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Abstract

The emergence of managed account platforms for investing in hedge

funds has given the investor access to a range of new risk measures. This

study analyses the accuracy of various Value at Risk (VaR) methodologies

in the context of hedge fund investing. We found that in our sample of data,

position-based VaR provides the best risk assessment measure for short hori-

zons whereas for longer term horizons, VaR can sometimes be inaccurate.

Our interpretation is that despite being based on actual underlying posi-

tions, position-based VaR is not designed to capture the dynamic of hedge

fund portfolios. Over longer term horizons, VaR calculated using historic

returns still provides a rough but reliable risk indicator for the investor.

Our study also highlights the importance of regular monitoring of any risk

model’s accuracy in its specific context.

1 Introduction

Value at Risk (VaR) is the most commonly used measure in risk assessment. It

is meant to be the answer to a simple question: how much can an investment

depreciate with a given probability over a pre-set horizon? What makes VaR

attractive is its ability to aggregate several risk dimensions into one number that

is easily interpreted and understood. In the context of hedge fund investing, the

use of VaR poses a certain number of issues. There is obviously the debate about

technicalities and assumptions made for the statistical modelling of the data (as

with any other assets). These debates sometimes leave aside a major specificity of

hedge funds, namely that a hedge fund is not a static asset class [1]. Hedge funds

have evolved significantly over the years, but their main feature is their dynamic

nature. The rate of change of hedge fund’s underlying investment depends on
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the strategy employed and the market environment. In the early years of the

alternative industry, transparency was very limited. Typically, the only available

data were the historic returns of the manager/strategy. The VaR methodologies

were, therefore, limited to return-based analysis. With the emergence of managed

accounts where investors can gain full transparency on the underlying investments,

the risk manager is given more options. Position-based VaR seems a-priori a more

accurate way of measuring the overall risk of a portfolio [2]. However, given the

potential dynamic nature of hedge funds, what is the benefit of using position data

knowing that the portfolio that is being analysed may change completely within

the time horizon that is being considered? In this paper, we examine the accuracy

of various VaR methodologies when compared with a benchmark VaR computed

using daily position data. The daily position and historic return data are taken

from a number of hedge funds available on the Sciens Capital managed account

platform.

2 Data and methodology

2.1 What is a managed account?

Most hedge fund managers are reluctant to disclose their positions and the in-

formation they provide to investor tends to be opaque. Transparency has been a

long term issue for investment managers and, particularly, for risk managers as-

sessing the risk of hedge fund investing. One answer to improving the framework

of hedge fund investment has been the development of managed accounts. A man-

aged account is an investment vehicle that can be used to replicate any alternative

strategy. The hedge fund manager becomes the account trading advisor and repli-
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cates his investment book on the account. However, he no longer has entire control.

The investor himself or a third party becomes the legal fund manager and, in this

way, has full transparency of the current portfolio exposure. For many investors,

though, setting up a trading account can be time-consuming and economically non

viable. The answer to this has been the emergence of managed account platforms

which undertake to set up the structure and manage the day-to-day operations. A

platform can also offer the investor a range of investment strategies and additional

services such as monitoring specific investment restrictions, assuring compliance

with particular regulatory constraints and initiating bespoke reporting require-

ments. In the area of risk management, this transparency feature is of paramount

interest only if the platform provider is able to translate the complex trades into

consolidated reports. It is the collation of the aggregated data on a daily basis into

portfolio exposures that is truly valuable, as few investors have the resources to

administer hedge fund investments themselves. From the platform provider, the

investor can obtain information from both a return-based and position-based per-

spective. The objective of this paper is to determine to what extent both measures

are useful.

2.2 Data sources

The data used in this study come from different sources. We have obtained daily

position-based VaR on fourteen accounts over a period of sixteen months between

October 2010 and February 2012. This data is calculated daily by RiskMetrics

and is based on the end-of-day position-level data available to the platform oper-

ator. Position-based VaR is calculated using RiskMetrics’ 2006 methodology (RM

2006). It is based on a Monte Carlo simulation of all underlying risk factors in
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the portfolio with full revaluation of all securities. It is assumed that returns fol-

low a student’s T distribution with five degrees of freedom and that the ex ante

volatility of the portfolio can be modelled by a long memory ARCH process. The

position data are obtained from various brokerage counterparties contracted to

the platform. Daily positions are thoroughly verified and checked before being

processed by RiskMetrics. The accounts’ Net Asset Values (NAVs) are obtained

from the platform operator and are calculated daily by a third party valuation

agent. For each account on the Sciens platform, the historic monthly track record

of the manager (benchmark fund) is obtained directly from the trading advisor.

Funds for which the account settings implied a significant drift from the trading

advisor’s original strategy (e.g. as a result of investment restrictions or change of

mandate during the life of the account) were not included in the analysis.

2.3 VaR methodologies

A number of models exist for estimating VaR and each model has its own set of

assumptions. When historical returns are the only data available, the choice is lim-

ited to the assumption made about the shape of the probability density function

of the return distribution. The most common assumption is that historical returns

follow a normal distribution with a constant mean µ and variance σ2 estimated

using the historic return from the sample. This leads to the common Gaussian

VaR which is simply calculated as the α-quantile of the normal distribution with

mean µ̂ and variance σ̂2. However, the assumption of normality has been con-

tradicted by a number of empirical studies [3]. The return distribution of hedge

funds typically exhibits non-normal patterns, which invalidates the Gaussian ap-

proximation. Several alternatives have been proposed. In this study, we used the
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Cornish-Fisher expansion of the VaR because of its relative simplicity over more

advanced and complex methods [4]. The Cornish-Fisher methodology takes into

account two particular characteristics of hedge fund returns: i) the asymmetry:

more frequent returns above the mode than below or vice versa and, ii) the occur-

rence of extreme return values significantly more or less prevalent than expected

in a normal distribution. Statistically, these two characteristics are measured by

the skewness and kurtosis of the distribution. The calculation is not radically dif-

ferent from the Gaussian method. However, the quantile used in this calculation is

adjusted by the third and fourth moments of the distribution. The calculation is

based on mathematical properties of quantiles of any random variable which can

be approximated by its first moments. The quantile is calculated as yα = µ+ σxα

where µ and σ are the mean and standard deviation of the return distribution (α

is the quantile being considered - typically 1% or 5% for a 99% or 95% VaR). The

term xα is calculated as

xα = zα + 1
6
(z2α − 1)γ1 + 1

24
(z3α − 3zα)γ2 − 1

36
(2z3α − 5zα)γ21

where γ1 and γ2 are the skewness and kurtosis of the return distribution and zα

is the α-quantile of the standardised normal distribution. The time horizon of the

calculated VaR is determined by the original frequency of the data used in the

calculation. When using the mean, volatility, skewness and kurtosis of a monthly

return time series, the resulting VaR is for a one month horizon. However, the

value can be transformed into a VaR for an any time horizon by multiplying the

original VaR by the factor
√

Tdest
Tsource

, where Tsource is the original frequency of the

VaR and Tdest is the frequency of the desired time horizon. For instance, to convert

a one month VaR into a daily VaR, the factor to use is
√

1
20

(we assume one month

is equivalent to 20 trading days).
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2.4 VaR backtesting

The evaluation of VaR accuracy is far less controversial. Given a α-VaR value,

one needs to evaluate the frequency of VaR breaches (how many times the actual

return was below the predicted VaR level). By definition, the expected value of

the frequency of α-VaR breach events is α: on average, we expect the 95% daily

VaR to be breached once in twenty trading days. If there are significantly less

than the expected VaR breaches, the VaR is overly conservative. If there are

more, the proposed VaR model underestimates the portfolio’s actual level of risk.

This analysis is referred to as the unconditional coverage property: the probability

of realising a loss in excess of the reported α VaR must be precisely α. Several

statistical tests can be used to formally examine if this condition is verified [5]

[6]. In this study, we used Kupiec’s test [7] to assess the statistical significance

of the estimated unconditional coverage of the different VaR methods. The test

derives from the assumption that the number of α-VaR breaches follows a binomial

distribution with parameter α. It is a straightforward log-likelihood ratio test that

is expressed as:

POF (N,Nα) = −2 log

((
1 − α̂

1 − α

)N−Nα ( α̂
α

)Nα)

where N is the sample size, Nα is the number of exceptions, α̂ is the sample

frequency of α-VaR breaches (α̂ = Nα/N) and α is the VaR level being considered

(e.g. 1%). Under the null hypothesis (alpha = α̂), this statistic follows a χ2

distribution with one degree of freedom. One of the commonly cited limitations of

the above test is that it is undefined when α̂ = 0. We suggest that the test can be

extended to the situation where no VaR breaches are observed in the sample (e.g.
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α̂ = 0). 1 In this case, the log-likelihood ratio test expression is reduced to:

POF0 (N, 0) = −2N log (1 − α)

The second expected property of an accurate VaR model is the statistical inde-

pendence: the occurrence of an event should not be related to the occurrence

of any other event in the sample. For instance, exceptions have to be randomly

spread over time. Clustering of exceptions would indicate some form of failure to

capture or adapt to a rapid change in a market environment and some form of

time dependency that is not desirable. Independence is a more difficult subject

for a statistician. The difficulty lies with the limitation of the hypothesis testing

framework which requires distributional assumption of the data under the alter-

native hypothesis. While there are a number of ways statistical independence can

be violated, there are also as many (e.g. infinite) possible statistical tests for this

independence. For practical purposes, we are mostly interested in time clustering

and several statistical tests have been suggested [8]. The Christoffersen contribu-

tion is aimed at reducing the problem of determining the accuracy of a VaR model

in an analysis of whether or not hit sequences (VaR violations) satisfy the uncon-

ditional coverage and the independence property [5]. Christoffersen’s Markov test

of independence property examines whether the likelihood of a VaR violation de-

pends on whether or not a VaR violation has happened the day before. According

to the independence property, a violation that has happened in the past may not

give an indication of whether an additional VaR violation may occur in the future.

1When no failure is being observed in the sample, the log-likelihood of the observation is

simply proportional to N log (1 − p) which is maximum for p = α̂ = 0 (i.e our best estimate of

the actual failure rate is 0). Under the null hypothesis that p = α, the likelihood is N log (1 − α).

The log-likelihood ratio test therefore simplifies into:

2N log (1 − α̂) − 2N log (1 − α) = 2N log (1) − 2N log (1 − α) = −2N log (1 − α).
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The test supposes that the hit sequence follows a first-order Markov sequence with

a switching probability matrix. Consider a binary first-order Markov chain with a

transition probability matrix:

Π =

1 − π01 π01

1 − π11 π11


where πij is the probability of an i on day t - 1 being followed by a j on day t. The

test of independence (ind) is then H0,ind : π01 = π11. The approximate likelihood

function under H0 is:

π2 = (n01+n11)
n

LRH0= (1 − π2)
(n00+n10)π

(n01+n11)
2

where nij is the number of observations with value i followed by j. The approxi-

mate likelihood function under H1 is:

π01 = n01

n00+n01
π11 = n11

n10+n11

LRH1 = (1 − π01)
n00πn01

01 (1 − π11)
n10πn11

11

The likelihood ratio test of independence is asymptotically distributed as a χ2 with

one degree of freedom:

LRind =−2(log(LRH0) − log(LRH1))

The idea is that clustered violations point out a risk model inaccuracy. In our

study, the problem is compounded by the fact that we have considered rolling

periods for VaR horizons of five and twenty days. For these horizons, we would

expect pairs of VaR violations to be naturally clustered when using overlapping
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rolling windows - even if the data are independent. The proposed test of indepen-

dence would not be able to determine to what extent observed clustering is purely

random or the result of an issue with the VaR model. To address this, we have

calculated the distribution of the frequency of pairs of VaR violations in consecu-

tive overlapping time windows under the null hypothesis by simulation. For each

simulation, we have used an independent random sample of a normal deviate and

calculated the number of consecutive VaR violations in periods of five and twenty

days. Each simulation was repeated ten thousand times in order to obtain the

probability distribution of consecutive VaR breaches. These values were used in

our test of independence. A violation of the independence property will highlight

the fact that VaR violations happen in pairs and that the VaR measure is slow

to adjust to market changes. Both the unconditional coverage and independence

property analyse a dimension of an accurate VaR model.

The self evaluation of VaR models is a routine part of regulatory compliance

for banks and financial institutions. The Basel Committee (1996) [9] set up a

regulatory backtesting framework consisting of comparing the last 250 daily 99%

VaR estimates with corresponding daily trading outcomes. In essence, this is a

practical implementation of Kupiec’s test for unconditional coverage. The com-

mittee classifies backtesting outcomes into three categories: green, yellow and red

which roughly correspond to critical values of Kupiec’s test (0.05 and 0.0001). VaR

models are classified into colour categories according to the observed number of

exceptions.

10



3 Results

An example of the different VaR models is illustrated on Fig 1. It shows three

time series corresponding to the three VaR methods that have been used in this

study for one randomly selected account. The position VaR varies significantly in

the period with occasional peaks. By contrast, historic return-based VaRs are very

smooth, with occasional jumps. This is to be expected since the distribution of

historic returns is stable, relative to the underlying position in the account which

can change daily. The monthly return VaR appears to be lower (in absolute value)

than both the position and historic daily return VaRs. This is because, in this

example, the historic monthly track record had a lower historic volatility than that

observed during the study period. This obviously varies from one account to the

other.

Unconditional coverage analysis was carried out on rolling windows by compar-

ing the following n-day actual return (n ranging from one to twenty trading days)

to the VaR available on the first day of the period. VaR values were adjusted for

the corresponding time horizon (see Methodology). Results are presented in Table

1. For a one day horizon, the accuracy of the position-based VaR was perfectly

satisfactory with a 1.1% failure rate. This compares with 1.9% and 1.4% failure

rates for the monthly return and daily return-based VaR respectively. As explained

above, if the VaR model is adequate, we expect the failure rate to be 1% plus some

sample variation. Results by strategy give more insight into how the different VaR

models perform. In the diversified managers group (two funds), we found that the

daily position VaR significantly underestimated the risk, with a near 3% failure

rate, but was quite satisfactory for other strategies. For the one day horizon, the
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Figure 1: Example of VaR Time Series
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accuracy of return-based VaR is mixed, ranging from a too conservative model

(failure rate of 0% for relative value) to a very serious underestimation of the risk

(3% failure rate for managed futures).
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Table 3: Independence Test Results by Time Horizon

VaR methodology 1 Day 5 Days 20 Days

Position 0.093 0.173 0.071

Historic Daily 0.093 0.116 0.274

Historic Monthly 0.005 0.004 0.091

Approximate p-values of the test of independence are shown on Tables 2 and

3. Position and daily return VaR violations appear to be independent from each

other on a one day horizon, as indicated by p-value greater than 0.01. When using

a monthly return VaR, there is a significantly high number of pairs of successive

VaR violations. On the five and twenty day horizons, there is again no evidence of

particular clustering when using both the position and daily return VaRs. Monthly

return VaR is the worst affected, particularly on a short term horizon, but appears

acceptable on a twenty day horizon. As with the coverage test, there are large dis-

crepancies in model adequacy between strategies. For equity-variable managers,

we found relatively strong evidence of time dependency in the VaR violation pro-

cess in all three methods. Results for longer time horizons lead to more surprising

results. Overall VaR violations for up to twenty days horizon (e.g. one month)

are plotted on Fig 2. The accuracy of the position VaR appears to deteriorate

as the horizon increases (with the failure rate stabilising around 2%). But, inter-

estingly, return-based VaR accuracy appears to improve as the horizon increases.

The daily return VaR appears to be very well calibrated (with the failure rate

stable around 1% from ten to twenty days horizon). The accuracy of the monthly

return VaR improves markedly and performs as well as, if not better, than both
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Figure 2: Frequency or VaR Breaches by Time Horizon
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the position-based VaR for horizons of ten days and above. The analysis by time

horizon and strategy is difficult to interpret. First, the number of observations -

and therefore the statistical power - is obviously reduced. A failure rate of 0%

- when 1% is expected - is not completely surprising when the total number of

observations is one hundred (in fact, the p-value of the coverage test is 0.15 and

the null hypothesis would not be rejected in this case). There are large variations

between strategies regarding the change of coverage with a time horizon. The

position-based VaR appeared to be over conservative for diversified and relative

value and to significantly underestimate the risk in equity variable bias and macro

managers. Return-based VaR showed the same trend except in macro where there

is a divergence in the VaR model’s performance over a longer time horizon. How-

ever, given the low number of observations, these results should be considered with
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caution.

4 Discussion

We are conscious that our data sample has a number of biases. First, it is not

representative of the alternative industry. Most managers on managed account

platforms are on more liquid edge of the whole alternative investment universe.

Our sample of managers is no different: the largest group falling into either CTA

or macro groups. Liquidity is known to lead to an underestimation of risk in gen-

eral. One other limitation of our study is the use of net daily performance when

evaluating the accuracy of the position-based VaR when the latter is applicable

to gross returns. Net returns would typically have a slightly lower average and

lower volatility. Because each effect would have an opposite impact on a per-

fectly calibrated VaR, it is difficult to evaluate the combined effect on the results.

Return-based VaR is calculated using net of fee returns. The period of analysis

could also be influential. The European sovereign debt crisis reached its culmi-

nation in the middle of the study period. These events, and the simultaneous

market reactions, could be considered as tail events for which most VaR models

are not very well prepared. This could explain why some VaR models appear to

significantly underestimate the portfolio risk.

5 Conclusion

Reassuringly, position-based VaR appears to be the best indicator in our sample

for short term risk management, at least from the hedge fund manager’s point of

view. However, the investment horizon of the average hedge fund investor would
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typically be several months, if not years. Investors are also generally restricted by

the liquidity terms of a fund and the number of hedge funds offering daily liquidity

is very limited. The accuracy of the position VaR over a typical investment horizon

or over the dealing frequency is more debatable. In strategies that involve a good

degree of turnover, position-based VaR could be misleading when extrapolated

to longer time horizons. Interestingly, we found that for a longer term inference,

a more traditional, simple historic return-based analysis could also provide very

accurate results. This could be because an historic return would naturally incor-

porate the dynamic of the strategy. Nonetheless, a one day horizon risk indicator

remains an extremely valuable tool for investors. It can be used to evaluate how

the trading advisor manages the risk of the portfolio. For instance, one can look

at the timing of VaR changes adjusted for the current market conditions as an

indication of how the trading advisor is controlling the risk of the portfolio.

The answer to the initial question of whether return-based or position data is best

is therefore not beyond dispute. From the fund manager’s perspective, there is

no doubt that position-based VaR provides the best instantaneous picture of the

risk of a portfolio. From the investor’s risk management perspective, however,

an instantaneous risk picture could be of less use for typical weekly or monthly

dealing periods. Its use for purely risk management purposes could therefore be

limited. Conversely, return-based analysis appears very inaccurate over very short

term horizons but can provide accurate information over the longer term. Our

interpretation is that return-based analysis incorporates the dynamic nature of

hedge funds. The study also highlights the importance of the regular monitoring

of the accuracy of any chosen risk model.
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