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Investor interest in defensive equity strategies has grown tremendously in the wake of the global 
financial crisis.

While defensive strategies are designed to lower exposure to market risk so as to provide relative 
downside protection in bear markets, they have also returned sterling risk-adjusted performance 
over the long term, challenging the Capital Asset Pricing Model's central prediction of a linear 
relationship between market risk and return. 

In this paper, we observe that the Low Risk “anomaly” has spurred advances in theoretical and 
empirical asset pricing that have laid the ground for multi-factor investing – the investment 
approach that aims to harvest the returns associated with various identified risk dimensions beyond 
market risk. However, these developments have not explained away the Low Risk phenomenon. Its 
empirical persistence has been justified by behavioural and risk-based explanations, which have led 
to the acceptance of Low Risk as a factor in its own right.

Investors often fail to differentiate between defensive strategies and strategies that harvest 
the Low Risk factor. The confusion arises from the rampant marketing of defensive strategies as 
factor-harvesting strategies (and vice versa) as well as from the shared risk characteristics of the 
approaches in the long-only unleveraged setting most familiar to investors (low volatility, low 
market risk exposure, Low Risk factor exposure). Yet, it is necessary to clearly distinguish between 
these two approaches and understand their respective nature, objectives and limits if one wishes 
to design better investment solutions. 

In this spirit, we discuss the different theoretical foundations and construction steps underpinning 
Minimum and Low Volatility strategies. We also explain how typical implementation choices 
made by providers lead to similar issues for both types of strategies, notably the under-utilisation 
of correlations between stocks as a source of risk reduction and a very high concentration that 
together conspire to produce solutions containing a high degree of residual idiosyncratic risk – the 
very type of risk that is not rewarded according to standard asset pricing theory. 

We then introduce alternative approaches to limiting concentration in Minimum and Low Volatility 
strategies, describe how they are integral to ERI Scientific Beta's Smart Beta 2.0 framework, and 
explain how the latter allows for building Smart Factor Indices that are consistent with both modern 
portfolio theory and the factor investing literature as they represent well-diversified portfolios that 
are tilted along desired factor dimensions.

We show how to implement Low and Minimum Volatility strategies with Smart Factor Indices tilted 
towards the Low Risk factor, document their risk and performance using 45 years of U.S. large and 
mid-cap data, and provide comparisons against popular defensive indices over ten years for both 
U.S and Developed Markets as a whole. The Scientific Beta Low Volatility Smart Factor Indices are 
tilted towards the Low Risk factor by ranking all stocks in the universe by volatility and retaining 
the lower half of the table. The Scientific Beta Low Volatility Diversified Multi-Strategy Indices are 
intended to capture the Low Risk factor while ensuring the highest degree of idiosyncratic risk 
diversification; to do so, they weight the Low Volatility stock selection by an equal-weighted mix 
of five popular factor-blind diversification strategies. As such, they not only diversify firm-specific 
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risk but also the model risk inherent in any single diversification strategy. The Scientific Beta 
Low Volatility Efficient Minimum Volatility Indices do not attempt to maximise diversification of 
idiosyncratic risk, but instead aim to magnify the defensive character that is a by-product of the 
Low Volatility stock selection by applying a diversification strategy that explicitly targets volatility 
reduction. The Efficient Minimum Volatility weighting scheme avoids the traditional pitfalls of 
Minimum Volatility strategies by relying on individual stock volatilities and pair-wise correlations to 
minimise portfolio volatility while respecting a portfolio deconcentration budget.

The historical out-of-sample simulations over both long and short periods confirm that the 
objectives of these indices are met. Both families of indices exhibit remarkable performance and 
risk-adjusted performance relative to the broad market capitalisation-weighted benchmark. Over 
the U.S. long-term track record, annualised outperformance for the Low Volatility Diversified Multi-
Strategy and Efficient Minimum Volatility indices lies at 255bps and 265bps, respectively and 
Sharpe ratio gains are 78% and 91%. Over the decade ending December 2015, which has been 
particularly good for defensive strategies, outperformance over Developed Markets as a whole is 
304bps and 381bps and Sharpe ratio gains 112% and 156%, respectively. As should be expected, 
the Low Volatility Diversified Multi-Strategy Indices provide less downside protection but better 
upside capture than the Efficient Minimum Volatility Indices and are thus associated with lower 
risks of underperforming the broad market benchmark over the short and medium terms and with 
higher information ratios. The better diversification of the Scientific Beta Low Volatility Indices leads 
to risk-adjusted performance that is markedly superior to that of traditional defensive strategies 
which produce comparable volatility reduction or downside protection. For illustration, while 
the ERI Scientific Beta Developed Low Volatility Efficient Minimum Volatility Index and the MSCI 
World Minimum Volatility Index produce the same volatility reduction and comparable downside 
protection over the last ten years, the ERI Scientific Beta index provides 205bps of additional 
performance per year, has a Sharpe ratio that is a third higher, an information ratio that is 138% 
higher and it also boasts much lower risk of short and medium-term underperformance relative to 
the broad market.

The choice between the two families of Scientific Beta Low Volatility Indices will depend on the 
investor's level of risk aversion and, more globally, on their risk allocation objective. If the objective 
is to introduce the Low Risk factor into the risk factor allocation menu, then the Scientific Beta Low 
Volatility Diversified Multi-Strategy Indices are the natural candidates. On the other hand, if the 
objective is to achieve the lowest absolute risk for the equity allocation, then the Scientific Beta Low 
Volatility Efficient Minimum Volatility Indices are to be favoured.

Being concentrated in the Low Risk factor, the aforementioned indices miss out on the rewards 
associated with other factor tilts. In addition, their design implies a constantly low exposure to 
market risk which provides relative downside protection in bear markets but causes them to trail 
the broad-market capitalisation-weighted index in bull markets. In the final part of this paper, we 
introduce the Scientific Beta EDHEC-Risk Relative Volatility benchmarks which rely on a risk-based 
allocation model engineered by EDHEC-Risk Institute to dynamically allocate to the whole range 
of ERI Scientific Beta Smart Factor Indices carrying long-term risk premia, with a view to delivering 
a pay-off profile that combines significant downside risk protection and excellent upside capture.
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We explain how, relying on the persistence of volatility and the negative relationship between 
volatility and returns, these benchmarks target a constant reduction in relative volatility that 
allows the defensive character of the strategy to adjust to market conditions. The allocation model 
maximises the effective number of included Smart Factor Indices across six strategic tilts and five 
weighting schemes, subject to the volatility reduction constraint. To promote low turnover and 
robustness, the allocation is revised quarterly on the basis of volatilities and correlations measured 
over the previous two years. When market volatility is high, the allocation leads to concentration 
into the most defensive indices. Since high volatility is typically associated with bear markets, this 
defensive allocation tends to produce relative downside protection. Conversely, when market 
volatility is low, the volatility reduction constraint is less strong and allows allocation to be broadly 
diversified across the 30 Smart Factor Indices. This more balanced allocation better captures the 
upside that is typically associated with low volatility environments. 

The historical out-of-sample simulations over both long and short periods confirm that the 
benchmark, implemented with a minimum targeted volatility reduction of 10%, delivers the 
expected benefits. Applied to the U.S. long-term track record, this dynamic dissymmetric defensive 
solution delivers returns that are significantly higher than those of the Low Volatility Smart Factor 
Indices and produces Sharpe ratio gains on par with these indices. The benchmark's higher 
outperformance and lower tracking error — a result of its dissymmetric defensive profile and 
the exploitation of decorrelation opportunities across both the factor and weighting scheme 
dimensions — combine to produce an exceptionally high information ratio for a defensive 
strategy. On average, the Scientific Beta EDHEC-Risk Relative Volatility (90%) benchmark is found to 
outperform the broad market in both bull and bear environments, in stark contrast with Low and 
Minimum Volatility strategies. Its excellent upside capture properties allow it to, over the short and 
medium term, boast probabilities of underperforming the broad market that are even lower than 
those of the ERI Scientific Beta Low Volatility indices. Over the last ten years, the Scientific Beta 
EDHEC-Risk Relative Volatility (90%) benchmark displays the same qualities of significant downside 
protection, superior upside capture, low tracking error, a superior information ratio and superior 
probabilities of outperforming the market in the short and medium term. In a decade that has been 
particularly beneficial to highly defensive strategies, it does not outperform the more defensive 
ERI Scientific Beta Low Volatility Indices on a return or Sharpe ratio basis, but it nevertheless holds 
its ground against equally and more defensive indices provided by third parties. For illustration, 
relative to the MSCI World Minimum Volatility Index, the Scientific Beta EDHEC-Risk Relative 
Volatility (90%) benchmark adds 93bps per annum to performance. While it delivers a similar 
Sharpe ratio, its information ratio is about three times that of the MSCI index and it also boasts 
vastly higher probabilities of outperformance over the short and medium term.

We thus show that the Scientific Beta EDHEC-Risk Relative Volatility (90%) benchmarks are excellent 
compromises between performance and downside protection. Compared to unconditional 
defensive strategies, they exhibit excellent upside capture, exceptional information ratios and much 
higher probabilities of outperformance in the short and medium term. Whereas the ERI Scientific 
Beta Low Volatility indices correspond to allocation complements and possible tactical allocation 
instruments, the Scientific Beta EDHEC-Risk Relative Volatility benchmarks can be regarded as 
“core” standalone solutions, since they offer solid performance throughout the cycle thanks to their 
dynamic management of the risk budget.
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Investor interest in defensive equity strategies has grown tremendously in the wake of the global 
financial crisis and against the backdrop of renewed academic attention to defensive strategies and 
the Low Risk factor.

While defensive strategies are designed to lower exposure to market risk so as to provide relative 
downside protection in bear markets, they have also returned sterling risk-adjusted performance 
over the whole course of recent market cycles, challenging the Capital Asset Pricing Model's (CAPM) 
central prediction of a linear relationship between market risk and return. This Low Risk “anomaly” 
has justified the development of many investment strategies that highlight the reward to the Low 
Risk factor in order to justify their superior performance. 

In this context, investors often confuse being exposed to a defensive strategy, such as Efficient 
Minimum Volatility, and benefitting from the reward to the Low Risk factor. ERI Scientific Beta makes 
a clear distinction between these two approaches, which, even though they have points in common 
when applied in a long-only unleveraged setting (low exposure to market risk and exposure to the 
Low Risk factor), do not have the same objectives or the same long-term performance and risk. 

In this paper, we (i) review the place of the Low Risk factor in the asset pricing literature; (ii) discuss 
the working, benefits and limitations of traditional defensive strategies; (iii) explain how the 
design principles of ERI Scientific Beta Smart Factor Indices improve the performance of defensive 
strategies; and (iv) show how Smart Beta Solutions can dynamically draw on multiple factor sources 
of long-term outperformance to engineer dissymmetric defensive pay-offs that combine downside 
risk protection with improved upside capture.

1. Introduction
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1 - Black (1993) contends that this evidence is stronger than the corresponding evidence for the factors introduced by Fama and French (1992, 1993). Empirical 
studies documenting the performance of low risk portfolios also include Haugen and Baker (1991); Jagannathan and Ma (2003); Fama and French (2004); 
Clarke, de Silva and Thorley (2006) and Baker, Bradley and Wurgler (2011). While the aforementioned studies concern U.S. markets, the same effect has been 
documented for global equity markets by Blitz and van Vliet (2007), Baker, Nardin and Haugen (2012) and Baker, Bradley and Taliaferro (2014), among others.
2 - Hong and Sraer (2015) show how, in the presence of short-sale restrictions, disagreement amongst investors on the future cash flows of firms leads to 
overpricing of stocks. As disagreement increases with a stock's beta, high-beta stocks, which are more sensitive to aggregate disagreement than low-beta 
ones, are only held in equilibrium by optimists as pessimists are sidelined. This greater divergence of opinion creates relative overpricing of high-beta stocks. 
Analyst over-optimism regarding high-growth high-volatile stocks and insufficient discernment on the part of investors reacting to these forecasts has been 
put forward as a behavioural explanation of the Low Volatility effect by Hsu, Kudoh and Yamada (2013).
3 - Note that this is different from an irrational preference for highly volatile "lottery stocks" and "glamour stocks" that has been offered as a behavioural 
explanation for the Low Risk phenomenon.

The Low Risk factor occupies a particular place in the asset pricing literature as the performance of 
low risk strategies appears to directly contradict the central prediction of the CAPM, i.e. that returns 
should be linearly related to systematic market risk (as measured by market beta – the covariance 
between the returns of the portfolio and those of the market standardised by the variance of market 
returns). Below, we underline that the said performance is one of the strongest results in empirical 
finance, that it has spurred a rich literature on the rewarded factors in asset prices and that it is also 
supported by theoretical justifications. 

The Low Risk "anomaly" is at the origin of factor investing
The lack of empirical success for the CAPM, the founding model of asset pricing theory, prompted a 
search for better asset pricing models which led to theoretical advances starting with Black's (1972) 
restricted borrowing CAPM and, following the proposal of multi-factor models with Merton's (1973) 
inter-temporal CAPM and Ross' (1976) arbitrage theory of capital asset pricing, to the search for and 
identification of priced factors in equity returns beyond market risk, the single factor posited by the 
CAPM, and from Fama and French (1992, 1993) onwards to their inclusion in multi-factor pricing 
models.

While the Low Risk "anomaly" first documented by Friend and Blume (1970); Black, Jensen, and 
Scholes (1972), Miller and Scholes (1972) and Haugen and Heins (1972, 1975) was responsible for 
triggering the work that led to these theoretical and empirical advances in multi-factor asset pricing, 
the "anomaly" has survived to this date1 and been rejuvenated by recent theoretical work.

From Low Risk "anomaly" to Low Risk Factor
Influential work by Ang et al. (2006, 2009) finds that stocks with high total volatility underperform 
and that stocks with high recent idiosyncratic volatility have low average returns that are not 
explained by the size, book-to-market and momentum effects of Fama and French (1992, 1993) and 
Jegadeesh and Titman (1993). While a number of papers try to explain the idiosyncratic volatility 
results of Ang et al. away (see Martellini, 2013 for a review), others, such as Chen et al. (2012) defend 
it as a common phenomenon. Stambaugh, Yu and Yuan (2015) justify the negative relation between 
idiosyncratic volatility and average return by restrictions on short sales that limit the shorting of 
overpriced stocks (which they contend exhibit the negative relationship, particularly in periods of 
high investor sentiment).2 Complementing behavioural explanations of the performance of defensive 
strategies, Baker, Bradley and Wurgler (2011) note that tracking error constraints in benchmarked 
institutional management discourage arbitrage activity in both high-alpha, low-beta stocks and 
low-alpha, high-beta stocks.

Following from Black (1972, 1993), Frazzini and Pedersen (2014) present a model of leverage-
constrained investment that explains why investors seeking a high degree of market risk3 cause low 
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beta assets to outperform high beta assets on a risk-adjusted basis. They document that the "betting 
against beta" strategy, which is long leveraged low-beta assets and short high-beta assets, produces 
significant positive risk-adjusted returns. Importantly, they show that the poor returns of the strategy 
when funding constraints become tight are consistent with liquidity-constrained investors having 
to sell leveraged positions in low risk assets in bad times, providing a risk-based justification for the 
observed premium. 

2. In Search of the Low Risk Factor
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4 - ERI Scientific Beta uses state-of-the-art methods to estimate the variance-covariance matrix and has spawned imitators within the indexing industry. 
For a look at alternative approaches to estimation and a justification of Scientific Beta's approach in the context of long-only optimisation, refer 
to the White Paper titled "Estimating Covariance Matrices" for Portfolio Optimisation, available at: http://www.scientificbeta.com/download/file/
estimating-covariance-matrices-portfolio-optimisat

Understanding the two schools of traditional defensive strategies
There are two types of defensive strategies, i.e. Low Volatility and Minimum Volatility, which derive 
from different academic traditions, i.e. factor investing and modern portfolio theory, respectively, 
but can produce comparable levels of risk reduction in practice. 

While factor-investing strategies aiming to extract the Low Risk factor premium were introduced 
in a long/short setting and as such could be market neutral, their long-only unleveraged 
implementations, i.e. Low Volatility/Beta strategies, naturally acquire a defensive character as they 
overweight low risk stocks. 

Modern Portfolio Theory Minimum Volatility strategies, on the other hand, are intended to be 
defensive as they explicitly aim to identify the portfolio with the lowest risk on Markowitz's 
(1952) efficient frontier. While they give no consideration to factor exposures and explicitly rely 
on exploiting both low individual stock volatilities and low pair-wise correlations between stocks, 
Minimum Volatility strategies lead to portfolios that are dominated by Low Volatility stocks (when 
average correlations are at their long-term historical levels and to further concentration into these 
stocks in episodes of elevated correlations (see Amenc, Goltz and Stoyanov, 2011). Hence, traditional 
implementations of Minimum Volatility investing can be expected to produce portfolios that are 
dominated by low risk stocks and, as such, could indirectly produce significant exposure to the Low 
Risk factor (assuming sufficient diversification of idiosyncratic risk). 

The implementation of Low Risk factor harvesting in a long-only and zero-leverage environment 
creates a defensive risk/return profile as a by-product, while the practical implementation of 
defensive Minimum Volatility strategies will typically lead to portfolios dominated by Low Volatility 
stocks, which could potentially reap some of the benefits of the Low Risk factor as a side effect. Note 
that the confusion between Minimum Volatility strategies deriving from Modern Portfolio Theory 
and Low Volatility factor strategies owes a lot to MSCI which has been marketing its Minimum 
Volatility indices as Low Volatility Factor indices.

Nature and limits of Minimum Volatility strategies
In the Markowitz framework, the Global Minimum Variance portfolio is a remarkable portfolio that 
lies on the efficient frontier and provides the lowest possible portfolio volatility. 

Identifying this portfolio thus does not require an estimation of expected returns: the only required 
optimisation input is the variance-covariance matrix. Given the difficulty of producing reliable estimates 
of expected returns, this is an appealing feature. Naturally, estimating the variance-covariance matrix 
remains a serious challenge (dimensionality of the task, non-stationarity of risk, etc.), but considerable 
progress has been made in this area over the last 60 years.4 It should be noted, however, that the use 
of a risk model to address the dimensionality issue by indirectly estimating the variance-covariance 
matrix will necessarily impact the optimisation – in an opaque manner if the model is proprietary.

3. Traditional Defensive Strategies



From a theoretical standpoint and as explained by Tobin (1958), minimum variance portfolios are 
not optimal in the presence of a riskless asset since they are dominated by a combination of the 
optimal risky portfolio maximising the risk/return trade-off (tangency or Maximum Sharpe Ratio 
portfolio) and the riskless asset. In this context, the minimum variance portfolio only coincides with 
the optimal risky portfolio when the expected returns of all assets are identical, a rather unrealistic 
optimality condition. 

In practice however, identifying the tangency portfolio in the traditional manner is extremely 
difficult as it requires estimating the vector of expected returns for use in optimisation. Indeed, as 
shown by Merton (1980), while the accuracy of the estimator of volatility depends on the frequency 
of observations, that of the estimator of expected return depends only on the length of the 
observation period - a long history is required to estimate an expected return that is known to be 
constant, and we know that there is no reason why such an expected return should be a constant. 
In practice thus, the higher degree of estimation error associated with estimating the tangency 
portfolio in the traditional way could more than offset the benefits of an absence of optimality risk; 
therefore the minimum variance portfolio should not be rejected a priori. For illustration, Jorion 
(1985) or Jagannathan and Ma (2003) find that tangency portfolios do not perform as well as the 
Global Minimum Variance portfolios in terms of out-of-sample Sharpe ratio. 

However, even though the Global Minimum Variance portfolio is easier to estimate, there are 
nonetheless challenges in constructing this type of portfolio. Unconstrained minimum variance 
optimisation typically produces portfolios that are extremely concentrated (in a small number of 
low volatility stocks) and suffer from severe sector biases (Chan, Karceski and Lakonishok, 1999). 
Furthermore, as optimised concentrated portfolios, they should be expected to exhibit very high 
turnover if parameters are time-varying and they do (e.g. Clarke, de Silva and Thorley, 2011).

As for documentation of the concentration of Minimum Volatility portfolios, Clarke, de Silva and 
Thorley (2011) observe that their long-only minimum variance portfolio is constituted on average 
of 12% of their 1000-security universe while DeMiguel et al. (2009) note that “short-sale-constrained 
minimum-variance portfolios (...) tend to assign a weight different from zero to only a few of the 
assets.” These difficulties often result therefore in unconstrained Minimum Volatility-type portfolios 
being portfolios that are concentrated and poorly diversified over a small number of low volatility 
stocks. In order to remedy this problem, asset managers or index providers impose absolute and/
or relative deconcentration constraints. But the cure is often worse than the illness, because this set 
of rigid ad-hoc constraints is in fact the veritable driver of the performance of Minimum Volatility 
strategies without there being any academic justification whatsoever for the nature or value of the 
constraints chosen, which depend more in this case on in-sample calibration than on a concern 
for out-of-sample robustness. Sold with an objective of efficient diversification in many cases, 
minimum volatility strategies hardly use the portfolio decorrelation budget and have fairly low 
levels of diversification and thus high degrees of idiosyncratic risk, the diversifiable risk that is not 
rewarded according to standard asset pricing theory.

3. Traditional Defensive Strategies
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Nature and limits of Low Volatility strategies
The typical Low Volatility strategy does not rely on an optimisation procedure but instead selects 
stocks with low historical volatility and then applies an ad-hoc weighting scheme that may or may 
not take into account differences in the individual volatilities of selected stocks. For illustration, 
capitalisation-weighting disregards individual volatilities whereas inverse volatility (as used by 
the S&P 500 Low Volatility Index) or variance as well as volatility-tilted capitalisation weighting let 
individual volatilities impact constituent weights. 

Such Low Volatility approaches rely solely on low volatility stocks, which should be beneficial if they 
carry better risk-adjusted rewards than more volatile stocks, which is the premise of factor investing 
strategies that tilt towards Low Risk stocks. Note that these approaches disregard the potential of 
volatility reduction that lies in correlations between securities. Naturally, ignoring correlations has 
practical advantages since the number of correlation coefficients in a universe of stocks increases 
with the squared number of stocks and correlations are hard to estimate reliability (Longin and 
Solnik, 1995).

As is usually the case with industry implementations of factor investing, narrow factor-based stock 
selections and the use of weighting schemes favouring concentration lead to highly concentrated 
portfolios, which have been documented to exhibit high turnover and a strong proportion of 
specific volatility (e.g. Amenc et al., 2016).

To the extent that low risk stocks are unequally represented across sectors or countries, unconstrained 
Low Risk stock selections will entail sector and country biases relative to selections based on other 
criteria, including free float capitalisation. Such biases should be expected to be inversely related to 
the breadth of the selection and to be magnified by factor-based weighting schemes.

Ultimately, these strategies that are explicitly exposed to the Low Risk factor suffer from the same 
defect as Minimum Volatility-type strategies, i.e. their high degree of concentration, which deprives 
them of one of the clear benefits of Modern Portfolio Theory since the seminal work of Harry 
Markowitz: diversification. 

3. Traditional Defensive Strategies
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In keeping with the objective of bridging the gap between academia and practitioners espoused by 
EDHEC-Risk Institute, ERI Scientific Beta addresses the abovementioned criticisms and offers state-
of-the-art solutions to remedy traditional defensive strategies’ problems of concentration and poor 
diversification. 

Addressing the concentration issue of Minimum Volatility strategies
Irrespective of whether an investor regards Low Volatility stocks as attractive or unattractive, it is 
clear that the traditional Minimum Volatility strategy leads to poorly diversified portfolios and does 
not fully exploit correlations. As mentioned, popular implementations of Low Volatility strategies 
can be just as concentrated and disregard correlations completely.

Various approaches have been proposed to remedy the concentration issue of optimisation-based 
strategies, the most straightforward being to impose weight constraints. Imposing rigid security-
level bounds reduces the ability of the optimiser to exploit the information in the variance-
covariance matrix, but can help to obtain more "reasonable" portfolios: absolute upper bounds 
promote diversification while lower bounds reduce implementation costs by doing away with 
small holdings. In addition, security-level upper bounds couched in relative terms, i.e. as multiples 
of security-level weights within the capitalisation-weighted index of the underlying universe, are 
used to reduce concentration in small (and typically less liquid) securities. Portfolio-level weight 
constraints are also routinely used to reduce country and sector biases although this can exacerbate 
the concentration issue at the security level. It should be underlined that, as more constraints are 
added, the solution is taken further away from the theoretically optimal portfolio. More worryingly, 
this makes the performance of the resulting portfolios highly sensitive to the choice of constraints, 
which comes with significant robustness risk. Indeed, choosing constraints to produce excellent 
in-sample performance will typically lead to disappointing out-of-sample results (on the effects of 
back-test over-fitting on out-of-sample performance, refer to Bailey et al., 2014).

A more flexible approach has been introduced by EDHEC-Risk Institute Professor Raman Uppal 
and his co-authors. The “norm constraints” in DeMiguel et al. (2009) limit the overall amount of 
concentration at the portfolio level, e.g. by constraining the sum of squared weights, rather than 
to impose caps on all stocks individually. This gives more leeway for the optimiser to reach its 
objective while avoiding concentration and taking better advantage of the correlation structure. 
The approach is found to produce portfolios that typically have higher out-of-sample Sharpe ratios 
than competing approaches. This is the approach that ERI Scientific Beta has selected for its Efficient 
Minimum Volatility weighting scheme. 

Addressing the concentration issue of Low Volatility strategies
The concentration of traditional Low Volatility strategies (and of other factor-based strategies) 
is caused by explicit choices of narrow factor-based selections and/or concentrated weighting 
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5 - Amenc, N., F. Ducoulombier, F. Goltz, A. Lodh and S. Sivasubramanian. 2016. Diversified Or Concentrated Factor Tilts? The Journal of Portfolio Management 
42(2): 64-76. Article available at: http://www.scientificbeta.com/download/file/diversified-or-concentrated-factor-tilts 
6 - Amenc, N., F. Goltz, A. Lodh and L. Martellini. 2014. Towards Smart Equity Factor Indices: Harvesting Risk Premia without Taking Unrewarded 
Risks. The Journal of Portfolio Management 40(4): 106-122. Article available at: http://docs.scientificbeta.com/Library/External/Academic_Papers/
JPM_Summer_2014_Smart_Factor_Indices

schemes that aim to maximise the factor scores of portfolios. This concentration issue does not arise 
in the context of diversified factor-tilted solutions, where one relies on broad security selections 
and diversified weighting schemes. Diversified factor-tilted indices enjoy reduced exposure to 
idiosyncratic and other non-rewarded risks of all kinds, including relative industry and country 
biases; mitigate the risk of concentration into small and illiquid securities; and reduce turnover from 
changes in security-level factor scores (since broad factor-based selections are more stable and 
score-blind diversification strategies are unaffected by changes in scores). While the investment 
industry has favoured concentrated factor tilts, the seminal empirical and theoretical literature on 
factor investing underlines the importance of diversification and no case has been made in support 
of inefficient factor-tilted portfolios. On the contrary and from a theoretical standpoint, Cochrane 
(1999) emphasises that any portfolio should be constructed so as to provide the efficient risk-return 
trade-off, in a mean-variance sense, at a given level of factor exposure. Fama (1996) shows that 
rewarded factors can be understood as multi-factor mean-variance efficient portfolios themselves. 
From an empirical standpoint, Amenc et al. (2016)5 find that, for a given breadth of selection, 
diversified portfolios deliver higher returns and risk-adjusted returns and have higher probabilities 
of outperforming the broad market than capitalisation-weighted portfolios. Analysed in the Carhart 
framework, they produce much higher alphas and alphas per unit of residual standard deviation 
and higher reduction in idiosyncratic volatility. They also observe that moving from a broad (half-
universe) to a narrow (quintile) selection while keeping the weighting scheme constant produces 
higher gross returns, but it also increases volatility and tracking error, resulting in at best marginal 
gains in risk-adjusted performance before taking into account the costs of severely heightened 
turnover and reduced liquidity associated with narrower selections. In the end, they document that 
the benefits of (naively) diversifying factor-tilted portfolios based on broad selections far outweigh 
those of shifting to narrow selections while remaining cap-weighted. Such diversified factor-tilted 
portfolios produce much better performance and risk-adjusted performance in the medium and the 
long term while only marginally impacting turnover.

Understanding Smart Factor Indices
Consistent with the academic literature on factor-investing and modern portfolio theory, the ERI 
Scientific Beta Smart Factor Indices are designed to be efficient factor proxies. As such, they do 
not seek to maximise factor exposures but instead to achieve higher than median exposures to 
the desired rewarded factors while ensuring a high degree of diversification of idiosyncratic risks. 
This allows Smart Factor Indices to deliver high and robust risk-adjusted returns, guarantee high 
investability and low implementation costs, and it also offers the opportunity to control other non-
rewarded risks such as sector or country risk without jeopardising performance.

All ERI Scientific Beta Smart Factor Indices are built following a two-step process which is at the 
heart of the Smart Beta 2.0 approach promoted by EDHEC-Risk Institute: (i) factor-tilting towards the 
targeted priced factor by way of broad stock selection (half-universe) and; (ii) application of a smart 
beta diversification strategy to the selection. As documented by Amenc et al. (2014)6 and illustrated 
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7 - The Efficient Minimum Volatility weighting scheme uses the norm-constraint approach and targets an effective number of stocks equal to one third of 
the eligible stocks. Concentration induced by the other optimisation-based strategies is limited through weight adjustments to ensure that all securities 
are included, but that no security is given a dominant weighting.
8 - Sector and country neutrality can also be imposed on off-the-shelf Multi-Strategy indices as well as customised indices.

by Exhibit 2, this allows for efficiently harvesting of the long-term premia associated with the desired 
factor tilts while also reducing the contribution of unrewarded or specific risks to short-term volatility 
and tracking error. Stock-specific risk (such as management decisions, product success, and so on) 
is reduced through the use of a suitable diversification strategy and the combination of strategies 
allows for reduction of the model risks inherent in single diversification strategies. As illustrated 
by Exhibit 1 below, five diversification strategies are available for ERI Scientific Beta single-strategy 
Smart Factor Indices and their equal-weighted combination is available as the weighting scheme 
underlying ERI Scientific Beta's off-the-shelf Multi-Strategy Smart Factor Indices.

Exhibit 1: ERI Scientific Beta Diversification Strategies

All of the optimisation-based diversification schemes offered by ERI Scientific Beta are controlled 
to avoid excessive concentration7 and undesired risk exposures in the resulting optimal portfolios.

Owing to the joint use of broad selections and of weighting schemes that ensure that that 
opportunities for diversification of idiosyncratic risk present in each selection be used, the ERI 
Scientific Beta Smart Factor methodology avoids or reduces issues associated with concentration 
(arising from optimisation and factor exposure maximisation approaches), notably high average 
and extreme idiosyncratic risks, undesired biases, high turnover, capacity and liquidity issues and 
high susceptibility to errors. Additional capacity/liquidity adjustments and optimal turnover control 
are applied to further increase investability of the indices and reduce replication costs.8

Smart Factor Indices deliver significant added value above cap-weighted factor-tilted stock 
selections. For illustration, Exhibit 2 below compares the U.S. 45-year risk and performance profiles of 
the off-the-shelf Multi-Strategy Smart Factor Indices (DMS for Diversified Multi-Strategy in the table) 
tilted towards strategic factors to that of the identical stock selections weighted by capitalisation 
(CW in the table). Note that the gain in returns and risk-adjusted returns is particularly strong for 
Low Volatility strategies. Indeed, the capitalisation-weighted Low Volatility selection outperforms 
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the broad-market index by only 32 basis points (bps) per annum (p.a.) while the Low Volatility 
Diversified Multi-Strategy Index delivers 255 bps p.a. above the same benchmark. In addition, the 
volatility of the Low Volatility Diversified Multi-Strategy Index is only 90% that of the capitalisation-
weighted selection. Thus, higher excess returns and lower volatility both contribute to producing 
a superior Sharpe ratio for the Low Volatility Diversified Multi-Strategy Index relative to that of the 
capitalisation-weighted Low Volatility selection; these are 0.37 and 0.57, respectively.

Exhibit 2: Performance of Capitalisation-Weighted vs. Multi-Strategy-diversified Factor Selections
The analysis is based on daily total return data in USD from 31 December 1970 to 31 December 2015 (45 years). The benchmark is the cap-weighted 
portfolio of all stocks in the USA universe. Scientific Beta LTTR USA universe consists of largest 500 USA stocks. Mid Cap, Positive Momentum, Low 
Volatility, Value, Low Investment and High Profitability selections all represent 50% of stocks with such characteristics in a U.S. universe of 500 stocks. 
The risk-free rate is the return of the 3-month U.S. Treasury Bill. Maximum relative drawdown is the maximum drawdown of the long-short index 
whose return is given by the fractional change in the ratio of the strategy index to the benchmark index. 95% Tracking Error is the 95th percentile of 
1-year rolling tracking error. It is computed using a 1-year rolling window and a 1-week step size. The probability of outperformance is the probability 
of obtaining positive excess returns from investing in the strategy for a period of 1, 3 or 5 years at any point during the history of the strategy. Rolling 
windows of 1, 3 and 5 years and a 1-week step size are used. Source: www.scientificbeta.com.

31 December 1970 to 
31 December 2015

Broad 
CW

Mid Cap Positive 
Momentum

Low 
Volatility

Value Low 
Investment

High 
Profitability

CW DMS CW DMS CW DMS CW DMS CW DMS CW DMS

Ann. Returns 10.45% 12.97% 14.22% 11.39% 13.39% 10.76% 13.00% 11.90% 14.28% 12.32% 14.01% 10.79% 12.99%

Ann. Volatility 16.88% 17.09% 15.80% 17.26% 16.01% 15.39% 13.85% 17.17% 15.67% 15.83% 14.93% 17.02% 15.73%

Sharpe Ratio 0.32 0.46 0.58 0.37 0.52 0.37 0.57 0.40 0.59 0.46 0.60 0.34 0.50

Max Drawdown 54.63% 57.09% 53.42% 50.81% 53.25% 51.10% 48.31% 60.01% 53.75% 51.12% 50.82% 52.29% 48.86%

Effective No. of Stocks 114 188 188 64 198 65 200 69 189 59 187 55 199

Ann. Rel. Returns - 2.52% 3.77% 0.94% 2.95% 0.32% 2.55% 1.45% 3.84% 1.87% 3.57% 0.34% 2.54%

Ann. Tracking Error - 5.72% 6.42% 3.49% 4.84% 4.27% 5.99% 4.42% 5.47% 3.79% 5.42% 3.22% 4.35%

95% Tracking Error - 9.27% 11.54% 6.24% 8.59% 8.18% 11.38% 8.12% 10.03% 6.58% 9.88% 6.48% 7.20%

Information Ratio - 0.44 0.59 0.27 0.61 0.07 0.43 0.33 0.70 0.49 0.66 0.11 0.58

Outperf Prob. (1Y) - 61.6% 66.6% 62.8% 66.3% 50.8% 63.5% 58.9% 69.2% 62.1% 70.3% 50.6% 68.0%

Outperf Prob. (3Y) - 69.4% 75.7% 71.3% 75.7% 52.7% 75.7% 68.7% 79.5% 77.7% 82.0% 51.7% 78.9%

Outperf Prob. (5Y) - 75.9% 81.5% 81.1% 87.0% 58.4% 86.9% 67.5% 89.0% 89.1% 89.9% 58.5% 85.6%

Max Rel. DD - 35.94% 42.06% 14.44% 17.28% 33.82% 43.46% 20.31% 32.68% 26.47% 38.49% 24.52% 25.21%

1-Way Turnover 3.1% 19.3% 27.4% 58.1% 67.1% 10.0% 26.2% 14.6% 25.3% 26.1% 33.7% 5.4% 23.0%

ERI Scientific Beta Smart Factor Indices also typically outperform factor indices put forward by other 
index providers that do not benefit from the clear separation between choice of factor and choice 
of diversification method or fail to optimise diversification of idiosyncratic risks. It is on the basis of 
this smart factor approach, which combines an explicit choice of factor exposure with the benefits 
of diversifying the stocks that correspond to this factor exposure, which ERI Scientific Beta proposes 
to revisit the traditional defensive strategies.
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9 - For more on the benefits of diversifying weighting schemes, please  refer to Amenc et al. (2015b), Robustness of Smart Beta Strategies; and Martellini, 
Milhau and Tarelli (2014), Estimation Risk versus Optimality Risk: an Ex-Ante Efficiency Analysis of Heuristic and Scientific Equity Portfolio Diversification Strategies. These 
White Papers are available at http://docs.scientificbeta.com/Library/External/White_Papers/ERI_Scientific_Beta_Publication_Robustness_Smart_Beta_Strategies;and 
http://docs.scientificbeta.com/Library/External/Research_Publications/ERI_Scientific_Beta_Publication_Estimation_Risk_vs_Optimality_Risk.

Implementing Low Volatility and Minimum Volatility strategies with Smart Factor 
Indices
ERI Scientific Beta uses total volatility to rank individual stocks for factor-tilting, which is not only 
consistent with the work of Ang et al. (2006, 2009) on total volatility, but also with their results on 
idiosyncratic volatility (since it represents the lion's share of total volatility at the individual stock 
level) and with the systematic risk approach of Frazzini and Pedersen (2014) (because low beta 
stocks tend to be Low Volatility stocks in the cross section and vice versa). 

Exhibits 5-7 compare the performance of two ERI Scientific Beta Low Volatility Smart Factor Indices 
to that of popular defensive indices for the U.S. and the Developed World. These two indices 
correspond to two different approaches to Low Volatility strategies: 
The Scientific Beta Low Volatility Multi-Strategy Indices are intended to capture the Low Risk 
factor, while being highly diversified. This diversification is guaranteed by equally weighting five 
diversification methods whose combination, as was shown in Amenc et al. (2014), produces an 
excellent level of risk-adjusted performance. This quality of diversification is explained by the fact 
that each of the weighting schemes used presents different model risks (optimality and estimation 
error risks)9 as show in Exhibit 3 below and is associated with different biases and conditionality. 
Combining multiple weighting schemes diversifies the aforementioned model risks providing more 
robust diversification, but also allows investors to avail of the benefits of the decorrelation between 
the various diversification strategies that result from these weighting models as illustrated in 
Exhibit 4. 

Exhibit 3: Overview of Popular Equity Diversification Strategies
The table indicates, for the diversification strategies, the optimisation objective (without taking into account any constraints, turnover control or 
liquidity rules), its unconstrained solution and the required parameters. The “Optimality conditions” column indicates under which conditions each 
diversification strategy would result in the Maximum Sharpe Ratio portfolio from Modern Portfolio Theory. N is the number of stocks, µi is the expected 
return on stock i, σi is the volatility for stock i, ρij is the correlation between stocks i and j, µ is the (Nx1) vector of expected returns, 1 is the (Nx1) vector 
of ones, σ is the (Nx1) vector of volatilities, Ω is the (NxN) correlation matrix and Σ is the (NxN) covariance matrix.

Strategy Objective Unconstrained 
closed-form solution

Required parameter(s) Optimality conditions

Maximum 
Deconcentration

Maximise effective number of 
stocks

None μi = μ ∀i
σi = σ ∀i
ρij = ρ ∀i

Diversified Risk 
Parity

Equalise risk contributions 
under “Constant Correlation” 

assumption

σi λi = λ ∀i
ρij = ρ ∀i

Maximum 
Decorrelation

Minimise the portfolio volatility 
under the assumption of identical 

volatility across all stocks.

ρij μi = μ ∀i
σi = σ ∀i

Efficient Minimum 
Volatility

Minimise portfolio volatility σi, ρij μi = μ ∀i

Efficient Maximum 
Sharpe Ratio

Maximise portfolio Sharpe ratio μi, σi, ρij Optimal by 
construction
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Exhibit 4: Correlations Across Weighting Schemes for the Six Factor Tilts
The analysis is based on daily total return data in USD from 31 December 1970 to 31 December 2015 (45 years). The average and minimum pair-wise 
correlations across the five weighting schemes – Maximum Deconcentration, Maximum Decorrelation, Maximum Sharpe Ratio, Minimum Volatility 
and Diversified Risk Weighted for the six factor tilts – Momentum, Low Volatility, Value, Size, Low Investment and Low Profitability are shown. Source: 
www.scientificbeta.com.

31-Dec-1970 to 31-Dec-2015 
(45 Years)

Mid Cap Positive 
Momentum

Low Volatility Value Low 
Investment

High 
Profitability

Average Correlation Across 
Five Weighting Schemes

0.89 0.87 0.96 0.88 0.90 0.85 

Minimum Correlation Across 
Five Weighting Schemes

0.76 0.68 0.91 0.75 0.78 0.64 

The Scientific Beta Low Volatility Efficient Minimum Volatility Indices do not seek to maximise 
diversification of the specific risk, but instead aim to maximise the defensive nature of the strategy 
while maintaining a high degree of diversification, and notably by using a state-of-the-art norm 
constraint deconcentration method, as described above. Applying a deconcentration method 
enables construction of a defensive but well-diversified index, since, unlike traditional rigid 
constraints, this approach favours a better use of the diversification potential offered by correlations 
between stocks. This is all the more so when the Efficient Minimum Volatility approach is applied 
to a selection of Low Volatility stocks as this reduces the ability of the optimiser to simply select 
Low Volatility stocks to meet its objective and forces it to make better use of the information in the 
correlation matrix.

The historical out-of-sample simulations over both long and short periods confirm that the 
objectives of these indices are met and show notably that the Scientific Beta Low Volatility Efficient 
Minimum Volatility Indices present a more defensive character than the Scientific Beta Low 
Volatility Diversified Multi-Strategy Indices whose Diversified Multi-Strategy approach produces 
relative performance that is less affected by market direction. In both cases, through their superior 
diversification qualities, these indices exhibit remarkable risk-adjusted performance that is of course 
superior to that of traditional defensive strategies.

As shown in Exhibit 5, over the 45 years of the long-term track record and relative to the capitalisation-
weighted benchmark, the ERI Scientific Beta Low Volatility Multi-Strategy index has a beta of 0.80 
and produces a volatility reduction of around 18% while the more defensive ERI Scientific Beta Low 
Volatility Efficient Minimum Volatility index has a beta of 0.74 and yields a volatility reduction of 
23%.

The annualised outperformance of the ERI Scientific Beta Low Volatility Multi-Strategy and Efficient 
Minimum Volatility Indices is 2.55%and 2.65%, respectively. The combination of higher performance 
and lower volatility translates into significant Sharpe ratio gains for these two solutions (78% and 
91%, respectively).

It is important to note that over short and medium-term horizons, the ERI Scientific Beta Low 
Volatility Multi-Strategy Index has a higher chance of outperforming the broad market benchmark 
than the ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index. This is consistent with 

4. Improving Traditional Defensive Strategies

An ERI Scientific Beta Publication — ERI Scientific Beta Defensive Strategies: Bringing Diversification to, and Going Beyond, Traditional Approaches — March 2016
Copyright © 2016 ERI Scientific Beta. All rights reserved. Please refer to the disclaimer at the end of this document.

23



24 An ERI Scientific Beta Publication — ERI Scientific Beta Defensive Strategies: Bringing Diversification to, and Going Beyond, Traditional Approaches — March 2016
Copyright © 2016 ERI Scientific Beta. All rights reserved. Please refer to the disclaimer at the end of this document.

the stronger downside protection associated with the ERI Scientific Beta Low Volatility Efficient 
Minimum Volatility Index and the better upside capture of the ERI Scientific Beta Low Volatility Multi-
Strategy Index. The latter's lower tracking error, which derives from diversifying across weighting 
schemes and achieving lower bull/bear conditionality, contributes to its higher information ratio 
relative to the ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index (0.43 vs. 0.38). 
Extreme risk figures are consistent with these differences in conditionality: the ERI Scientific Beta 
Low Volatility Multi-Strategy Index has higher drawdown but lower relative drawdown than the ERI 
Scientific Beta Low Volatility Efficient Minimum Volatility Index.

Exhibit 5: Long-Term Track Record of ERI Scientific Beta Low Volatility Indices (United States)
The analysis is based on daily total return data in USD from 31 December 1970 to 31 December 2015 (45 years). Regressions are performed using 
weekly total returns in USD. The benchmark is the cap-weighted portfolio of all stocks in Scientific Beta U.S. Long-Term Track Record universe 
consisting of the 500 largest U.S. stocks. The risk-free rate is the return of the 3-month U.S. Treasury Bill. The Maximum Relative Drawdown is the 
maximum drawdown of the long-short index whose return is given by the fractional change in the ratio of the strategy index to the benchmark index. 
The 95% Tracking Error is the 95th percentile of 1-year rolling tracking error computed using a 1-year rolling window and a 1-week step size. The 
probability of outperformance is the probability of obtaining positive excess returns from investing in the strategy for a period of 1, 3, and 5 years at 
any point during the history of the strategy; rolling windows of 1, 3, and 5 years and a 1-week step size are used for the computation. Rolling Volatility 
statistics are reported as mean, standard deviation and 95th percentile of annualised volatility and computed using a 3-year rolling window and 
1-week step size. Quarters with positive benchmark index returns are classed as bull quarters and the remaining are classed as bear quarters. The top 
25% quarters with the best benchmark index returns are extreme bull quarters and the bottom 25% quarters with the worst benchmark index returns 
are extreme bear quarters. The returns on the market factor are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported 
turnover is 1-way, annual and it is averaged across 180 rebalancings in the 45-year period. Source: www.scientificbeta.com.

31-Dec-1970 to 31-Dec-2015
(45 Years)

Scientific Beta Long-Term United 
States Capitalisation Weighted

SciBeta Long-Term United States 
Low-Volatility Diversified 

Multi-Strategy

SciBeta Long-Term United States 
Low-Volatility Efficient Minimum 

Volatility

Ann. Returns 10.45% 13.00% 13.10%

Ann. Volatility 16.88% 13.85% 13.04%

Sharpe Ratio 0.32 0.57 0.61

Max Drawdown 54.63% 48.31% 42.42%

Ann. Rel. Returns - 2.55% 2.65%

Ann. Tracking Error - 5.99% 6.98%

95% Tracking Error - 11.38% 13.77%

Information Ratio - 0.43 0.38

Outperf Prob. (1Y) - 63.47% 59.12%

Outperf Prob. (3Y) - 75.70% 74.15%

Outperf Prob. (5Y) - 86.88% 81.86%

Max Relative Drawdown - 43.46% 46.94%

3-Year Rolling Vol Mean 16.36% 13.38% 12.64%

3-Year Rolling Vol Std 5.23% 4.38% 3.97%

3-Year Rolling Vol 95% 29.22% 24.57% 22.05%

Ann. Rel. Returns Bull - -0.91% -2.12%

Ann. Rel. Returns Bear - 7.43% 9.56%

Ann. Rel. Returns Extreme Bull - -6.18% -9.37%

Ann. Rel. Returns Extreme Bear - 7.24% 9.47%

CAPM Market Beta 1.00 0.80 0.74

1-Way Turnover 3.1% 26.2% 34.2%
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Exhibit 6 summarises the performance of the two ERI Scientific Beta United States Low Volatility 
indices and two third-party indices – the MSCI USA Minimum Volatility Index and the S&P 500 Low 
Volatility Index – over a period of 10 years using the S&P 500 index as benchmark. Within a universe 
of U.S. large and mid cap stocks, the MSCI USA Minimum Volatility Index uses a proprietary Barra 
Optimiser to determine the portfolio with the lowest total risk subject to a series of ad-hoc constraints 
and using an estimated co-variance matrix. Constraints include (but are not limited to) minimum and 
maximum weights for each included security, minimum and maximum constituent sector weights 
relative to the parent index and turnover limits. The S&P 500 Low Volatility Index selects the 100 
least volatile stocks in the S&P 500 universe based on their past 1-year price volatility and weights 
these by the inverse of their volatilities to produce a very defensive (and highly concentrated) index. 
No constraints are applied.

While being a factor-harvesting solution that acquires a defensive profile in a long-only 
implementation, the ERI Scientific Beta U.S. Low Volatility Multi-Strategy Index produces volatility 
reduction of about 17% (with respect to the S&P 500 index benchmark), on par with the MSCI 
USA Minimum Volatility Index. Providing somewhat lower downside protection but significantly 
better upside capture, it produces higher returns and Sharpe ratio and an information ratio that is 
about 1.5 times that of the MSCI USA Minimum Volatility. Due (primarily) to its more pronounced 
defensive character relative to the Scientific Beta U.S. Low Volatility Multi-Strategy Index, the MSCI 
USA Minimum Volatility Index experiences longer and more severe underperformance (in periods 
dominated by bullish markets). Using rolling window analysis to span the available return history, 
the probability of outperformance measures how often the strategy has managed to outperform 
its benchmark for a given holding period. Although the 2006-2015 decade has been marked by 
two significant bear episodes, the Scientific Beta U.S. Low Volatility Multi-Strategy Index shows 
a significantly higher probability of outperformance for a one-year holding period than its MSCI 
comparable (62.55% vs. 57.66%) and vastly superior three- and five-year performances (91.8% vs. 
74.86% and 99.24% vs. 79.01%, respectively).

The ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index and the S&P 500 Low Volatility 
Index are significantly more defensive than the previous two indices and provide volatility reductions 
of 24% and 26%, respectively. Conditional analysis shows that the ERI Scientific Beta Low Volatility 
Efficient Minimum Volatility Index provides less downside protection but much better upside 
capture than the S&P 500 Low Volatility Index. Note that, relative to the MSCI USA Minimum Volatility 
Index, the ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index not only provides more 
downside protection but also achieves better upside capture. The ERI Scientific Beta Low Volatility 
Efficient Minimum Volatility Index exhibits the highest returns and risk-adjusted returns of the four 
defensive U.S. indices compared here and its Sharpe ratio of 0.60 is twice that of the broad equity 
market over the period. Despite its (desired) high bull/bear conditionality, the ERI Scientific Beta Low 
Volatility Efficient Minimum Volatility Index has an Information ratio of 0.47, almost twice that of the 
S&P 500 Low Volatility Index. Furthermore, it produces vastly superior outperformance probabilities 
over the short- and medium-terms than what its S&P Dow Jones counterpart (65.74% vs. 50.21% for 
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a one-year holding period, 86.89% vs. 69.67% over three years and 95.04% vs. 73.28% over five years) 
or for that matter than the MSCI USA Minimum Volatility Index.

The relative profile of the two ERI Scientific Beta Low Volatility indices is consistent with what was 
observed with the long-term track records. The ERI Scientific Beta Low Volatility Efficient Minimum 
Volatility Index is more defensive and shows more bull/bear conditionality. While its more defensive 
profile serves it particularly well in the decade, it nevertheless shows lower probabilities of 
outperformance than its Multi-Strategy counterpart over the medium term. Again, the extreme risk 
indicators are consistent with this positioning: the Scientific Beta Low Volatility Efficient Minimum 
Volatility Index has significantly lower drawdown but higher relative drawdown than the Multi-
Strategy Index.

Exhibit 6: Risk and Performance of ERI Scientific Beta Low Volatility Indices and Comparables (United States, 10 Years)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). Regressions are performed using 
weekly total returns in USD. The benchmark is the S&P 500 Index. The Scientific Beta U.S. universe consists of the 500 largest U.S. stocks. The risk-free 
rate is the return of the 3-month U.S. Treasury Bill. The Maximum Relative Drawdown is the maximum drawdown of the long-short index whose 
return is given by the fractional change in the ratio of the strategy index to the benchmark index. The 95% Tracking Error is the 95th percentile of 
1-year rolling tracking error and is computed using a 1 week step size. The probability of outperformance is the probability of obtaining positive 
excess returns from investing in the strategy for a period of 1, 3 or 5 years at any point during the history of the strategy; rolling windows of 1, 3, and 
5 years and a 1-week step size are used for the computation. Rolling Volatility statistics are reported as mean, standard deviation and 95th percentile 
of annualised volatility and computed using a 3-year rolling window and 1-week step size. Quarters with positive benchmark index returns are 
classed as bull quarters and the remaining are classed as bear quarters. The top 25% quarters with the best benchmark index returns are extreme 
bull quarters and the bottom 25% quarters with the worst benchmark index returns are extreme bear quarters. The returns on the market factor 
are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported turnover is 1-way, annual and it is averaged across 40 
rebalancings in the 10-year period. Source: www.scientificbeta.com and Bloomberg.

31-Dec-2005 to 31-Dec-2015
(10 Years)

S&P 500 SciBeta U.S. Low 
Volatility Diversified 

Multi-Strategy

SciBeta U.S. Low 
Volatility Efficient 

Minimum Volatility

MSCI USA 
Minimum Volatility 

S&P500 Low 
Volatility

Ann. Returns 7.28% 9.62% 10.54% 8.86% 9.35%

Ann. Volatility 20.71% 17.25% 15.70% 17.14% 15.28%

Sharpe Ratio 0.30 0.49 0.60 0.45 0.54

Max Drawdown 55.25% 48.31% 42.42% 46.61% 40.40%

Ann. Rel. Returns - 2.34% 3.26% 1.58% 2.07%

Ann. Tracking Error - 5.25% 7.00% 5.32% 8.54%

95% Tracking Error - 9.67% 13.87% 8.39% 17.71%

Information Ratio - 0.45 0.47 0.30 0.24

Outperf Prob. (1Y) - 62.55% 65.74% 57.66% 50.21%

Outperf Prob. (3Y) - 91.80% 86.89% 74.86% 69.67%

Outperf Prob. (5Y) - 99.24% 95.04% 79.01% 73.28%

Max Relative Drawdown - 8.79% 12.30% 12.83% 18.75%

3-Year Rolling Vol Mean 21.74% 17.91% 16.33% 17.62% 15.76%

3-Year Rolling Vol Std 7.04% 6.02% 5.13% 6.47% 4.72%

3-Year Rolling Vol 95% 30.61% 25.48% 22.83% 25.79% 21.72%

Ann. Rel. Returns Bull - -2.20% -3.28% -4.64% -6.59%

Ann. Rel. Returns Bear - 8.54% 12.49% 10.37% 14.78%

Ann. Rel. Returns Extreme Bull - -8.03% -11.69% -9.48% -14.89%

Ann. Rel. Returns Extreme Bear - 9.15% 13.91% 11.97% 16.13%

CAPM Market Beta 1.00 0.82 0.74 0.80 0.68

1-Way Turnover NA 28.2% 36.0% NA NA
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Exhibit 7 extends the comparison across defensive strategies to Developed Markets as a whole 
where the MSCI World Index serves as the broad capitalisation-weighted benchmark. We compare 
the MSCI World Minimum Volatility index and the S&P GIVI Developed index to the Scientific Beta 
Developed Low Volatility Multi-Strategy and Efficient Minimum Volatility Indices. The MSCI World 
Minimum Volatility Index is constructed using the same methodological principles as the MSCI 
USA Minimum Volatility Index but subjected to additional country relative weight constraints. The 
S&P GIVI Developed Index is based on the 25 developed countries in the S&P Global BMI. In each 
country, the stocks are sorted by their betas and the lowest beta stocks that represent 70% of that 
country’s market capitalisation are selected. The selected stocks are weighted in proportion of their 
“intrinsic value”, a metric which depends on book value and discounted projected earnings. Note 
that ERI Scientific Beta builds indices from the basic geographic bloc and Developed indices are 
assembled by combining basic-bloc indices on the basis of each bloc’s free-float capitalisation. 
This is consistent with the application of factor investing at the level of homogeneous regions and 
ensures the bloc-level geographic neutrality of multi-bloc indices. By construction ERI Scientific 
Beta's Developed smart beta indices have the same exposures to the United States, Japan and the 
United Kingdom as their capitalisation-weighted reference and their geographic biases are limited 
to countries that are part of multi-country blocs (i.e. Developed Eurozone, Developed Europe ex 
United Kingdom ex Eurozone and Developed Asia-Pacific ex Japan).

Both Scientific Beta indices produce higher volatility reductions when applied to Developed Markets 
as a whole, but their relative profile and 10-year performance remain consistent with what was 
observed for the United States. 

The ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index delivers volatility reduction 
of close to 28% while its Multi-Strategy counterpart reduces volatility by over 21%. Both Low 
Volatility Smart Factor Indices deliver high excess returns in the 2006-2015 decade, with the more 
defensive index also producing significantly better returns for Developed Markets as a whole (3.81% 
p.a. vs. 3.04%). Both indices produce remarkable Sharpe ratio gains relative to the benchmark and 
have exceptional information ratios for defensive strategies. Sharpe ratios are 0.53 and 0.64 for the 
Developed Low Volatility Multi-Strategy and Efficient Minimum Volatility Indices, respectively, to 
be compared to the market's 0.25 and the information ratios are 0.63 and 0.62, respectively. As 
observed in the U.S., the medium-term outperformance probabilities are higher for the ERI Scientific 
Beta Low Volatility Multi-Strategy Index. The absolute and relative drawdown patterns are also fully 
consistent with the U.S. track records.

While the MSCI World Minimum Volatility Index produces volatility reduction and downside 
protection that are similar to those of the ERI Scientific Beta Developed Low Volatility Efficient 
Minimum Volatility Index, it has relatively low upside capture. As a result, it underperforms its 
ERI Scientific Beta comparable by over 2% p.a. over the period, delivers 75% of the latter's Sharpe 
ratio of 0.64 and 42% of its information ratio of 0.62. It also significantly underperforms the less 
defensive ERI Scientific Beta Developed Low Volatility Multi-Strategy Index in terms of returns and 
risk-adjusted returns.
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Owing to its mild volatility filtering, the S&P 500 GIVI Developed Index is the least defensive of 
the four indices. However, its upside capture is lacklustre and, over the period, it posts meagre 
outperformance of 0.98% p.a. and a relatively modest Sharpe ratio gain. Its lower bull/bear 
conditionality is associated with tracking error that is about half that of the MSCI index which it 
dominates in terms of information ratio. The said ratio is nevertheless less than half that of the ERI 
Scientific Beta indices. 

As observed with the U.S. indices, the ERI Scientific Beta Low Volatility indices produce higher 
probabilities of outperformance over the short- and medium-terms. 

Exhibit 7: Risk and Performance of ERI Scientific Beta Low Volatility Indices and Comparables (Developed Markets, 10 Years)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). Regressions are performed using 
weekly total returns in USD. The benchmark is the MSCI World Index. The Scientific Beta Developed universe consists of 2,000 large and mid-cap 
stocks. The risk-free rate is the return of the 3-month U.S. Treasury Bill. The Maximum Relative Drawdown is the maximum drawdown of the long-
short index whose return is given by the fractional change in the ratio of the strategy index to the benchmark index. 95% Tracking Error is the 95th 
percentile of 1-year rolling tracking error and is computed using a 1-week step size. The probability of outperformance is the probability of obtaining 
positive excess returns from investing in the strategy for a period of 1, 3 or 5 years at any point during the history of the strategy; rolling windows 
of 1, 3, and 5 years and a 1-week step size are used for the computation. Rolling Volatility statistics are reported as mean, standard deviation and 
95th percentile of annualised volatility and computed using a 3-year rolling window and 1-week step size. Quarters with positive benchmark index 
returns are classed as bull quarters and the remaining are classed as bear quarters. The top 25% quarters with the best benchmark index returns are 
extreme bull quarters and the bottom 25% quarters with the worst benchmark index returns are extreme bear quarters. The returns on the market 
factor are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported turnover is 1-way, annual and it is averaged across 
40 rebalancings in the 10-year period. Source: www.scientificbeta.com and Bloomberg.

31-Dec-2005 to 31-Dec-2015
(10 Years)

MSCI World SciBeta Developed Low 
Volatility Diversified 

Multi-Strategy

SciBeta Developed 
Low Volatility Efficient 

Minimum Volatility

MSCI World 
Minimum 
Volatility 

S&P GIVI 
Developed 

Ann. Returns 5.54% 8.58% 9.35% 7.30% 6.52%

Ann. Volatility 17.80% 13.98% 12.86% 12.81% 15.62%

Sharpe Ratio 0.25 0.53 0.64 0.48 0.35

Max Drawdown 57.46% 49.55% 45.02% 47.35% 53.11%

Ann. Rel. Returns - 3.04% 3.81% 1.76% 0.98%

Ann. Tracking Error - 4.83% 6.19% 6.74% 3.30%

95% Tracking Error - 9.24% 12.29% 10.95% 6.25%

Information Ratio - 0.63 0.62 0.26 0.30

Outperf Prob. (1Y) - 65.53% 68.09% 56.60% 56.81%

Outperf Prob. (3Y) - 96.99% 93.17% 74.59% 87.16%

Outperf Prob. (5Y) - 100.00% 97.33% 79.01% 94.27%

Max Relative Drawdown - 9.76% 13.43% 17.42% 5.75%

3-Year Rolling Vol Mean 18.92% 14.73% 13.53% 13.27% 16.51%

3-Year Rolling Vol Std 5.32% 4.16% 3.68% 4.44% 4.76%

3-Year Rolling Vol 95% 25.44% 19.82% 18.07% 18.82% 22.33%

Ann. Rel. Returns Bull - -1.28% -2.41% -6.16% -1.49%

Ann. Rel. Returns Bear - 8.58% 12.08% 12.73% 4.10%

Ann. Rel. Returns Extreme Bull - -7.74% -11.54% -13.99% -4.10%

Ann. Rel. Returns Extreme Bear - 10.05% 14.09% 14.72% 4.38%

CAPM Market Beta 1.00 0.78 0.71 0.69 0.88

1-Way Turnover NA 29.5% 36.4% NA NA
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Explicit targeting of Low Volatility stocks and superior diversification of specific risk explain the 
superior performance of the ERI Scientific Beta Low Volatility index relative to peers. The Low 
Volatility Multi-Strategy indices are factor-harvesting solutions that acquire a defensive profile in 
a long-only implementation and trail the capitalisation-weighted benchmark reasonably in but 
the strongest bull markets. The Low Volatility Efficient Minimum Volatility indices are designed to 
produce a strongly defensive character and as such generate sterling downside protection at a cost 
of reduced upside capture. This more defensive character causes the index to trail more significantly 
in bull markets, which leads to lower probabilities of outperformance over the medium term than 
what the Low Volatility Multi-Strategy indices deliver.

The choice between the Scientific Beta Low Volatility Efficient Minimum Volatility index and the 
Scientific Beta Low Volatility Diversified Multi-Strategy index will therefore depend on the investor’s 
level of risk aversion and more globally on their risk allocation objective. It is clear that if the objective 
is to introduce the Low Risk factor into the risk factor allocation menu, then the Scientific Beta Low 
Volatility Diversified Multi-Strategy index is the ideal candidate. On the other hand, if the objective 
is to obtain the lowest absolute risk for the equity allocation, then the Scientific Beta Low Volatility 
Efficient Minimum Volatility index will be favoured. 
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10 - Four factor tilts – Mid Cap, Value, Positive Momentum and Low Volatility – for the Scientific Beta MBMS (EW) Indices; two factor tilts – Low Investment 
and High Profitability – for the Scientific MBMS Quality Indices; and all six factor tilts for the Scientific Beta 6-Factor MBMS (EW) Indices.
11 - All off-the-shelf Multi-Strategy indices equally weight the five diversification strategies available from ERI Scientific Beta: Maximum Deconcentration, 
Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility and Efficient Maximum Sharpe Ratio.

Introducing the Scientific Beta EDHEC-Risk Relative Volatility Benchmarks
Both of the aforementioned ERI Scientific Beta index series are concentrated in the Low Risk factor 
by design and have an unconditional defensive character that explains their typical outperformance 
in falling markets and underperformance in rising markets. Against this backdrop, the Scientific Beta 
EDHEC-Risk Relative Volatility (90%) benchmarks aim to combine the benefits of multi-factor and 
defensive equity strategies while seamlessly adjusting the risk budget to changing market conditions 
so as to provide significant downside protection with improved upside capture relative to traditional 
defensive strategies.

To do so, these benchmarks, as other EDHEC-Risk Smart Allocation offerings, draw on advanced risk 
allocation techniques engineered by EDHEC-Risk Institute to select and dynamically allocate to ERI 
Scientific Beta Smart Factor Indices so as to deliver the desired risk/return profile. The use of live 
Smart Factor Indices optimises the capture of systematic risk premia and contributes to delivering 
robust and cost-efficient allocation solutions. De facto, these solutions are derivations of the flagship 
Scientific Beta Multi-Beta Multi-Strategy indices, which equalise the allocation to the Scientific Beta 
Smart Factor Indices that correspond to the choices of factor tilts10 (and diversification strategies).11 

In the case of smart beta solutions, the goal is no longer a fixed equally-weighted mix between the 
Smart Factor Indices that make up these Multi-Beta Multi-Strategy indices, but dynamic risk allocation 
that is intended to respect the investor’s absolute or relative risk objectives.

The derivation applying to the Scientific Beta EDHEC-Risk Relative Volatility Benchmark takes the 
Scientific Beta 6-Factor Multi-Beta Multi-Strategy Indices as a starting point. It therefore involves 
dynamic allocation drawing on the 30 indices (six factor tilts times five weighting schemes) that 
make up these indices.

Whereas traditional defensive solutions seek to reduce or minimise absolute volatility unconditionally, 
the Scientific Beta EDHEC-Risk Relative Volatility (90%) benchmarks target a constant reduction in 
volatility relative to the broad, capitalisation-weighted, market benchmark. This is meant to achieve 
a high absolute reduction in volatility when market volatility is high and a low absolute reduction 
when market volatility is low. Because of the well documented negative relationship between volatility 
and returns, high volatility regimes tend to correspond to bear markets and low volatility regimes 
to bull markets. Hence, the solution aims to be more defensive in absolute terms in downsides and 
less so when market conditions are benign.

Understanding the negative correlation between volatility and return
There is a long tradition in finance that models stock return volatility as negatively correlated with 
stock returns. This is consistent with an empirical relationship first observed for United States markets 
(see for example the studies by Schwert, 1989, covering the period from 1834 to 1987 and Campbell 
and Hentschel, 1992, covering the period from 1926 to 1988) and for which there is also international 
empirical evidence, in particular for developed markets (see for example Li et al., 2005; Talpsepp and 
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Rieger, 2010; and Dimitriou and Simos, 2011). Historically, there have been two main theoretical 
justifications for the asymmetric nature of volatility documented by empirical studies: leverage and 
volatility feedback. The leverage hypothesis, which can be traced to Black (1976) and Christie (1982), 
notes that, as asset prices decline, companies become more leveraged as the value of their debt rises 
relative to that of their equity. With increasing leverage, stocks become riskier, so it is to be expected 
that they be more volatile. The feedback effect is predicated on the persistence of volatility and the 
existence of a positive inter-temporal relation between expected return and conditional variance. 
Increased volatility raises required expected returns, which translates into reduced current stock prices 
(see Pindyck, 1984; French, Schwert and Stambaugh, 1987; and Campbell and Hentschel, 1992); this 
dampens volatility in the case of good news but exacerbates it in the case of bad news. As Aït Sahalia, 
Fan and Li (2013) summarise: "The leverage explanation suggests that a negative return should make 
the firm more levered, hence riskier and therefore lead to higher volatility; the volatility feedback 
effect is consistent with the same correlation but reverses the causality: increases in volatility lead 
to future negative returns." More recently arbitrage restrictions and behavioural explanations have 
been put forward to explain the asymmetry (for a review; see Talpsepp and Rieger, 2010). In addition, 
Whitelaw (2000) shows how the Low Risk effect and the volatility-return asymmetry arise in a general 
equilibrium model with two-regimes as a result of hedging demand. While the jury is still out on the 
relative contributions of these different explanations (although there is a consensus to recognise that 
the leverage explanation can only contribute marginally), the phenomenon of negative correlations 
between volatility and returns itself is not in doubt. 

Implementing the Relative Risk Approach
The Scientific Beta EDHEC-Risk Relative Volatility Benchmark dynamically allocates to ERI Scientific 
Beta Smart Factor Indices on the basis of their evolving risk characteristics in changing markets in an 
effort to deliver the targeted constant reduction in volatility relative to the market. 

Technically, the solution relies on a Maximum Deconcentration allocation which maximises diversification 
measured by the effective number of constituent (defined as the inverse of the sum of squared 
constituent weights: ENC(w)=1/wT*w) Smart Factor Indices subject to a constraint of a minimum of 
10%12 ex-ante reduction in volatility relative to the reference index. The allocation problem can be 
written mathematically as:

wi represents the weight of the i-th constituent index. N is the number of constituent indices. ∑ is the 
covariance matrix of total returns. Weekly total returns over the previous 104 weeks are used to directly 
estimate this small (i.e. 30x30) variance-covariance matrix and the volatility of the capitalisation-
weighted benchmark.
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12 - This solution, calibrated with a 90% relative volatility budget, is a good compromise over the long term between limiting downside risk and capturing 
the upside. Naturally, the organisation of the allocation allows this parameter to be changed and it is technically possible to manage a relative constraint 
budget of 85% or 95%. We consider that this choice can be made in two ways: 
(i) either in a fixed manner: for example the investor would like a more defensive strategy and would choose 85%. This choice has a less optimal long-term 
trade-off, but it can be taken into account as part of the customisation of our solution’s risk budget.
(ii) or in a variable manner, i.e. the investor has views on the future level of volatility or market returns and adapts the risk budget to his/her views. The investor 
will therefore choose to reduce the constraint (e.g. from 90% to 95%) when s/he estimates that s/he is entering into a bull market regime and conversely, 
will increase the constraint, (e.g. from 90% to 85%), when s/he estimates that there is a strong likelihood that the markets will fall in the medium term.
Of course, by relying on such forecasts, the investor adds alpha to the strategy; the sign and size of this alpha will depend on forecasting skills. 
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Rebalancing across Smart Factor Indices is implemented quarterly and is not subjected to turnover 
control. This risk-based allocation model exploits the full correlation structure of Smart Factor Indices 
across the six factor-tilts and five weighting-schemes simultaneously to dynamically allocate to 30 
(single-tilt single-weighting-scheme) Smart Factor Indices to create a multi-factor solution that exhibits 
dissymmetric defensive characteristics. Relying on the persistent nature of volatility, the adjustment is 
done strictly on the basis of (ex-ante) realised volatility and as such requires no volatility forecasting. 

Exhibits 8, 9 and 10 show plots comparing the ex-post or out-of-sample volatilities of the broad 
capitalisation-weighted benchmark and the Scientific Beta EDHEC-Risk Relative Volatility (90%) solution. 

A 1-year rolling window and a 1-week step size is used to plot time varying volatility. The plots illustrate 
that the ex-post delivered volatility the Scientific Beta EDHEC-Risk Relative Volatility (90%) solution 
is typically very close to the maximum targeted volatility. However, the volatility reduction has been 
significantly above the minimum targeted level in several periods, typically during bear markets, e.g. 
1973-1974 (oil crisis), 2000-2002 (dotcom crash), 2008-2009 (global financial crisis). It has also been 
so during the bull-run of the late nineties when diversified indices tilted towards long-term rewarded 
factors could not match the volatility of a cap-weighted index increasingly concentrated into high 
volatility technology stocks. Undershooting episodes, which should be expected when volatility 
suddenly rises, have been benign and extremely rare.

Exhibit 8: Realised One-Year Rolling Volatility of the Scientific Beta EDHEC-Risk Relative Volatility (90%) Benchmark (U.S. Long-Term Track Record)
The analysis is based on daily total return data in USD from 31 December 1972 to 31 December 2015 (43 years). The Rolling Volatility is computed 
using a rolling window of length 1 year and a 1-week step size. The Benchmark is the cap-weighted portfolio of all stocks in the Scientific Beta U.S. LTTR 
universe, which consists of the 500 largest U.S. stocks. Scientific Beta U.S. Long Term Smart Factor Indices have a 45-year track record. As the calibration 
of solutions requires 2 years, all U.S. Long Term Smart Beta solutions have a 43-year track record. Source: www.scientificbeta.com.
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Exhibit 9: Realised One-Year Rolling Volatility for the U.S. (2006-2015)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). The Rolling Volatility is computed 
using a rolling window of length 1 year and a 1-week step size. The benchmark is the S&P 500 Index. The Scientific Beta U.S. universe consists of the 
500 largest U.S. stocks. Source: www.scientificbeta.com.

Exhibit 10: Realised One-Year Rolling Volatility for Developed Markets (2006-2015)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). The Rolling Volatility is computed 
using a 1-year rolling window and a 1-week step size. The benchmark is the MSCI World Index. The Scientific Beta Developed universe consists of 2,000 
large and mid-cap stocks. Source: www.scientificbeta.com.
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When market volatility is high, delivering a 10% reduction in volatility is a strong constraint that leads 
the risk-based allocation to concentrate into the most defensive Smart Factor Indices in the available 
pool; these defensive indices will outperform in bear markets and thus incur well-rewarded tracking 
error relative to the broad-market benchmark.

When market volatility is low, the volatility reduction constraint is less strong and allows allocation 
to be broadly diversified across the Smart Factor Indices in the available pool. Note that when the 
constraint is not binding, the allocation model achieves equal-weighting across all available indices. 
In these market conditions, the solution will rely more on indices exhibiting good bull-market 
performance and will not be primarily invested in defensive indices that incur high detrimental 
tracking error because of their inferior bull-market performance.

For the above reasons, the tracking error of the solution will also be dissymmetric. The highly 
defensive indices in which the solution concentrates in high-volatility regimes will outperform in bear 
markets and thus incur well-rewarded tracking error relative to the broad-market benchmark. The 
mildly defensive character of the solution in low volatility environments will reduce the traditional 
performance drag and associated high tracking error of unconditional defensive approaches in bull 
markets and the broad mix of indices to which the solution allocates in these environments will harvest 
multiple sources of factor returns that will further improve relative performance. In other words, the 
solution should exhibit high bear-market tracking error corresponding to outperformance being 
created by the marked defensive character of the allocation and more benign bull-market tracking 
error reflecting a muted defensive character that allows for harvesting multiple risk premia and at 
least avoiding severe underperformance.

Naturally, the Smart Factor Index diversification objective and relative risk budget approach of 
the strategy's allocation mechanism also allow investors to avoid the factor concentration issue of 
traditional defensive strategies. The strategy indeed draws on six systematic sources of long-term 
outperformance relative to the broad equity markets by tilting towards Mid Cap, Value, Positive 
Momentum, Low Volatility, Low Investment and High Profitability stocks. In allocating to indices 
representative of these tilts, the strategy does not attempt to time factor cycles but instead seeks to 
maximise the diversity of constituent indices, subject to the volatility budget. Exhibits 11, 12, and 13 
below illustrate the dynamic multi-factor nature of the solution.
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Exhibit 11: Smart Factor Index Allocation of the Scientific Beta EDHEC-Risk U.S. Long Term Relative Volatility (90%) Strategy
The chart shows the evolution of the allocation across the 30 [6 factors x 5 weightings] Smart Factor Indices for the Scientific Beta U.S. Long-Term Track 
Record (LTTR) period. The factor tilts are - Mid Cap, Value, Positive Momentum, Low Volatility, Low Investment, and High Profitability. The weighting 
schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility, and Efficient Maximum 
Sharpe Ratio. The allocation is rebalanced quarterly over the period of 43 years (31 December 1972 to 31 December 2015). The benchmark is the 
capitalisation-weighted portfolio of all stocks in the Scientific Beta U.S. LTTR universe, which consists of the 500 largest U.S. stocks. Scientific Beta U.S. 
Long Term Smart Factor Indices have a 45-year track record. As the calibration of solutions requires 2 years, all U.S. Long Term Smart Beta solutions 
have a 43-year track record. Source: www.scientificbeta.com.

Exhibit 12: Smart Factor Index Allocation of the Scientific Beta EDHEC-Risk U.S. Relative Volatility (90%) Benchmark
The chart shows the evolution of the allocation across the 30 [6 factors x 5 weightings] Smart Factor Indices for the Scientific Beta U.S. over the ten-year 
period ended 31 December 2015. The factor tilts are Mid Cap, Value, Positive Momentum, Low Volatility, Low Investment, and High Profitability. The 
weighting schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility, and Efficient 
Maximum Sharpe Ratio. The allocation is rebalanced quarterly over the period of 10 years (31 December 2005 to 31 December 2015). The benchmark 
is the capitalisation-weighted portfolio of all stocks in the Scientific Beta U.S. universe which consists of the 500 largest U.S. stocks. Source: www.
scientificbeta.com.
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Exhibit 13: Smart Factor Index Allocation of the Scientific Beta EDHEC-Risk Developed Relative Volatility (90%) Benchmark
The chart shows the evolution of the allocation across the 30 [6 factors x 5 weightings] Smart Factor Indices for the Scientific Beta U.S. over the ten-year 
period ended 31 December 2015. The factor tilts are Mid Cap, Value, Positive Momentum, Low Volatility, Low Investment, and High Profitability. The 
weighting schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility, and Efficient 
Maximum Sharpe Ratio. The allocation is rebalanced quarterly over the period of 10 years (31 December 2005 to 31 December 2015). The benchmark 
is the cap-weighted portfolio of all stocks in the Scientific Beta Developed universe, which consists of 2,000 large and mid-cap stocks. Source: www.
scientificbeta.com.

Performance of the Scientific Beta EDHEC-Risk Relative Volatility Benchmarks
As shown in Exhibit 14 below, over the very long-term (43-year record), the Scientific Beta EDHEC-Risk 
Relative Volatility (90%) solution respects its constraint of a minimum volatility reduction of 10% – it 
achieves a robust 15% reduction – and produces higher returns than the Low Volatility Smart Factor 
Indices. Its Sharpe Ratio is twice that of the benchmark, on par with that of the two Low Volatility 
indices. The solution's high outperformance of 3.51% p.a. and lower tracking error – a result of its 
dissymmetric defensive profile and the exploitation of decorrelation opportunities across both the 
factor and weighting scheme dimensions – combine to produce an information ratio of 0.68, which 
is exceptionally high for a defensive strategy. 

The most striking observation, which is also the most important value added of this solution, is 
its ability to combine significant downside protection and excellent upside capture. Due to its 
dynamic character, the strategy gears downs its defensive exposure in low volatility environments 
and outperforms by 1.84% in bull markets over the period when even well-diversified defensive 
strategies underperform. The benefits of dynamic allocation are even more evident in extreme bull 
markets: the strategy trails by a mere 69bps, when the Low Volatility Multi-Strategy Index is 639bps 
behind the benchmark and the Low Volatility Efficient Minimum Volatility Index underperforms by 
962bps. Relative to these indices, the strategy shows higher probabilities of outperformance in the 
short- and medium-terms and a lower maximum relative drawdown. 

5. Designing Dissymmetric Defensive Strategies

Scientific Beta EDHEC-Risk Relative Volatility (90%) Allocation (Developed Markets, 10 Years)



In summary, the Scientific Beta EDHEC-Risk Relative Volatility (90%) strategy comes across as an 
excellent compromise between performance and downside protection. It provides about the same 
reduction in volatility as the Scientific Beta Low Volatility Diversified Multi-Strategy index, but a much 
higher information ratio and a much better upside capture. This translates into greater robustness 
of outperformance across time and states as illustrated by the solution's superior probabilities of 
outperformance.

Exhibit 14: Comparison of Solution Concept to Scientific Beta Long-Term Low Volatility Indices
The analysis is based on daily total return data in USD from 31 December 1972 to 31 December 2015 (43 years). Regressions are performed using 
weekly total returns in USD. The Scientific Beta EDHEC-Risk Relative Volatility (90%) allocation is performed using 30 [6 factors x 5 weightings] Smart 
Factor Indices implemented in the Scientific Beta U.S. Long-Term Track Record (LTTR) universe. The factor tilts are Mid Cap, Value, Positive Momentum, 
Low Volatility, Low Investment, and High Profitability. The weighting schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum 
Decorrelation, Efficient Minimum Volatility, and Efficient Maximum Sharpe Ratio. The allocation is rebalanced quarterly over the period of 43 years (31 
December 1972 to 31 December 2015). Scientific Beta U.S. Long Term Smart Factor Indices have a 45-year track record. As the calibration of solutions 
requires two years, all U.S. Long Term Smart Beta solutions have a 43-year track record. The benchmark is the capitalisation-weighted portfolio of all 
stocks in the Scientific Beta U.S. LTTR universe, which consists of the 500 largest U.S. stocks. The risk-free rate is the return of the 3-month U.S. Treasury 
Bill. The Maximum Relative Drawdown is the maximum drawdown of the long-short index, the return of which is given by the fractional change in 
the ratio of the strategy index to the benchmark index. The 95% Tracking Error is the 95th percentile of 1-year rolling tracking error and is computed 
using a 1-week step size. The probability of outperformance is the probability of obtaining positive excess returns from investing in the strategy for 
a period of 1, 3 or 5 years at any point during the history of the strategy using a rolling window and a 1-week step size. Rolling Volatility statistics are 
reported as mean, standard deviation and 95th percentile of annualised volatility computed using a 3-year rolling window and a 1-week step size. 
Quarters with positive benchmark index returns are classed as bull quarters and the remaining are classed as bear quarters. The top 25% quarters 
with the best benchmark index returns are extreme bull quarters and the bottom 25% quarters with the worst benchmark index returns are extreme 
bear quarters. The returns on the market factor are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported turnover is 
1-way, annual and it is averaged across 172 rebalancings in the 43-year period. Source: www.scientificbeta.com. 

31-Dec-1972 to 31-Dec-2015
(43 Years)

Scientific Beta 
US Broad CW

Scientific Beta 
EDHEC-Risk Relative 

Volatility (90%)

Scientific Beta Low 
Volatility Diversified 

Multi-Strategy

Scientific Beta Low 
Volatility Efficient 

Minimum Volatility

Ann. Returns 10.16% 13.67% 12.94% 13.04%

Ann. Volatility 17.15% 14.64% 14.08% 13.26%

Sharpe Ratio 0.29 0.58 0.56 0.60

Max Drawdown 54.63% 48.70% 48.31% 42.42%

Ann. Rel. Returns - 3.51% 2.77% 2.88%

Ann. Tracking Error - 5.13% 6.08% 7.09%

95% Tracking Error - 8.77% 11.43% 13.96%

Information Ratio - 0.68 0.46 0.41

Outperf Prob. (1Y) - 71.26% 66.01% 61.91%

Outperf Prob. (3Y) - 81.32% 76.53% 75.14%

Outperf Prob. (5Y) - 88.10% 86.14% 81.05%

Max Relative Drawdown - 33.18% 43.46% 46.94%

3-Year Rolling Vol Mean 16.40% 13.99% 13.43% 12.70%

3-Year Rolling Vol Std 5.33% 4.61% 4.47% 4.04%

3-Year Rolling Vol 95% 29.29% 25.06% 24.63% 22.11%

Ann. Rel. Returns Bull - 1.84% -0.77% -2.02%

Ann. Rel. Returns Bear - 5.53% 7.52% 9.64%

Ann. Rel. Returns Extreme Bull - -0.69% -6.39% -9.62%

Ann. Rel. Returns Extreme Bear - 5.14% 7.35% 9.74%

CAPM Market Beta 1.00 0.86 0.80 0.74

1-Way Turnover 3.1% 39.4% 26.5% 34.6%
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Exhibit 15 shows that the performance of the Scientific Beta EDHEC-Risk United States Relative 
Volatility (90%) solution over the last 10 years is consistent with the long-term track record. The 
reduction in volatility of this solution over the 10-year period is 13%, which respects the constraint, 
and it displays the same ability to provide both significant downside protection and excellent upside 
capture. Relative to the ERI Scientific Beta Low Volatility Indices and third-party defensive strategies, 
the strategy shows lower tracking error and boasts the best information ratio; it has higher probabilities 
of outperformance in the short- and medium-terms and a lower relative drawdown. In a decade that 
has been particularly beneficial to highly defensive strategies, the benchmark delivers the same excess 
performance, about 2% p.a., as the most defensive product on the market with twice its information 
ratio and vastly higher probabilities of outperformance over the short- and medium-term. 

Exhibit 15: Comparison of Benchmark to Scientific Beta Low Volatility Indices and Traditional Defensive Strategies for the U.S. (2006-2015)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). Regressions are performed using 
weekly total returns in USD. The Scientific Beta EDHEC-Risk Relative Volatility (90%) allocation is performed using 30 [6 factors x 5 weightings] Smart 
Factor Indices in the Scientific Beta U.S. universe. The factor tilts are Mid Cap, Value, Positive Momentum, Low Volatility, Low Investment, and High 
Profitability. The weighting schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility, 
and Efficient Maximum Sharpe Ratio. The allocation is rebalanced quarterly over the period of 10 years (31 December 2005 to 31 December 2015). 
The benchmark for performing the allocation is the Scientific Beta U.S. capitalisation-weighted index. The benchmark for analytics reporting is the 
S&P 500 Index. The Scientific Beta U.S. universe consists of the 500 largest U.S. stocks. The risk-free rate is the return of the 3-month U.S. Treasury Bill. 
The Maximum Relative Drawdown is the maximum drawdown of the long-short index whose return is given by the fractional change in the ratio of 
the strategy index to the benchmark index. The 95% Tracking Error is the 95th percentile of 1-year rolling tracking error and is computed using 1-week 
step size. The probability of outperformance is the probability of obtaining positive excess returns from investing in the strategy for a period of 1, 3 or 
5 years at any point during the history of the strategy using a rolling window and a 1-week step size. Rolling Volatility statistics are reported as mean, 
standard deviation and 95th percentile of annualised volatility computed using a 3-year rolling window and a 1-week step size. Quarters with positive 
benchmark index returns are classed as bull quarters and the remaining are classed as bear quarters. The top 25% quarters with the best benchmark 
index returns are extreme bull quarters and the bottom 25% quarters with the worst benchmark index returns are extreme bear quarters. The returns 
on the market factor are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported turnover is 1-way annual and it is 
averaged across 40 rebalancings in the 10-year period. Source: www.scientificbeta.com and Bloomberg.

31-Dec-2005 to 31-Dec-2015
(10 Years)

S&P 500 Scientific Beta 
EDHEC-Risk 

Relative Volatility 
(90%)

Scientific Beta 
Low Volatility 

Diversified 
Multi-Strategy

Scientific Beta 
Low Volatility 

Efficient Minimum 
Volatility

MSCI USA 
Minimum 
Volatility

S&P500 Low 
Volatility

Ann. Returns 7.28% 9.34% 9.62% 10.54% 8.86% 9.35%

Ann. Volatility 20.71% 18.00% 17.25% 15.70% 17.14% 15.28%

Sharpe Ratio 0.30 0.46 0.49 0.60 0.45 0.54

Max Drawdown 55.25% 48.70% 48.31% 42.42% 46.61% 40.40%

Ann. Rel. Returns - 2.06% 2.34% 3.26% 1.58% 2.07%

Ann. Tracking Error - 4.37% 5.25% 7.00% 5.32% 8.54%

95% Tracking Error - 8.99% 9.67% 13.87% 8.39% 17.71%

Information Ratio - 0.47 0.45 0.47 0.30 0.24

Outperf Prob. (1Y) - 71.91% 62.55% 65.74% 57.66% 50.21%

Outperf Prob. (3Y) - 97.27% 91.80% 86.89% 74.86% 69.67%

Outperf Prob. (5Y) - 100.00% 99.24% 95.04% 79.01% 73.28%

Max Relative Drawdown - 8.27% 8.79% 12.30% 12.83% 18.75%

3-Year Rolling Vol Mean 21.74% 19.05% 17.91% 16.33% 17.62% 15.76%

3-Year Rolling Vol Std 7.04% 5.62% 6.02% 5.13% 6.47% 4.72%

3-Year Rolling Vol 95% 30.61% 26.08% 25.48% 22.83% 25.79% 21.72%
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Ann. Rel. Returns Bull - -0.87% -2.20% -3.28% -4.64% -6.59%

Ann. Rel. Returns Bear - 5.92% 8.54% 12.49% 10.37% 14.78%

Ann. Rel. Returns Extreme Bull - -5.41% -8.03% -11.69% -9.48% -14.89%

Ann. Rel. Returns Extreme Bear - 6.09% 9.15% 13.91% 11.97% 16.13%

CAPM Market Beta 1.00 0.87 0.82 0.74 0.80 0.68

1-Way Turnover NA 41.5% 28.2% 36.0% NA NA

Exhibit 16 shows performance comparisons over the same period for Developed Markets as a whole. 
The reduction in volatility of the Scientific Beta EDHEC-Risk Developed Relative Volatility (90%) 
solution over the 10-year period is 14% and the benchmark displays the same ability to provide both 
significant downside protection and excellent upside capture. Relative to the ERI Scientific Beta Low 
Volatility Indices and more defensive third-party strategies, the strategy shows lower tracking error 
and a lower relative drawdown. While it is dominated by the ERI Scientific Beta Low Volatility indices 
in terms of returns and Sharpe ratio, due to a market environment that favoured defensive strategies, 
it delivers a much higher information ratio and has much higher probabilities of outperformance in 
the short- and medium-term. 

Exhibit 16: Comparison of Benchmark to Scientific Beta Low Volatility Indices and Traditional Defensive Strategies for Developed Markets (2006-2015)
The analysis is based on daily total return data in USD from 31 December 2005 to 31 December 2015 (10 years). Regressions are performed using 
weekly total returns in USD. The Scientific Beta EDHEC-Risk Relative Volatility (90%) allocation is performed using 30 [6 factors x 5 weightings] Smart 
Factor Indices in the Scientific Beta U.S. universe. The factor tilts are Mid Cap, Value, Positive Momentum, Low Volatility, Low Investment, and High 
Profitability. The weighting schemes are Maximum Deconcentration, Diversified Risk Weighted, Maximum Decorrelation, Efficient Minimum Volatility, 
and Efficient Maximum Sharpe Ratio. The allocation is rebalanced quarterly over the period of 10 years (31 December 2005 to 31 December 2015). The 
benchmark for performing the allocation is the Scientific Beta Developed capitalisation-weighted index. The benchmark for analytics reporting is the 
MSCI World Index. The Scientific Beta Developed universe consists of 2,000 large and mid-cap stocks. The risk-free rate is the return of the 3-month U.S. 
Treasury Bill. The Maximum Relative Drawdown is the maximum drawdown of the long-short index whose return is given by the fractional change in 
the ratio of the strategy index to the benchmark index. The 95% Tracking Error is the 95th percentile of 1-year rolling tracking error and is computed 
using 1-week step size. The probability of outperformance is the probability of obtaining positive excess returns from investing in the strategy for a 
period of 1, 3 or 5 years at any point during the history of the strategy using a rolling window and a 1-week step size. Rolling Volatility statistics are 
reported as mean, standard deviation and 95th percentile of annualised volatility computed using a 3-year rolling window and a 1-week step size. 
Quarters with positive benchmark index returns are classed as bull quarters and the remaining are classed as bear quarters. The top 25% quarters 
with the best benchmark index returns are extreme bull quarters and the bottom 25% quarters with the worst benchmark index returns are extreme 
bear quarters. The returns on the market factor are the returns of the capitalisation-weighted benchmark over the risk-free rate. Reported turnover is 
1-way, annual and it is averaged across 40 rebalancings in the 10-year period. Source: www.scientificbeta.com and Bloomberg.

31-Dec-2005 to 31-Dec-2015
(10 Years)

MSCI World Scientific Beta 
EDHEC-Risk Relative 

Volatility (90%)

Scientific Beta 
Low Volatility 

Diversified 
Multi-Strategy

Scientific Beta 
Low Volatility 

Efficient Minimum 
Volatility

MSCI World 
Minimum 
Volatility

S&P GIVI 
Developed

Ann. Returns 5.54% 8.23% 8.58% 9.35% 7.30% 6.52%

Ann. Volatility 17.80% 15.25% 13.98% 12.86% 12.81% 15.62%

Sharpe Ratio 0.25 0.47 0.53 0.64 0.48 0.35

Max Drawdown 57.46% 50.86% 49.55% 45.02% 47.35% 53.11%

Ann. Rel. Returns - 2.69% 3.04% 3.81% 1.76% 0.98%

Ann. Tracking Error - 3.49% 4.83% 6.19% 6.74% 3.30%

95% Tracking Error - 7.52% 9.24% 12.29% 10.95% 6.25%

Information Ratio - 0.77 0.63 0.62 0.26 0.30

Outperf Prob. (1Y) - 81.06% 65.53% 68.09% 56.60% 56.81%

Outperf Prob. (3Y) - 99.18% 96.99% 93.17% 74.59% 87.16%

Outperf Prob. (5Y) - 100.00% 100.00% 97.33% 79.01% 94.27%

Max Relative Drawdown - 7.72% 9.76% 13.43% 17.42% 5.75%

5. Designing Dissymmetric Defensive Strategies

An ERI Scientific Beta Publication — ERI Scientific Beta Defensive Strategies: Bringing Diversification to, and Going Beyond, Traditional Approaches — March 2016
Copyright © 2016 ERI Scientific Beta. All rights reserved. Please refer to the disclaimer at the end of this document.

41



42 An ERI Scientific Beta Publication — ERI Scientific Beta Defensive Strategies: Bringing Diversification to, and Going Beyond, Traditional Approaches — March 2016
Copyright © 2016 ERI Scientific Beta. All rights reserved. Please refer to the disclaimer at the end of this document.

13 - For more details, please refer to Amenc et al. (2015a), Scientific Beta Multi-Strategy Factor Indices: Combining Factor Tilts and Improved Diversification, 
available at http://docs.scientificbeta.com/Library/External/White_Papers/ERI_Scientific_Beta_Publication_Scientific_Beta_Multi-Strategy_Factor_Indices; 
and Goltz (2015), Long-Term Rewarded Equity Factors: What Can Investors Learn from Academic Research? P&I EDHEC-Risk Institute Research for Institutional 
Money Management supplement, available at http://www.edhec-risk.com/about_us/documents/attachments/PI_EDHEC-Risk_Supplement_August_2015.pdf.

3-Year Rolling Vol Mean 18.92% 16.29% 14.73% 13.53% 13.27% 16.51%

3-Year Rolling Vol Std 5.32% 4.12% 4.16% 3.68% 4.44% 4.76%

3-Year Rolling Vol 95% 25.44% 21.23% 19.82% 18.07% 18.82% 22.33%

Ann. Rel. Returns Bull - 0.49% -1.28% -2.41% -6.16% -1.49%

Ann. Rel. Returns Bear - 5.32% 8.58% 12.08% 12.73% 4.10%

Ann. Rel. Returns Extreme Bull - -2.44% -7.74% -11.54% -13.99% -4.10%

Ann. Rel. Returns Extreme Bear - 6.03% 10.05% 14.09% 14.72% 4.38%

CAPM Market Beta 1.00 0.86 0.78 0.71 0.69 0.88

1-Way Turnover NA 35.0% 29.5% 36.4% NA NA

De facto, the Scientific Beta EDHEC-Risk Relative Volatility (90%) benchmark represents a solution 
that is very different from the defensive strategies proposed by the Scientific Beta Low Volatility 
Diversified Multi-Strategy or Scientific Beta Low Volatility Efficient Minimum Volatility Indices. It no 
longer involves offering a defensive strategy that performs as well as possible in bear market situations 
(Scientific Beta Low Volatility Efficient Minimum Volatility), because it has a very low beta, but is well 
diversified; nor does it involve focusing on the capture of the risk premium associated with the Low 
Risk factor as efficiently as possible (Scientific Beta Low Volatility Multi-Strategy) by making sure to 
obtain excellent risk-adjusted performance through good diversification (i.e. reduction) of weighting 
scheme idiosyncrasies. 

The solution does not involve being concentrated in the Low Volatility factor, but allocating to the six 
rewarded factors that are subject to consensus in the academic literature.13 It is the dynamic nature 
of the multi-index allocation that will allow the strategy to be most defensive when most useful, i.e. 
when the markets are highly volatile. The investor will ultimately avail of a dissymmetric pay-off that 
has the advantages of a defensive strategy as it protects against downside risk and outperforms the 
capitalisation-weighted benchmark strongly in bear and extreme bear markets, but does not present 
the disadvantage of traditional defensive strategies which underperform in bull markets. Better upside 
capture is produced by good factor diversification that is made possible by a lower absolute volatility 
reduction constraint during low volatility periods that generally correspond to periods of market 
rises. Unlike the two previous indices, which correspond to allocation complements and possible 
tactical allocation instruments, this solution can probably be regarded as a ”core” standalone solution, 
since it offers solid performance throughout the cycle thanks to its dynamic management of the risk 
budget. 
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Consistent with both modern portfolio theory and the seminal academic literature on factor investing, 
the ERI Scientific Beta Smart Factor Indices that tilt towards Low Volatility stocks are designed to 
efficiently harvest the Low Risk premium while also reducing the contribution of idiosyncratic risks to 
short-term volatility and tracking error. Owing to the joint use of a broad selection and of weighting 
schemes that ensure that opportunities for diversification of idiosyncratic risk present in the selection 
be used, the ERI Scientific Beta Smart Factor methodology avoids or reduces issues associated with 
concentration arising from unconstrained optimisation and factor exposure maximisation approaches, 
notably high average and extreme idiosyncratic risks, undesired biases, high turnover, capacity 
and liquidity issues and high susceptibility to errors.  Implemented in a long-only and unleveraged 
framework, the ERI Scientific Beta Smart Factor Indices that tilt towards Low Volatility stocks acquire a 
defensive character, which can be maximised by selection of the Efficient Minimum Volatility weighting 
scheme.  Relative to the broad-market capitalisation-weighted benchmark, both the ERI Scientific Beta 
Low Volatility Multi-Strategy and Efficient Minimum Volatility Indices produce robust outperformance 
and Sharpe ratio gains in the medium-long term owing to their downside risk protection and upside 
capture qualities.  While the ERI Scientific Beta Low Volatility Efficient Minimum Volatility Index has 
produced a higher Sharpe ratio than the Low Volatility Multi-Strategy Index over the very long-term, 
the latter is associated with higher probabilities of outperformance over the short and medium-term.  
Relative to equally defensive solutions put forward by other providers, the superior diversification of 
the ERI Scientific Beta Low Volatility indices produces significantly higher returns, adjusted returns 
and probabilities of outperformance.  Naturally, they are both concentrated on the Low Risk factor 
and thus miss out on the rewards associated with other factor tilts.  In addition, Low Volatility indices 
acquire a defensive character in a long-only context and, as such, have a constantly low beta (the Low 
Volatility Efficient Minimum Volatility Index particularly so as its weighting scheme aims for volatility 
reduction).  This unconditional defensive character causes them to significantly trail the benchmark 
in strong bull markets.  To address these issues, the Scientific Beta EDHEC-Risk Relative Volatility 
benchmarks rely on risk-based allocation models engineered by EDHEC-Risk Institute to select and 
dynamically allocate to the whole gamut of ERI Scientific Beta Smart Factor Indices carrying long-term 
risk premia to deliver a dissymmetric defensive profile.  Relying on the persistence of volatility and the 
negative relationship between volatility and returns, these benchmarks target a constant reduction 
in relative volatility vis-à-vis the broad market capitalisation-weighted index that allows the defensive 
character of the strategy to adjust to market conditions and combine downside risk protection with 
improved upside capture.  The Scientific Beta EDHEC-Risk Relative Volatility benchmarks are an 
excellent compromise between performance and downside protection.  Compared to unconditional 
defensive strategies, they exhibit excellent upside capture, exceptional information ratios and much 
higher probabilities of outperformance in the short and medium-terms.  As such, these benchmarks 
constitute in our view core solutions for buy-and-hold investors who seek a defensive allocation but 
wish to reduce the risk of short and/or medium term underperformance relative to a peer group or 
the broad-market capitalisation-weighted index.
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EDHEC-Risk Institute set up ERI Scientific Beta in December 2012 as part of its policy of transferring 
know-how to the industry. ERI Scientific Beta is an original initiative which aims to favour the adoption 
of the latest advances in “smart beta” design and implementation by the whole investment industry. 
Its academic origin provides the foundation for its strategy: offer, in the best economic conditions 
possible, the smart beta solutions that are most proven scientifically with full transparency of both 
the methods and the associated risks. Smart beta is an approach that deviates from the default 
solution for indexing or benchmarking of using market capitalisation as the sole criterion for 
weighting and constituent selection.

EDHEC-Risk Institute considers that new forms of indices represent a major opportunity to put into 
practice the results of the considerable research efforts conducted over the last 30 years on portfolio 
construction. Although these new benchmarks may constitute better investment references than 
poorly-diversified cap-weighted indices, they nevertheless expose investors to new systematic and 
specific risk factors related to the portfolio construction model selected. 

Consistent with a full control of the risks of investment in smart beta benchmarks, ERI Scientific Beta 
not only provides exhaustive information on the construction methods of these new benchmarks 
but also enables investors to conduct the most advanced analyses of the risks of the indices in the 
best possible economic conditions. 

Lastly, within the context of a Smart Beta 2.0 approach, ERI Scientific Beta provides the opportunity 
for investors not only to measure the risks of smart beta indices, but also to choose and manage 
them. This new aspect in the construction of smart beta indices has led ERI Scientific Beta to build 
the most extensive smart beta benchmarks platform available which currently provides access to 
2,597 smart beta indices.
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Copyright © 2016 ERI Scientific Beta. All rights reserved. Scientific Beta is a registered trademark 
licensed to EDHEC Risk Institute Asia Ltd (“ERIA”). All information provided by ERIA is impersonal and 
not tailored to the needs of any person, entity or group of persons. Past performance of an index is 
not a guarantee of future results.

This material, and all the information contained in it (the “information”), have been prepared by ERIA 
solely for informational purposes, are not a recommendation to participate in any particular trading 
strategy and should not be considered as an investment advice or an offer to sell or buy securities. The 
information shall not be used for any unlawful or unauthorised purposes. The information is provided 
on an "as is" basis. Although ERIA shall obtain information from sources which ERIA considers reliable, 
neither ERIA nor its information providers involved in, or related to, compiling, computing or creating 
the information (collectively, the "ERIA Parties") guarantees the accuracy and/or the completeness 
of any of this information. None of the ERIA Parties makes any representation or warranty, express 
or implied, as to the results to be obtained by any person or entity from any use of this information, 
and the user of this information assumes the entire risk of any use made of this information. None 
of the ERIA Parties makes any express or implied warranties, and the ERIA Parties hereby expressly 
disclaim all implied warranties (including, without limitation, any implied warranties of accuracy, 
completeness, timeliness, sequence, currentness, merchantability, quality or fitness for a particular 
purpose) with respect to any of this information. Without limiting any of the foregoing, in no event 
shall any of the ERIA Parties have any liability for any direct, indirect, special, punitive, consequential 
or any other damages (including lost profits) even if notified of the possibility of such damages. All 
Scientific Beta indices and data are the exclusive property of ERIA.

Information containing any historical information, data or analysis should not be taken as an indication 
or guarantee of any future performance, analysis, forecast or prediction. Past performance does not 
guarantee future results. In many cases, hypothetical, back-tested results were achieved by means of 
the retroactive application of a simulation model and, as such, the corresponding results have inherent 
limitations. The index returns shown do not represent the results of actual trading of investable 
assets/securities. ERIA maintains the index and calculates the index levels and performance shown 
or discussed, but does not manage actual assets. Index returns do not reflect payment of any sales 
charges or fees an investor may pay to purchase the securities underlying the index or investment 
funds that are intended to track the performance of the index. The imposition of these fees and 
charges would cause actual and back-tested performance of the securities/fund to be lower than the 
index performance shown. Back-tested performance may not reflect the impact that any material 
market or economic factors might have had on the advisor’s management of actual client assets.

The information may be used to create works such as charts and reports. Limited extracts of information 
and/or data derived from the information may be distributed or redistributed provided this is done 
infrequently in a non-systematic manner. The information may be used within the framework of 
investment activities provided that it is not done in connection with the marketing or promotion of 
any financial instrument or investment product that makes any explicit reference to the trademarks 
licensed to ERIA (ERI SCIENTIFIC BETA, SCIENTIFIC BETA, SCIBETA, EDHEC RISK and any other trademarks 
licensed to ERIA) and that is based on, or seeks to match, the performance of the whole, or any part, 
of a Scientific Beta index. Such use requires that the Subscriber first enters into a separate license 
agreement with ERIA. The information may not be used to verify or correct other data or information 
from other sources.
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