively specified as of a 
particular point in time21. 

                                                 
21 For different applications of a mixture of normal and uniform distributions to model outliers or low 
probability events see Lambert et al (1993), Hanson and Westman (2002), Cochrane (2003), Shen 
(2007), and Ewens (2009).  
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Explanation & Guideline(s):

n/a Low Medium High Very High

Explanation & Guideline(s):

 How levered is the fund? Leverage can exacerbate non-
linear risk. Please use the following guidelines: if gross 
exposure is: 

n/a Low Medium High Very High
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n/a Low Medium High Very High
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Highlight As Appropriate

The Manager/Fund's Portfolio Concentration

The Manager/Fund's Portfolio Leverage

Potential impact of sales by same-sector players

Concentration (% of equity, capital or typical P&L)
 Portfolio concentration feeds into non-linear risk by 
increasing idiosyncrasy in returns. Concentration can be 
measured by the number of positions in the portfolio in 
relation to that of similar hedge funds in the same sector 

 Analyst's brief comment 

 Liquidity risk can also come from, for example, either a 
small number of large players in the sector whose sales can 
disproportionately impact prices to the downside or from a 
large number of small players that tend to long/sell/short at 
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Potential impact of portfolio sales

Brief Rationale:

 Analyst's brief comment 

Brief Rationale:

Highlight As Appropriate

Adverse P&L Impact of Sales by the Fund

Highlight As Appropriate

Highlight As Appropriate
 Can the manager/fund sell a large part of its portfolio in a 
short period of time without there being any adverse impact 
on securities prices? This will depend on many factors 
including manager/fund AuM vs. the size of their underlying 
market(s). 

Adverse P&L Impact of Sales by Other Players in the Same Sector

 ▪ 0-100%: n/a (under-invested)   ▪ 250-350% high 
 ▪ 100-150% low                             ▪ 350% (+): very high 
 ▪ 150-250%: medium  

Leverage (measured as gross exposure or other 
metric)

 
Figure 12: Example of Idiosyncratic Tail Risk Drivers Analysis Template 

Using this qualitative data, the risk manager or risk committee can then determine 
appropriate weights for the importance of each of these factors. Further, by assigning 
a score to each response, an aggregate tail risk score is rendered for each hedge fund 
in the portfolio. Again, as this process is entirely subjective, it is important, ceteris 
paribus, to assign similar scores to managers with similar risks and hence generate 
similar maximum excess loss figures. Note, however, that this process is not and 
cannot be formulaic as two hedge funds will never be identical22. Nevertheless, as 
seen in Figure 13, hedge funds with a similar weighted sum of scores have similar 
maximum expected excess losses, measured as at the end of November 2009. In the 
example provided, the maximum expected excess loss ranges from -2% for a manager 
with a liquid, diversified, long-biased portfolio to -20% for highly illiquid, 
concentrated portfolios. 

By updating the maximum expected loss estimates and weights assigned to each risk 
factor on a periodic basis, the risk manager can reflect the impact of changes in 
exposures of the underlying portfolio to the tail risk of the hedge fund in question. 
Similarly, changes in the ambient macroeconomic environment that could affect the 
magnitude or importance of tail returns can also be dynamically adjusted.  

Constructed from reasonable, intuitive building-blocks that rely on both quantitative 
and qualitative analysis of hedge fund returns, equation (13) provides for a 
straightforward approach to incorporating residual (observed, non-market risk) and 
tail risk (previously unobserved or non-modelable, non-market risk) in the risk factor 
expected distribution of hedge fund returns. The combined model takes into account 
observed out-of-sample deviations of actual returns from expected returns, given the 
available information on risk factor exposures as of the previous time step, as well as 
the expected excess loss the investor may incur due to the idiosyncratic tail risk 
drivers of the hedge fund. The same process would also apply to a portfolio of hedge 
funds. 

                                                 
22 Limited dependent or qualitative variable models can be used in order to model the maximum excess 
loss and the probability of the tail.  



 30

-50%

-40%

-30%

-20%

-10%

0%

0 2 4 6 8 10 12 14

Weighted Sum of Tail Risk Factor Scores

M
ax

im
um

 E
xp

ec
te

d 
Ta

il 
Lo

ss

Tail Risk Maximum Expected Loss vs Weighted
Sum of Tail Risk Factors Scores 
Linear (Tail Risk Maximum Expected Loss vs
Weighted Sum of Tail Risk Factors Scores )

  
Figure 13: Example of Weighted Sum of Tail Risk Factor Scores vs. Maximum Expected Loss 
Size, 58 Managers as of November 30th 2009. 

Consider the performance record of the example hedge fund in Figure 11 prior to the 
large, seemingly unexpected losses of 2007. The track record of this fund is similar to 
the hedge fund “Capital Decimation Partners” described in Chan, Getmansky, Haas 
and Lo (2005). In this case, the out-of-sample R2 of equation (13) would be zero and 
the fund’s returns would have been expected to follow a normal distribution driven by 
the minimal residual risk, absent the addition of the tail risk parameter. However, 
equation (14) generates a conservative estimate of expected excess losses the hedge 
fund may incur due to underlying, qualitative risks associated with inherent, 
structured leverage and limited liquidity. Evidently, in this example, the expected 
returns for the hedge fund are not solely driven by the variation of historical returns 
(residual risk) and the distribution of returns is not normally distributed but has a large 
left tail. 

Figure 14 presents a typical example of the residual and tail risk adjusted expected 
returns distribution for a hedge fund. If returns deviate, either to the upside or 
downside, from the risk factor model expectations in the out-of-sample period, 
equation (14) leads to higher dispersion of potential future returns, signifying higher 
uncertainty in relation to the model. As indicated, this also has the benefit of allowing 
for time-varying hedge fund portfolio exposure or positioning. Should the qualitative 
analyst suspect the risk factor model of no longer adequately reflecting the fund’s 
positioning (i.e. model ‘staleness’), the weight assigned to risk factor based expected 
returns can be set to zero. In this latter case, the expected distribution of returns will 
be driven solely by the observed variation of returns and the qualitative estimate of 
the tail risk expected excess loss23. 

                                                 
23 Note that it is relatively straightforward to replace risk factors and factor loadings with qualitatively 
derived exposures if such information is available. 
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to a particular country or region will be correlated to the downside in 
the event of a regional tail risk materialising.  

2. Asset Class 

Represents a qualitative classification of the principal underlying asset 
class to which the hedge fund exposes the investor. Often due to issues 
such as financing and clustering of natural buyers/sellers, correlated 
tail risks may materialize across the same or similar asset class(es).  

3. Risk Exposure 

A qualitative indicator that takes the value 1 if the manager is long 
risky assets or -1 if the manager is short risky assets or is treated as a 
natural hedge to the remainder of the portfolio. 

4. Liquidity 

A score of liquidity as quantified in Figure 12. Illiquid portions of the 
portfolio can be expected to be correlated in tail events that are related 
to liquidity.  

5. Sub-Strategy 

Similar strategies increase the likelihood of similar portfolio 
construction metrics and therefore similar embedded risk factors – or 
spreads – to which the funds can be exposed. Funds are qualitatively 
classified according to their portfolio strategy. 

6. Location 

Hedge funds managed by investment advisors domiciled in the same 
city/region may be exposed to exogenous weather, terrorism or other 
‘force majeure’ tail risks. 

7. Prime Brokers 

Hedge funds that share such service providers may incur correlated tail 
risk events borne of failure, in whole or in part, of those service 
providers. Among others, tail risks related to prime brokers include 
financing cost increases (decreases in availability of financing) and re-
hypothecation of hedge fund portfolio positions. 

In order to translate this qualitative information into a correlation matrix, the risk 
manager has to assign weights of importance to each of these criteria and then by 
assigning a correlation of 1 if the manager has the same characteristic, and zero (or -1) 
otherwise, the risk manager can construct valid correlation matrices that can be 
aggregated into a qualitatively driven tail correlation matrix. Through the use of 
copulas, the uniformly distributed correlated tail excess losses of individual managers 
can be turned into a maximum expected portfolio excess loss where the probability of 
a tail event is the weighted average probability at the manager level.  

7. Conclusions 
Hedge funds expose investors to a variety of risks; some of which can only be 
qualitatively analysed. Previous studies have focused on the extension of traditional 
asset pricing models in order to quantitatively induce non-normality of expected 
hedge fund returns or in order to allow extreme market moves to cause tail returns in 
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the underlying hedge fund. This paper is the first, to our knowledge, to propose a 
methodology that combines qualitative as well as quantitative information in order to 
build a set of distributions of expected returns that explicitly take into account Market, 
Residual and Tail Risk.  

Based on the qualitative understanding of a given hedge fund strategy (or of a 
portfolio of hedge funds), we propose a methodology for the construction of a 
currently relevant risk factor model that relies on the out-of-sample explanatory 
power of the risk factors, as well as other statistical criteria. This methodology can be 
used in order to reduce a set of candidate risk factors to the set of current risk drivers 
but can also be used to identify exposure to other perhaps undesirable risk factors. 
Using multivariate linear regression, we estimate risk factor exposures and then use 
Monte Carlo simulation within the risk factor framework to construct the market risk 
based expected distribution of returns. Through the use of copula dependence 
modelling, we allow the model to use the best data generating process for each risk 
factor and also allow for fatness in the tails of the joint distribution of risk factor 
returns. 

We then proceed to use the out-of-sample errors of the risk factor model in order to 
construct a conservative estimate of residual risk that is mixed with the market risk 
based distribution of expected returns. This differs significantly from previous studies 
where the in-sample residual variation is used as a measure of specific risk. The out-
of-sample R2 of the model is used as the weight the risk manager should assign to the 
market risk based distribution of expected returns and hence our model ‘self-corrects’ 
when actual returns deviate significantly from the model expectations. Moreover, in a 
portfolio setting the residual risk is not assumed to be orthogonal between hedge 
funds and hence the framework allows for the inclusion of potential correlation driven 
by emerging risk factors not yet captured by the model. 
Finally, we present a methodology that allows the incorporation of qualitative 
information into the risk measurement framework so as to generate a tail risk adjusted 
expected distribution of returns. Qualitative information regarding the potential 
impact of market related events or manager specific characteristics, even if this 
impact has previously not been observed, is quantified and translated into a maximum 
expected excess loss distribution that is mixed with the market risk based and residual 
risk based expected distributions of returns. We further describe a framework for 
qualitatively setting the probability and correlations (in a portfolio setting) of tail risk 
based expected distributions of returns. Our framework can be used by hedge fund 
investors to measure, monitor and manage the quantifiable and unquantifiable risks 
present in hedge fund portfolios.   
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We then proceed to identify the number of times the actual return of the S&P 500 
violates the 95% VaR from each technique, reported as a percentage of the out-of-
sample number of observations. We also present the average violation size. The 
results are reported in Table 6. The results indicate that even though the VaR 
computed under the assumption of normality of returns using the in sample mean and 
volatility of returns as parameters leads to the fewest violations, the VaR calculated 
using the Exponential Smoothing estimate of returns and volatility leads to much 
lower average violations. Moreover, over such a long period the in sample estimate of 
expected returns and volatility will vary very little across time and thus perhaps lead 
to a much larger estimate of VaR on average.  

For this reason and in order to ensure that keeping the starting point of the sample 
fixed in the calculation of the VaR does not significantly affect the results in favour of 
the Exponential Smoothing methodology which is more responsive, we repeat the 
exercise for all methodologies, except for the Exponential Smoothing, using a 36 
month rolling window. The results of this exercise are presented in Table 7. 

 % of Violations Average Violation 

Historical VaR 36 Months 7.67% -2.70% 

Normal VaR 36 Months 6.63% -2.77% 

Cornish Fisher 36 Months 6.01% -2.80% 

EVT Pareto Tails 36 Months 6.20% -2.60% 

Student t 36 Months 7.48% -2.78% 

GARCH(1,1) 36 Months 7.91% -2.55% 

Exponential Smoothing 5.71% -2.68% 

Table 7: S&P 500, February 1874 – November 2009, Number of VaR Exceedences in Out-of-
Sample Test of Different 95% VaR Calculation Methodologies Rolling 36 Month Window. 

Note that in this case the Exponential Smoothing model which is easy to implement, 
leads to the fewest violations and has comparable average violations to the other 
models. This result however cannot be generalised to other indices. We repeat the 
same exercise on the CRB Commodities Index28 for the period October 1956 – 
November 2009 and the results are presented in Table 8. For this index, the 
GARCH(1,1) model leads to the fewest and the smallest average violations.   

However, when we repeat the exercise and compare the Exponential Smoothing VaR 
to the VaR estimated by the other methodologies using a rolling 36 month window the 
results, presented in Table 9, indicate that again the Exponential Smoothing 
methodology leads to fewer violations with comparable average violations.  

                                                 
28 Source Bloomberg (CRY Index) 
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 % of Violations Average Violation 

Historical VaR 8.14% -2.52% 

Normal VaR 6.15% -2.43% 

Cornish Fisher 9.97% -2.52% 

EVT Pareto Tails 7.64% -2.49% 

Student t 6.81% -2.45% 

GARCH(1,1) 5.15% -1.29% 

Exponential Smoothing 5.65% -1.65% 

Table 8: CRB Commodities Index, October 1956 – November 2009, Number of VaR Exceedences 
in Out-of-Sample Test of Different 95% VaR Calculation Methodologies. 

 % of Violations Average Violation 

Historical VaR 36 Months 8.14% -2.52% 

Normal VaR 36 Months 6.15% -2.43% 

Cornish Fisher 36 Months 9.97% -2.52% 

EVT Pareto Tails 36 Months 7.64% -2.49% 

Student t 36 Months 6.81% -2.45% 

GARCH(1,1) 36 Months 5.15% -1.29% 

Exponential Smoothing 5.65% -1.65% 

Table 9: CRB Commodities Index, October 1956 – November 2009, Number of VaR Exceedences 
in Out-of-Sample Test of Different 95% VaR Calculation Methodologies Rolling 36 Month 
Window. 
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Appendix 2 
Violation Frequency Total Risk VaR Residual Risk Adjusted VaR 

S5COND Index 3.96% 2.97% 

S5HLTH Index 3.96% 2.48% 

S5ENRS Index 4.46% 1.98% 

S5INFT Index 4.46% 1.98% 

S5MATR Index 4.95% 2.97% 

S5FINL Index 5.45% 3.96% 

S5INDU Index 5.45% 4.46% 

S5CONS Index 5.94% 3.96% 

S5UTIL Index 8.42% 4.95% 

S5TELS Index 9.41% 1.98% 

Table 10: S&P 500 Sectors Single Index Model, February 1993 – November 2009, Number of 
VaR Exceedences in Out-of-Sample Test of Traditional Total VaR and Residual Risk Adjusted 
VaR 

 

Average Violations Total Risk VaR Residual Risk Adjusted VaR 

S5COND Index -0.17% -0.12% 

S5HLTH Index -0.08% -0.05% 

S5ENRS Index -0.13% -0.04% 

S5INFT Index -0.21% -0.08% 

S5MATR Index -0.18% -0.11% 

S5FINL Index -0.37% -0.21% 

S5INDU Index -0.23% -0.16% 

S5CONS Index -0.14% -0.07% 

S5UTIL Index -0.15% -0.05% 

S5TELS Index -0.17% -0.02% 

Table 11: S&P 500 Sectors Single Index Model, February 1993 – November 2009, Average of 
VaR Exceedences in Out-of-Sample Test of Traditional Total VaR and Residual Risk Adjusted 
VaR 
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 Annualised Return Annualised Volatility Worst Drawdown Total Return 

S5COND Index 4.64% 18.29% -56.24% 114.60% 

S5HLTH Index 7.15% 15.99% -39.90% 219.95% 

S5ENRS Index 9.59% 18.59% -49.76% 367.42% 

S5INFT Index 9.76% 28.54% -80.35% 379.73% 

S5MATR Index 4.27% 20.57% -57.87% 102.12% 

S5FINL Index 3.91% 22.89% -80.05% 90.69% 

S5INDU Index 5.44% 17.68% -60.24% 143.94% 

S5CONS Index 5.99% 13.42% -31.21% 166.21% 

S5UTIL Index 1.51% 16.29% -58.58% 28.77% 

S5TELS Index 0.27% 21.10% -76.11% 4.61% 

Table 12: S&P 500 Sectors Passive Investment Statistics, February 1993 – November 2009  

 

 

 Annualised Return Annualised Volatility Worst DD Total Return 

S5COND Index 4.28% 15.88% -49.68% 102.38% 

S5HLTH Index 5.75% 13.29% -37.32% 156.44% 

S5ENRS Index 7.49% 13.59% -34.11% 237.35% 

S5INFT Index 8.05% 23.93% -74.12% 268.39% 

S5MATR Index 3.65% 16.42% -48.64% 82.91% 

S5FINL Index 4.49% 18.69% -67.55% 109.32% 

S5INDU Index 5.18% 15.29% -54.80% 134.10% 

S5CONS Index 6.11% 11.16% -26.13% 171.27% 

S5UTIL Index 1.89% 13.12% -54.81% 37.10% 

S5TELS Index 1.22% 16.35% -63.13% 22.61% 

Table 13: S&P 500 Sectors Residual Risk Adjusted Based Equivalent VaR Strategy Investment 
Statistics, February 1993 – November 2009 
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