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This is the seventeenth edition of our Quantcraft series. This periodical outlines 
new trading and analytical models across different asset classes. 

Already a pillar of quantitative investing, portfolio construction has become 
even more important in the age of cross-asset risk premia investing. 

While the standard approach is to focus on the right combination of cross-
asset strategies, this report focuses instead on the right combination of assets 
while still capturing the information content from the strategies. 

This involves, first and foremost, estimating and predicting the covariances 
between assets across asset classes, and not between strategies. Further, it 
also involves directly targeting correlations to the investor's strategic portfolio. 

Today’s Quantcraft outlines 3 construction methods that benefit from this 
approach, each targeting a different objective; protection, diversification and 
tracking. The results suggest more stable, predictive covariances, more accurate 
targeting of beta exposures and better handling of asset exposure constraints. 

We also outline shortcomings from this approach, in addition to the sensitivity 
of our results to changes in how the covariances are estimated. 

Figure 1: Protect, Diversify or Track Your Core 

Source: Getty Images. 
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Protect, Diversify or Track Your Core 

 

1. Introduction 

Portfolio optimisation in the age of cross asset risk 
premium investing typically involves estimating the 
optimal mix between separate systematic strategies. 
This follows the premise that if asset returns are driven 
by common factors, and if these common factors have 
well established characteristics, then the construction 
of efficient portfolios should focus solely on the 
combination of factors that target a certain objective - 
typically a portfolio return profile that is either cyclical, 
counter-cyclical, or cycle-independent. 

While investors ultimately buy and sell assets - not 
strategies – in this context the target weights for each 
underlying are derived ex-post, as the standard 
approach combines the optimised weight for the 
chosen strategies with their exposure to that 
underlying asset. 

This report invites the reader to consider an alternative 
approach for portfolios typically comprised of futures 
markets across asset classes: optimise for target asset 
exposures directly, while deciding on strategy weights 
exogenously. After elaborating our argument in Section 
2 and defining our test environment in Section 3, we 
outline optimisation routines that create systematic 
overlay portfolios with distinct goals in mind: hedging 
the original portfolio (Section 4), achieving maximum 
diversification against the original portfolio (Section 5), 
and replicating the original portfolio (Section 6). Finally, 
Section 7 addresses covariance estimation, and 
Section 8 concludes. 

 

2. Covariance between assets and 
strategies 

We start by outlining the case for modeling asset 
covariances instead of strategy covariances.  

First and foremost, we focus on the cross-asset 
investment pool, whose number of underlying assets is 
far smaller than that of the single stock universe. This 
removes much of the dimensionality reduction 
requirements seen in equities.  

Second, our analysis of the risk factors that drive cross-
asset variations suggests that most drivers are static, 
and not dynamic in nature. Static factors – typically 

regions or sectors 1  - are ultimately long-only asset 
groupings, and therefore further validate our premise. 

Third, while asset covariances can be heavily sensitive 
to the exogenous sentiment environment, such 
regimes can be modeled through sentiment indicators 
and ultimately be an input to our covariance estimates, 
as per Natividade et al. [2017]. 

As such, we believe opting for asset covariances often 
allows for better risk estimation, and potentially better 
risk prediction. Strategies are comprised of dynamic 
(often long-short) baskets, whose composition can be 
volatile and therefore lead to covariance estimates with 
less predictive power. The relative stability of asset-by-
asset covariances, on the other hand, often translates 
into better covariance predictions. 

We illustrate our argument with an example. We 
assume a pool of 80 underlying assets across equity 
indices, commodities, currencies and Treasuries - 
shown in Figure 2 – with daily returns starting in the 
1990s. We focus on the 5 systematic portfolios 
launched last year, all based on prior Quantcraft 
research: trend following, carry, value, sentiment and 
macro factor investing. 

                                                        

1 The factors of risk identified in our study were: inflation, developed 
market equities, EM equities, USD/G10 FX, USD/EM FX, each major 
commodity sector (energy, metals and agriculture), global Treasuries, 
Momentum and Carry. 8 out of 10 are long-only factors. 

https://gm.db.com/global_markets/publications/fx_special/quant_craft17sep13.pdf
https://gm.db.com/global_markets/publications/fx_special/quantcraft.pdf
https://gm.db.com/global_markets/publications/fx_special/quantcraft_141212.pdf
https://gm.db.com/global_markets/publications/fx_special/quantcraft_101115.pdf
https://gm.db.com/global_markets/publications/fx_special/quantcraft_101115.pdf
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Figure 2: List of assets used in the protection portfolio 

Asset class Underlying assets 

Equity index futures 

S&P 500 (US) Nikkei 225 (JP) ISE (TU) 

Eurostoxx 50 
(EU) 

OMX (SW) TOP40 (SA) 

DAX (EU) RDX (RU) Kospi (KO) 

CAC (EU) SMI (SZ) Nasdaq 

Hang Seng 
(HK) 

TSX (CA) FTSE 100 (UK) 

IBEX (EU) TAIEX (TA) WIG (PO) 

ASX 200 (AU) Bovespa (BR) Bolsa (MX) 

FX/USD 

EUR HUF PHP 

GBP IDR PLN 

AUD ILS RON 

NZD INR RUB 

BRL JPY SEK 

CAD KRW SGD 

CHF MXN THB 

CLP MYR TRY 

COP NOK TWD 

CZK PEN ZAR 

Commodity futures 

Aluminium Gasoil Silver 

Brent Heating Oil Soybeans 

Cocoa Led Sugar 

Coffee Natural Gas Wheat 

Copper Nickel WTI 

Corn Palladium Zinc 

Cotton Platinum  

10Y Treasury futures 

Australia  Japan  Switzerland  

Canada  Mexico  UK  

Germany  New Zealand  US  
Source: Deutsche Bank, Bloomberg 

Figure 3 plots the median absolute spread between 
actual and predicted pairwise correlations between 
constituents in two sets: one comprised of our 5 
strategies, and one comprised of our 80 underlying 
assets. The dispersion in the former is notably greater, 
and so is the average root square error: 0.051, versus 
0.031 in the latter. 2  In both cases, the “predicted” 
correlation is estimated using a 5-year lookback 
window, smoothed using a 2-year half life, whereas the 
actual correlation is the correlation realised 1 month 
into the future. 

                                                        

2 Strictly speaking, we must acknowledge that this is not a like-for-like 
comparison as any statistic will face more estimation error when using a 
smaller sample size. In other words, the average of 5 observations is likely 
to be less efficient than that of 80 observations, by default. We partly 
address that by using the median spread instead of the mean spread, as it 
reduces outlier risk. The best alternative would have been to compare the 
correlations of 80 (or 5) strategies with that of 80 (or 5) assets, but neither 
is an accurate reflection of the typical relationship between assets and 
strategies in a cross-asset portfolio. 

Figure 3: Median of absolute spread between 1-month 

predicted and 1-month (future) realised correlations 

within strategies and within assets 
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Source: Deutsche Bank, Bloomberg. 

To further reiterate our argument, we also plot the 
average absolute spread between actual and predicted 
pairwise correlations between our strategies and a 
chosen portfolio, and between our assets and a chosen 
portfolio. For the latter we use a proxy US pension fund 
portfolio, described in more details in Section 3. As 
Figure 4 shows, the difference in predictive power 
between asset correlations and strategy correlations is 
even more significant. 

Figure 4: Median of absolute spread between 1-month 

predicted and 1-month (future) realised correlations 

between a strategic portfolio and our strategies & 

assets 
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Source: Deutsche Bank, Bloomberg. 

These general results have implications for portfolio 
construction. For instance, using asset-based 
covariances may allow us to design overlay portfolios 
whose ex-post beta to a given benchmark is closer to 
the target specified in the optimisation routine. Not only 
our covariance estimates are more accurate using this 
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approach, but the optimisation process benefits from 
greater input breadth as there are more assets than 
there are strategies. 

Another benefit of the asset covariance approach to 
portfolio construction is that it is more flexible in 
capturing certain investor constraints, specifically 
when it comes to boundary exposures to an asset or 
asset class. This allows for better control of risks linked 
to concentration and liquidity. 

Strategy covariances may also be estimated using 
point-in-time portfolios; that is, by using the returns of 
a strategy whose asset composition is static and equal 
to that of the rebalancing date. While we agree that 
this approach leads to better covariance estimation, the 
approach still lacks input breadth (there are less 
strategies than assets to optimise for) and does not 
control for asset exposure boundaries explicitly. 

Sections 4-6 will illustrate our argument in more detail. 

3. Our test environment 

We now outline 3 portfolio construction methods. Each 
of them addresses a distinct need: protection, 
diversification, and replication. For ease of reading, we 
first clarify our testing environment: 

 Our strategic portfolios represent the investor's 
initial exposure, typically a funded portfolio. We use 
four: (1) a proxy US pension fund portfolio3, (2) a 
proxy US fixed income portfolio4, (3) a proxy global 
equity portfolio5, and (4) a proxy risk parity portfolio 
that groups global equities with US fixed income6. 

 Our overlay portfolios are derived from the portfolio 
construction exercises done below. They are 
comprised of unfunded positions in 80 assets 
across currencies, commodities, Treasuries and 
equity indices - as outlined earlier. 

 Our final portfolios are an aggregate of both 
strategic and overlay portfolios. For simplicity, we 
allocate equal weights to both. Figures 6 and 7 look 
at the sensitivity of our results to that, in the context 
of portfolio protection. 

                                                        

3 52% US Equities (<SPXT Index>), 20% US fixed income (<LBUSTRUU 
Index>), 7% Global inflation-linked bonds (<BXIIEUG2 Index>), 8% global 
commodities (<SPGSCITR Index>), 7% global hedge funds (<HFRXGL 
Index>) and 6% US real estate (<IYR US Equity>).  
4 Bloomberg Barclays US Agg Total Return Unhedged Index (fixed rate, 
investment grade bonds): <LBUSTRUU Index>. 
5 MSCI World Index (<NDDUWI Index>). 
6 20% US Equities (<NDDUWI Index>) and 80% US fixed income 
(<LBUSTRUU Index>). The weights were chosen based on an in-sample, 
long-term lookback window for volatility estimation. 

 Position boundaries in the overlay portfolios are 
capped at either 5% of the full portfolio or 2% of 
each asset's average daily volume, assuming a 
portfolio size of USD 500mn. 

 Our alpha portfolio is an aggregate of the 5 
systematic portfolios we have published in recent 
years: trend following (Natividade et al. [2013]), 
carry (Anand et. al [2014]), value (Natividade et al. 
[2014]), sentiment and macro factor investing 
(Natividade et al. [2015]). We allocate equal risk 
capital to each. While the alpha portfolio is built to 
maximise risk-adjusted returns, we use a risk-based 
aggregation function instead of a return-based 
function as we believe none of the aggregate 
strategies can be timed. A warning: we use the term 
"alpha" loosely in this report. 

 Our overlay portfolios rebalance once a week, and 
positions are executed at the close of the following 
business day. We assume fixed transaction costs 
equal to a multiple of the historical average. 

 Covariances are estimated using an EWMA 
approach with different decay profiles. In the case 
of the protection overlay, we use a 5-year rolling 
window of daily returns, decayed exponentially with 
a 2-year half-life. In the case of the diversifier and 
tracker portfolios, we use a 1-year rolling window 
with a 100-day half-life. Section 7 goes through our 
choices in more detail. We have also recently 
introduced a new risk estimation and forecasting 
approach, which incorporates our new risk factor 
model, the relevance of scheduled events in jump 
estimation, and volatility regimes. See Natividade et 
al. [2017] for details. 

 

4. Building a protection portfolio 

In our view, a good protection overlay solution 
possesses 2 properties: (a) stable, highly negative 
correlation to the strategic portfolio, and (b) non-
negative returns over the long run. The framework 
outlined below, first introduced in November last year 
(see Anand et al. [2016]), aims to address both aspects. 
The first property comes via the objective function - a 
minimum correlation portfolio - while the second is 
addressed by using the predictive power from our 
alpha portfolio. 

The steps are as follows: 

Step 1: Solve for the initial weights w  such that the 
following loss function is minimized: 

 

https://gm.db.com/forex/publications/volatilityreader/quant_snaps_7nov2016.pdf
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For clarity, iw is the weight of an asset, U
iw and  

L
iw are the upper and lower boundaries of an asset 

based on its liquidity. ADV is an estimate of the  

average daily volume of an asset, *U
iw and *L

iw are the 
upper and lower boundaries of an asset respectively 
after incorporating the information from our cross- 

asset systematic portfolios. Also, 
L
Sw and 

U
Sw are  

lower and upper bounds of the strategic portfolio, and  
a
iw is the weight of an asset in the aggregated portfolio 

of systematic strategies. Step 1 ultimately produces the 
target weight iw

~

 for each asset.  

Step 2: Re-adjust the preliminary weights to account 
for asset volatility. Solve for the final weights 

fw  such 
that the following function is minimized. 
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7 We opted for 0.5 as it implies equal focus, but the weight choice is 
completely discretionary. High weights are likely to increase concentration 
risk, while lower weights reduce the protection nature of the overlay. 

( ) U
i

L
ii

U
i wwADVw −=×= ,01.0,05.0min  (thus 

addressing liquidity and concentration risk) 

For clarity, f
iw  is the final weight of an asset, and f

iw  
is the initial weight of an asset after adjusting for its 
volatility, iσ . 

Figure 5 shows the results of this approach applied to 
the 4 strategic portfolios mentioned above. Each row 
shows our results for 4 strategic portfolios: (1) global 
equities, (2) a US pension fund proxy, (3) US fixed 
income, and (4) equity-bond risk parity. 

In order to single out the effect of exposure boundaries 
brought by our alpha portfolio, we also include a naive 
minimum correlation portfolio; in other words, one that 
excludes Step 1.b. 

The following observations stand out: 

 In all instances, the protection overlay is much more 
negatively correlated (to the strategic portfolio) than 
the alpha overlay. The best results are in equity-
heavy strategic portfolios, which we primarily 
attribute to their bigger drawdowns and hence 
greater need for protection, but also due to the 
breadth coming from our pool of signals and assets 
to diversify that exposure. 

 The desired drop in correlations did not result in 
significantly worse performance in most instances, 
as shown in the first column. As we compare the 
overlay portfolios with the naive minimum 
correlation portfolio8, we find that only the proposed 
protection overlay maintains a similar correlation 
profile while not "bleeding" as much over time. We 
attribute this to the second constraint (b.) in Step 1 
of our optimisation exercise, which ensures all asset 
exposures in the protection overlay are in the same 
direction as those of our "alpha" portfolio. 

 As expected given the findings above, the 
drawdown profile has also improved (relative to the 
alpha overlay) in all instances, as shown in the 
fourth column. 

The benefits of a stable, highly negative correlation 
profile must not be understated. The more that this 
profile is observed, the more capital efficient the overlay 
portfolio is. In other words, even a small allocation to 
the overlay generates a significant impact in stabilising 
the volatility and, more importantly, improving the 
drawdown profile of the final portfolio. This should be 
key to the large institutional investor, who often faces 
insurance solutions that are not scalable. 

                                                        

8 The naive minimum correlation overlay is built using the same process as 
that of the protection overlay, except that it does not account for the 
second constraint (b.) in Step 1; in other words, it does not utilise the 
predictive power inherent in the “alpha” portfolio.  
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Figure 5: Columns: (1) overlay portfolio performance, (2) 1Y rolling correlation to the strategic portfolio, (3) final 

portfolio performance, (4) final portfolio drawdowns. Rows: (1) strategic pf. = global equities, (2) strategic pf. = US 

pension fund proxy, (3) strategic pf. = US fixed income, (4) strategic pf. = equity-bond risk parity.  
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The drawdowns are smoothed by a 3-month moving average. Source: Deutsche Bank, Bloomberg. 

 

 

Figures 6 and 7 illustrate this type of problem as they 
compares the impact that 3 overlay solutions - trend 
following, US Treasuries and our protection portfolio - 
have on the risk-reward of an aggregate portfolio 
(100% of capital in the strategic portfolio and varying 
allocation to the overlays).  

We use the pension fund proxy as our strategic 
portfolio because it is often so large that no overlay can 
be invested into in equal size. Further, we use US 
Treasuries and trend following because they are often 
used as tail risk protection. 

As the charts show, all 3 overlay alternatives lift risk-
adjusted returns in the combined portfolio, but the 
value comes from distinctly different sources. US 
Treasuries and trend following lift returns, while the 
protection overlay reduces both drawdowns and 

overall volatility. This property of the protection overlay 
allows for even small allocation quantities to make a 
meaningful impact on the risk profile of the final 
portfolio. Figure 8 reiterates the argument by showing 
the protection overlay has a more stable and negative 
correlation to the pension fund proxy portfolio. 
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Figure 6: Sharpe ratio vs volatility of aggregate 

portfolios (pension fund proxy + overlay) according to 

varying allocation to the overlay 
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Data since 2000. Source: Deutsche Bank, Bloomberg. 

Using USTs and trend following leads to more alpha 
risk, as it is their returns - and not their hedging 
capacity - that generate value. On the other hand, the 
protection overlay incurs more basis risk given that the 
protection benefit depends on how predictive our 
covariance estimates are. 

Another important observation relates to how the 
objection function chosen - the minimum correlation 
portfolio - relates to its cousin function, the minimum 
variance portfolio. The latter is a slight modification of 
the former in that the new objective function to be  

minimised becomes:   ∑∑
+ +1 1

,

N

i

N

j
jiji ww σ               (4.2) 

with the added condition that: 

∑ −=
N

i
Striiw 1,β , where 2

,
,
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Stri
Stri σ

σ
β = .   

All other conditions are kept the same, and ji,σ  
represents the covariance between assets i  and j . 

This second objective function benefits from 2 
characteristics: (a) it is (arguably) more intuitive as it 
targets beta explicitly and (b) it removes an extra  

parameter (that 5.0== U
S

L
S ww ) as highlighted 

earlier. 

Figure 7: Shortfall vs volatility of aggregate portfolios 

(pension fund proxy + overlay) according to varying 

allocation to the overlay 
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Data since 2000. Source: Deutsche Bank, Bloomberg. 

Figure 9 compares both functions in terms of how they 
correlate with each of our 4 strategic portfolios. The 
approach from Equation 4.2 may be convenient, but it 
also worsens our results. In all instances, the minimum 
correlation-based framework proposed above exhibits 
a more stable and negative correlation profile than the 
minimum variance approach. Further, the risk adjusted 
returns in the final portfolio were higher in 3 out of 4 
cases – all except for when we used global equities as 
the strategic portfolio. 
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Figure 8: 1Y rolling correlations between overlay and 

pension fund proxy portfolios 
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Source: Deutsche Bank, Bloomberg. 

In our view, this is because a minimum variance 
optimiser favours low correlation and low volatility 
assets alike. Therefore, an asset with very low volatility 
can be given high weight despite also exhibiting 
undesirable correlation properties.  

The beta constraint in the minimum variance approach 
may produce an overlay portfolio whose unlevered 
volatility better matches that of the strategic portfolio, 
but volatility matching is not our aim; minimising 
correlations is. Volatility matching can also be achieved 
later, by leveraging the overlay portfolio. 

Finally, we also find it important to outline the potential 
risks to the portfolio construction approach outlined 
above. We highlight the following: 

 Basis risk: the risk that the correlation (and 
covariance) estimates used differ significantly from 
what is verified in the future, eventually resulting in 
less protection. This risk is typical of overlay 
solutions that seek to combine protection and cost; 
it is not unique to the framework above. 

 “Alpha” risk: the risk that the systematic strategies 
that define our original alpha overlay will 
underperform, therefore removing the value-add 
from the direction-based constraint in Step 1.  

 Concentration risk: the risk that the protection 
overlay is too concentrated on a few positions. The 
more assets are added to the investment pool, the 
less that this is a concern. 

Figure 9: 1Y rolling correlations between strategic 

portfolio and type of protection overlay (original and 

with beta=-1) 
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Source: Deutsche Bank, Bloomberg. 

 

5. Building a diversifier portfolio 

Our second portfolio construction algorithm lies at the 
core of liquid alternative risk premia (ARP) investing.  

ARP portfolios are meant to be uncorrelated to 
traditional exposures, and the standard approach is to 
define the weight of each strategy such that the 
combination would have been historically uncorrelated 
to the investor's strategic portfolio. This approach is 
simple - hence, convenient - and produces favourable 
long-term results. That said, it also suffers from the 
issues highlighted in Section 2, namely lower short-
term correlation predictivity due to unstable estimates 
and diminished control of asset and asset class 
boundary exposures. 

 



17 August 2017 

Quantcraft 
 

Deutsche Bank AG/London Page 9 

 

 

 

We propose a different algorithm, which focuses 
instead on the diversification power of each asset while 
also accounting for the value of each strategy. While 
not all of the 5 strategies included here classify as 
classical ARP, the results suggest this method may 
achieve both diversification and positive expectancy 
more efficiently. 

We minimise the following objective function: 

( )∑ −
N

i
ii ww 2α

                                                       (5.1) 

subject to the following constraints: 

a. 0, =∑
N

i
Striiw β , where 2

,
,

Str

Stri
Stri σ

σ
β =    

 

b. 
)0,,0(

)0,,0(
**

**

L
i

L
i

a
i

L
i

U
i

U
i

a
i

U
i

wwwifw
wwwifw

=<=

=>=
 

 
Note that this constraint is less important than in 
the case of the protection overlay, as Equation 5.1 
already seeks minimum tracking error. We keep it 
for noise control. 

 
c. 1

180

1
=∑

+

=i
iw  

 
d. ** U

ii
L
i www ≤≤  

where:  

( ) U
i

L
ii

U
i wwADVw −=×= ,01.0,05.0min (thus 

addressing liquidity and concentration risk) and  

∑
=

=
Q

q

q
i

a
i ww

1

 

As before, iw is the weight of an asset, U
iw and  

L
iw are the upper and lower boundaries of an asset 

based on its liquidity. ADV is an estimate of the  

average daily volume of an asset, *U
iw and *L

iw are the 
upper and lower boundaries of an asset respectively 
after incorporating the information from our cross- 

asset systematic portfolios. Also, 
L
Sw and 

U
Sw are  

lower and upper bounds of the strategic portfolio, and  
a
iw is the weight of an asset in the aggregated portfolio 

of systematic strategies (Q strategies in total). The 
target weight iw

~

 is our final output. 

This approach does not require redistributing the 
weights to account for asset volatility differences, as 
with Step 2 in Section 4, since that is already 
accounted for in the weights of the original overlay 
portfolio. Inter-asset correlations have also already 

been accounted for, and are therefore not explicitly 
covered in this objective function.9 Our framework of 
choice is, in essence, similar to a benchmark error 
tracking function. 

Figure 10 compares this approach with 2 other 
alternative overlay portfolios: 

 Alpha overlay (SRW): we combined our 5 
systematic strategies using equal risk allocation. 
This is the simplest approach; our alpha overlay. 

 Beta-targeted, equal risk contribution weights 
(BERW): we solve for the equal risk contribution 
portfolio with a constraint that its beta to a given 
strategic portfolio is zero. 10  This is distinctly 
different from the approach outlined above in that 
here we optimise for optimal strategy weights, 
while earlier we optimised for asset weights. 
Strategy weights must be non-negative. 

 

 

                                                        

9 An alternative procedure that further emphasizes covariances is to 
minimise the following function: 

( )( )∑∑ −−
N

j

N

i
jjiiij wwww αασ . We opted against it in this 

case because the original weights 
α
iw  from our alpha portfolio should 

have already accounted for asset diversification. Another approach 
considered was the minimum correlation portfolio with a target aggregate 
correlation of 0 to the strategic portfolio. We also opted against it as it 
would have captured less information content from the alpha portfolio.  
10 In other words, we minimise the following objective 

function ( )∑∑ −
R

r

S

s
PssPrr ww 2

,, σσ  , subject to 

0, =∑
Q

q
Strqqw β  and   0≥qw , where R, S and Q represent the 

number of available strategies and P represents the portfolio of strategies.   
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Figure 10: Columns: (1) overlay portfolio performance, (2) final portfolio performance, (3) and (4) 1Y rolling correlation 

to the strategic portfolio. Rows: (1) strategic pf. = global equities, (2) strategic pf. = US pension fund proxy, (3) 

strategic pf. = US fixed income, (4) strategic pf. = equity-bond risk parity. 
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Source: Deutsche Bank, Bloomberg. 

 

We highlight the following observations: 

 Targeting a neutral beta as extra constraint 
improves the correlation profile in all instances; both 
the diversifier overlay and the BERW generate lower 
correlations to our 4 strategic portfolios, as shown 
in the 3rd and 4th columns.  

 In all instances, the proposed diversifier overlay 
displays more subdued correlations than the BERW 
overlay.  

 This outperformance is reflected in higher risk-
adjusted returns of the final portfolio, which 
combines the strategic exposure with overlay 
portfolios. The version with our proposed overlay 
outperforms the BERW overlay, as per second 
column, even though the latter outperforms the 
former when evaluated on its own (first column). 

Using beta constraints to target exposure to assets – 
instead of exposures to strategies – benefits from 
giving the optimiser more freedom to identify an 
optimal solution. The optimiser may utilise more 
ingredients (i.e. "underlyings") and may target 
boundary constraints – asset and asset class – much 
more easily. Therefore it is no wonder that the 
diversifier overlay seems to outperform the BERW 
overlay in achieving lower correlations to the strategic 
portfolio. 

That said, one must also acknowledge that its 
implementation can be less practical. It is often easier to 
bundle systematic strategies together with the 
aforementioned beta constraints instead of calculating 
the net asset weight from each strategy and re-weight 
asset exposures according to that beta target. Should 
the researcher opt for an approach similar to the BERW 
overlay, we advise enhancing the breadth of the pool 
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of strategies to address the typical long-only exposure 
constraint to each strategy. Ideally one should seek 
beta diversity – in other words, include strategies with 
both negative and positive beta to the factor to be 
neutralised. 

Another point to note is that one may target beta 
exposures to variables other than the strategic portfolio. 
Most notably, one can target beta exposures to risk 
factors. Natividade et al [2017] outline 11 factors of risk 
that help explain the variations of cross-asset returns, 
as well as how to estimate exposures as part of a 
holistic risk factor model. The diversifier overlay 
proposed in this section may also be applied in that 
context. 

Finally, as with Section 4, this approach also suffers 
from concentration, basis and "alpha" risk. 

 

6. Building a tracker portfolio 

Our final algorithm is a portfolio tracker. It aims to 
replicate the return profile of a given benchmark - our 
strategic portfolios. This framework can be used as 
overlay to a strategic portfolio, which allows for better 
volatility targeting. 

Our construction process is a slight modification from 
Navas-Palencia [2016] and Edirisinghe [2013]; In other 
words, we solve for the weights that minimise the 
output from the following objective function: 

∑∑∑ −
N

i
StriiStr

N

i

N

j
ijji www ,

2

2
1 βσσ                       (5.1) 

 

subject to the following boundary constraint:  

1=∑
N

i
iw . Note that this is different from the absolute  

weight summation constraints in previous sections. 
Here we relax the constraint on absolute weights in 
order to better match the volatility of the benchmark 
portfolio, which also results in time-varying leverage. 

We note that, unlike the original references, we chose 
not to add an extra constraint that targets tracking the  

first moment of the benchmark – i.e. Str

N

i
iiw µµ =∑ .  

We avoid targeting iµ  in most portfolio construction 
exercises as it is very difficult to predict. The task is 
particularly challenging in this context because some 
of the benchmarks used are comprised of discretionary 
managers; their future investment decisions may be 
completely unrelated to past decisions. The primary 
use of this approach should be to target the volatility of 
funded portfolios.  

If the investment goal is to replace an exposure that 
cannot be feasibly traded, however, the success of this 
approach will ultimately depend on the nature of the 
exposure.11 

We have also omitted the alpha-based asset boundary 
condition (Step 1b in Section 4), which would have 
served as an enhanced tracking mechanism in this 
context. We do so as the tracker portfolio aims to 
mimic the benchmark, as opposed to outperform it. 

Finally, we added liquidity-based boundary exposures  

( ** , L
i

U
i ww ) as done in Sections 4 and 5.  

The tracker overlay portfolio was tested on 10 
benchmarks in total. These are the original 4 strategic 
portfolios from Section 3, in addition to: 

 A private equity index (<SPLPEQTY Index> on 
Bloomberg); 

 A real estate index (<TENHGU Index> on 
Bloomberg);  

 A hedge fund replication index (<HFRXGL Index> on 
Bloomberg); 

 A CTA-replication index (<NEIXCTA Index> on 
Bloomberg); 

 A global macro index (<HFRXM Index> on 
Bloomberg); 

 A multi-factor index (<EHFI900 Index> on 
Bloomberg). 

Figure 11 illustrates our results when applying the 
tracker framework to all 10 strategic portfolios. The 
primary finding relates to the correlations between our 
tracker portfolios and their respective benchmarks. 
While high, these correlations are not as positive and 
stable as the correlations in the protection portfolio 
(Figure 5) are negative and stable. This is due to lower 
breadth and weight constraints. In other words, our 
pool of 80 assets is not wide enough to replicate some 
of our benchmarks, and the boundary constraints 
attached to each asset keep the optimiser from 
achieving higher correlations. This is less of an issue 
when replicating equity benchmarks - as per first and 
second rows of Figure 11 - because our pool is largely 
comprised of investment assets. But it is a shortcoming 
when replicating risk-mitigating assets such as 
Treasuries. 

                                                        

11 For completeness, we attempted the mean targeting constraint as per 

academic references. We used 2 approaches to estimate iµ : historical 

momentum and expected returns based on alpha aggregation, as per 

Natividade et. al [2017]. The benchmark mean Strµ  was always 

estimated using short-term historical momentum. We found better 
replicating results using static benchmarks, such as a long equities 
position, and worse results when using manager aggregates as 
benchmarks.  
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Figure 11: Columns: (1) and (3): performance of overlay and benchmark (strategic) portfolios, (2) and (4): 1Y rolling 

correlation to the strategic portfolio. Rows: strategic portfolios as per labels. 
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Source: Deutsche Bank, Bloomberg. 

 

Figure 11 also highlights how challenging it can be to 
replicate benchmarks comprised of active managers. 
While the correlations are generally high, they also 
witness sudden drops - coincidental to when the 
benchmarks suddenly rise or drop. 

That said, some result characteristics are positive. For 
instance, the volatility of our tracker portfolios 
generally matched that of our benchmarks - one of the 
goals of our objective function. Further, the leverage 

numbers in our tracker portfolios are realistic.12 Finally, 
the results excluding weight constraints – that is,  

removing the condition that 1=∑
N

i
iw   – generally 

yielded higher correlations.13 

                                                        

12 In equity-linked benchmarks, the average leverage has been 2.2x and 
the standard deviation has been 0.2x over the past 17 years. The numbers 
are 1.7x and 0.2x in fixed income benchmarks, and 2.0x and 0.08x in active 
manager benchmarks, respectively. 
13 The results are mostly felt in fixed income-linked benchmarks. The 
average 1Y correlation (without constraints) has been 0.75, and the 
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Another important observation relates to our choice of 
objective function: we opted for a minimum tracking 
error portfolio, as opposed to a maximum correlation 
portfolio - the latter being the opposite of what was 
described in Equation 5.1. 14  Our choice relates to 
optimisation efficiency; both objective functions are 
convex, but maximising the latter is more likely to yield 
a corner solution - a problem less likely to occur when 
minimising the former. Further, the leverage target is 
already built into our chosen objective function; we do 
not need to address it separately as is the case under 
the maximum correlation portfolio. Finally, Figure 12 
also shows that our primary choice provides a better 
benchmark replication profile in both correlation and 
volatility terms. We focus on active manager 
benchmarks as these are harder to replicate to begin 
with. 

Finally, we reiterate the risks to this approach. Unlike in 
prior sections, there is no "alpha" risk as our systematic 
strategies are not part of the tracker framework. That 
said, one could argue that basis risk and concentration 
risk are magnified here. Replicating active managers 
can be particularly challenging, as shown in our results, 
given the nature of their decision making process. At 
the same time, our attempts to reduce the tracking 
error of fixed income heavy benchmarks using weight 
unconstrained portfolios prompted an over-allocation 
to other risk mitigating assets, therefore increasing 
concentration risk. 

 

                                                                                          

standard deviation has been 0.08. The respective numbers when weight 
constraints are added are 0.65 and 0.10 over the past 17 years. In equity-
related benchmarks, both constrained and unconstrained versions 
produced similar results (0.9 correlation average, and 0.06 standard 
deviation). 
14 In other words, we maximise the following objective function: 

∑∑
+ +1 1

,

N

i

N

j
jiji ww ρ , with the same constraints as highlighted in Steps 

1 and 2 of Section 3. The variables here are also the same as highlighted in 
Section 3. 

Figure 12: Tracker portfolios - volatility and correlation 

to benchmark 
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Source: Deutsche Bank, Bloomberg. Correlation of daily returns, data from 2000 onwards 
depending on the benchmark.  

 

7. Covariance estimation and portfolio 
turnover 

As is the case with all risk-oriented portfolio 
construction exercises, results can be heavily affected 
by how our covariances are estimated. This report 
utilises a standard approach, which benefits from 
simplicity: an EWMA covariance that utilises a rolling 
lookback window and half-life length equal to 2/5 of 
the full window. A more sophisticated approach 
introduced in Natividade et al. [2017] incorporates our 
new risk factor model, the relevance of scheduled 
events in jump estimation, and volatility regimes; that 
will be used in the future. We also refer the reader to 
Ward et al. [2016a] and Ward et al. [2016b] for a 
general overview of topics related to risk estimation, 
including model responsiveness. 

This section addresses the sensitivity of our results to 
covariance estimation window. We address impact 
from 3 angles: portfolio turnover, Sharpe ratio and 
correlations to the strategic portfolio. We focus 
specifically on the proxy US pension fund portfolio as 
our strategic portfolio. 
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Figure 13 plots the impact of different covariance 
estimation windows on the overlay portfolio, measured 
according to its turnover, its average correlation to the 
strategic portfolio and its Sharpe ratio. 

The charts show that the sensitivity of results to our 
covariance matrices is primarily dictated by the role 
that our alpha portfolio plays in the objective function, 
as follows: 

 The covariance estimation windows have little 
impact in the turnover of the diversifier overlay from 
Section 5; as per objective function 5.1, both the 
direction and size of the final weights are primarily 
influenced by the alpha portfolio. Estimation 
windows play a larger role in the protection overlay 
from Section 4, as the alpha portfolio only 
influences the direction of the final asset weights 
while objective function 4.1 is entirely dictated by 
our correlation estimates. Finally, the estimation 
window plays the most significant role in dictating 
the turnover of the tracker portfolio from Section 6, 
as the alpha portfolio has no influence in either 
direction or size of the final asset weights. 

 High turnover variation meant high impact on the 
Sharpe ratio of the protection overlay, just as the 

low variation meant low impact in the diversifier 
overlay - both being unlevered portfolios. As for the 
tracker overlay, whose framework allows for built-in 
leverage, the higher leverage brought by shorter 
estimation windows ultimately lifted the risk-
adjusted returns and hence these were also stable. 
Figure 13 shows similar conclusions on the impact 
of changing turnover on correlations to the strategic 
portfolio. 

These findings help justify our final choices for the 
lookback window when estimating our covariance 
matrices. The protection overlay, whose results suffer 
from shortening our sample lookback, utilises a longer 
lookback window - 5 years, with a 2-year half-life. The 
stability of these estimates ultimately improves the cost 
profile. The diversifier overlay, whose results are 
indifferent to our covariance estimation window, uses a 
shorter lookback window - 1 year, with a 100-day half-
life. We ultimately favour its greater adaptivity. Finally, 
the tracker portfolio also utilises a shorter lookback 
window as its built-in leverage removed much of the 
negative impact from the higher turnover. 

 

 

Figure 13: Result sensitivity to changes in lookback window for volatility estimation as measured by turnover, Sharpe 

ratio and correlation to the strategic benchmark 
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8. Conclusions 

This report has outlined a framework for cross-asset 
portfolio construction that involves modelling the 
covariances between underlying assets across 
currencies, commodities, Treasuries and equity indices. 
It is different in that the standard approach is to model 
strategy covariances instead. 

We outlined 3 portfolio construction methods that 
benefit from this approach, each targeting a different 
objective; protection, diversification and tracking. The 
results suggest: 

 more stable, predictive covariances; 

 more accurate targeting of beta exposures; 

 better handling of asset exposure constraints. 

We also outline shortcomings from this approach, in 
addition to the sensitivity of our results to changes in 
how the covariances are estimated. 

 

9. Bibliography 

Anand, V., Natividade, C., and Mesomeris, S. [2016], 
“Protect Your Core”, Deutsche Bank Quant Snaps , 07 
November 2016.   

Natividade, C., Mesomeris, S., Alvarez, M., Beceren, M. 
and Davis, C [2013], “Colours of Trend”, Deutsche 
Bank Quantcraft, 17 September 2013. 

Edirisinghe, N. C. P. [2013], "Index-tracking optimal 
portfolio selection", Quantitative Finance Letters, vol. 1, 
16-20, 25 June 2013. 

Anand, V., Natividade, C., Mesomeris, S., Davies, C., 
Jian, S., and Capra, J. [2014], “Riding Carry”, Deutsche 
Bank Quantcraft, 03 September 2014. 

Natividade, C., Mesomeris, S., Davies, C., Jiang, C., 
Capra, J., Anand, V. and Qu, S. [2014], "Value 
Investing: Tricky But Worthy", Deutsche Bank 
Quantcraft, 3 December 2014. 

Natividade, C., Anand, V., Mesomeris, S., Davies, C., 
Ward, P., Capra, J., Qu, S. and Osiol, J. [2015], 
"Delving Into New Territories", Deutsche Bank 
Quantcraft, 10 November 2015. 

Navas, G. [2016], "Index-tracking Portfolio Optimisation 
Model", Numerical Algorithms Group (NAG) Tutorial 
report, 04 November 2016. 

Natividade, C., Stanescu, S., Anand, V., Ward, P., 
Carter, S., Finelli, P., and Mesomeris, S. [2017], 
"Volatility Risk Premium: New Dimensions", Deutsche 
Bank Quantcraft, 20 April 2017. 

Ward, P., Mesomeris, S., Davies, C., Natividade, C., 
Anand, V., Capra, J., Qu, S. and Osiol, J. [2016a], 
Exploring The Risk Horizon, DB Quantitative Strategy: 
Portfolios Under Construction, 4 February 2016. 

Ward, P., Mesomeris, S., Davies, C., Natividade, C., 
Anand, V., Capra, J., Qu, S. and Osiol, J. [2016b], 
Exploring The Risk Horizon II: Case Studies, DB 
Quantitative Strategy: Portfolios Under Construction, 
13 June 2016. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



17 August 2017 

Quantcraft 
 

Page 16 Deutsche Bank AG/London 

 

 

 

 

Appendix 1 
 

Important Disclosures 
 
*Other information available upon request 
        
Prices are current as of the end of the previous trading session unless otherwise indicated and are sourced from local 
exchanges via Reuters, Bloomberg and other vendors. Other information is sourced from Deutsche Bank, subject 
companies, and other sources. For disclosures pertaining to recommendations or estimates made on securities other 
than the primary subject of this research, please see the most recently published company report or visit our global 
disclosure look-up page on our website at http://gm.db.com/ger/disclosure/DisclosureDirectory.eqsr. Aside from 
within this report, important conflict disclosures can also be found at https://gm.db.com/equities under the 
"Disclosures Lookup" and "Legal" tabs. Investors are strongly encouraged to review this information before investing. 
 
Analyst Certification 

The views expressed in this report accurately reflect the personal views of the undersigned lead analyst(s). In addition, 
the undersigned lead analyst(s) has not and will not receive any compensation for providing a specific recommendation 
or view in this report. Vivek Anand/Caio Natividade 
    

Hypothetical Disclaimer 

Backtested, hypothetical or simulated performance results have inherent limitations. Unlike an actual performance 
record based on trading actual client portfolios, simulated results are achieved by means of the retroactive application of 
a backtested model itself designed with the benefit of hindsight. Taking into account historical events the backtesting of 
performance also differs from actual account performance because an actual investment strategy may be adjusted any 
time, for any reason, including a response to material, economic or market factors. The backtested performance 
includes hypothetical results that do not reflect the reinvestment of dividends and other earnings or the deduction of 
advisory fees, brokerage or other commissions, and any other expenses that a client would have paid or actually paid. 
No representation is made that any trading strategy or account will or is likely to achieve profits or losses similar to 
those shown. Alternative modeling techniques or assumptions might produce significantly different results and prove to 
be more appropriate. Past hypothetical backtest results are neither an indicator nor guarantee of future returns. Actual 
results will vary, perhaps materially, from the analysis. 

  

   

http://gm.db.com/ger/disclosure/DisclosureDirectory.eqsr


17 August 2017 
Quantcraft 

Deutsche Bank AG/London Page 17 

Additional Information 

The information and opinions in this report were prepared by Deutsche Bank AG or one of its affiliates (collectively 
"Deutsche Bank"). Though the information herein is believed to be reliable and has been obtained from public sources 
believed to be reliable, Deutsche Bank makes no representation as to its accuracy or completeness. Hyperlinks to third-
party websites in this report are provided for reader convenience only. Deutsche Bank neither endorses the content nor 
is responsible for the accuracy or security controls of these websites. 

If you use the services of Deutsche Bank in connection with a purchase or sale of a security that is discussed in this 
report, or is included or discussed in another communication (oral or written) from a Deutsche Bank analyst, Deutsche 
Bank may act as principal for its own account or as agent for another person. 

Deutsche Bank may consider this report in deciding to trade as principal. It may also engage in transactions, for its own 
account or with customers, in a manner inconsistent with the views taken in this research report. Others within 
Deutsche Bank, including strategists, sales staff and other analysts, may take views that are inconsistent with those 
taken in this research report. Deutsche Bank issues a variety of research products, including fundamental analysis, 
equity-linked analysis, quantitative analysis and trade ideas. Recommendations contained in one type of communication 
may differ from recommendations contained in others, whether as a result of differing time horizons, methodologies or 
otherwise. Deutsche Bank and/or its affiliates may also be holding debt or equity securities of the issuers it writes on. 
Analysts are paid in part based on the profitability of Deutsche Bank AG and its affiliates, which includes investment 
banking, trading and principal trading revenues. 

Opinions, estimates and projections constitute the current judgment of the author as of the date of this report. They do 
not necessarily reflect the opinions of Deutsche Bank and are subject to change without notice. Deutsche Bank provides 
liquidity for buyers and sellers of securities issued by the companies it covers. Deutsche Bank research analysts 
sometimes have shorter-term trade ideas that are consistent or inconsistent with Deutsche Bank's existing longer term 
ratings. Trade ideas for equities can be found at the SOLAR link at http://gm.db.com. A SOLAR idea represents a high 
conviction belief by an analyst that a stock will outperform or underperform the market and/or sector delineated over a 
time frame of no less than two weeks. In addition to SOLAR ideas, the analysts named in this report may from time to 
time discuss with our clients, Deutsche Bank salespersons and Deutsche Bank traders, trading strategies or ideas that 
reference catalysts or events that may have a near-term or medium-term impact on the market price of the securities 
discussed in this report, which impact may be directionally counter to the analysts' current 12-month view of total return 
or investment return as described herein. Deutsche Bank has no obligation to update, modify or amend this report or to 
otherwise notify a recipient thereof if any opinion, forecast or estimate contained herein changes or subsequently 
becomes inaccurate. Coverage and the frequency of changes in market conditions and in both general and company 
specific economic prospects make it difficult to update research at defined intervals. Updates are at the sole discretion 
of the coverage analyst concerned or of the Research Department Management and as such the majority of reports are 
published at irregular intervals. This report is provided for informational purposes only and does not take into account 
the particular investment objectives, financial situations, or needs of individual clients. It is not an offer or a solicitation 
of an offer to buy or sell any financial instruments or to participate in any particular trading strategy. Target prices are 
inherently imprecise and a product of the analyst’s judgment. The financial instruments discussed in this report may not 
be suitable for all investors and investors must make their own informed investment decisions. Prices and availability of 
financial instruments are subject to change without notice and investment transactions can lead to losses as a result of 
price fluctuations and other factors. If a financial instrument is denominated in a currency other than an investor's 
currency, a change in exchange rates may adversely affect the investment. Past performance is not necessarily 
indicative of future results. Unless otherwise indicated, prices are current as of the end of the previous trading session, 
and are sourced from local exchanges via Reuters, Bloomberg and other vendors. Data is sourced from Deutsche Bank, 
subject companies, and in some cases, other parties. 

The Deutsche Bank Research Department is independent of other business areas divisions of the Bank. Details regarding 
our organizational arrangements and information barriers we have to prevent and avoid conflicts of interest with respect 
to our research is available on our website under Disclaimer found on the Legal tab.  

Macroeconomic fluctuations often account for most of the risks associated with exposures to instruments that promise 

http://gm.db.com/


17 August 2017 

Quantcraft 
 

Page 18 Deutsche Bank AG/London 

 

 

 

to pay fixed or variable interest rates. For an investor who is long fixed rate instruments (thus receiving these cash 
flows), increases in interest rates naturally lift the discount factors applied to the expected cash flows and thus cause a 
loss. The longer the maturity of a certain cash flow and the higher the move in the discount factor, the higher will be the 
loss. Upside surprises in inflation, fiscal funding needs, and FX depreciation rates are among the most common adverse 
macroeconomic shocks to receivers. But counterparty exposure, issuer creditworthiness, client segmentation, regulation 
(including changes in assets holding limits for different types of investors), changes in tax policies, currency 
convertibility (which may constrain currency conversion, repatriation of profits and/or the liquidation of positions), and 
settlement issues related to local clearing houses are also important risk factors to be considered. The sensitivity of fixed 
income instruments to macroeconomic shocks may be mitigated by indexing the contracted cash flows to inflation, to 
FX depreciation, or to specified interest rates – these are common in emerging markets. It is important to note that the 
index fixings may -- by construction -- lag or mis-measure the actual move in the underlying variables they are intended 
to track. The choice of the proper fixing (or metric) is particularly important in swaps markets, where floating coupon 
rates (i.e., coupons indexed to a typically short-dated interest rate reference index) are exchanged for fixed coupons. It is 
also important to acknowledge that funding in a currency that differs from the currency in which coupons are 
denominated carries FX risk. Naturally, options on swaps (swaptions) also bear the risks typical to options in addition to 
the risks related to rates movements.  
 
Derivative transactions involve numerous risks including, among others, market, counterparty default and illiquidity risk. 
The appropriateness or otherwise of these products for use by investors is dependent on the investors' own 
circumstances including their tax position, their regulatory environment and the nature of their other assets and 
liabilities, and as such, investors should take expert legal and financial advice before entering into any transaction similar 
to or inspired by the contents of this publication. The risk of loss in futures trading and options, foreign or domestic, can 
be substantial. As a result of the high degree of leverage obtainable in futures and options trading, losses may be 
incurred that are greater than the amount of funds initially deposited. Trading in options involves risk and is not suitable 
for all investors. Prior to buying or selling an option investors must review the "Characteristics and Risks of Standardized 
Options”, at http://www.optionsclearing.com/about/publications/character-risks.jsp. If you are unable to access the 
website please contact your Deutsche Bank representative for a copy of this important document. 

Participants in foreign exchange transactions may incur risks arising from several factors, including the following: ( i) 
exchange rates can be volatile and are subject to large fluctuations; ( ii) the value of currencies may be affected by 
numerous market factors, including world and national economic, political and regulatory events, events in equity and 
debt markets and changes in interest rates; and (iii) currencies may be subject to devaluation or government imposed 
exchange controls which could affect the value of the currency. Investors in securities such as ADRs, whose values are 
affected by the currency of an underlying security, effectively assume currency risk.  
Unless governing law provides otherwise, all transactions should be executed through the Deutsche Bank entity in the 
investor's home jurisdiction. Aside from within this report, important conflict disclosures can also be found at 
https://gm.db.com/equities under the "Disclosures Lookup" and "Legal" tabs. Investors are strongly encouraged to 
review this information before investing.  
 
Deutsche Bank (which includes Deutsche Bank AG, its branches and all affiliated companies) is not acting as a financial 
adviser, consultant or fiduciary to you, any of your agents (collectively, "You" or "Your") with respect to any information 
provided in the materials attached hereto. Deutsche Bank does not provide investment, legal, tax or accounting advice, 
Deutsche Bank is not acting as Your impartial adviser, and does not express any opinion or recommendation whatsoever 
as to any strategies, products or any other information presented in the materials. Information contained herein is being 
provided solely on the basis that the recipient will make an independent assessment of the merits of any investment 
decision, and it does not constitute a recommendation of, or express an opinion on, any product or service or any 
trading strategy. 
 
The information presented is general in nature and is not directed to retirement accounts or any specific person or 
account type, and is therefore provided to You on the express basis that it is not advice, and You may not rely upon it in 
making Your decision. The information we provide is being directed only to persons we believe to be financially 
sophisticated, who are capable of evaluating investment risks independently, both in general and with regard to 
particular transactions and investment strategies, and who understand that Deutsche Bank has financial interests in the 
offering of its products and services. If this is not the case, or if You are an IRA or other retail investor receiving this 
directly from us, we ask that you inform us immediately.  

http://www.optionsclearing.com/about/publications/character-risks.jsp
https://gm.db.com/equities


17 August 2017 

Quantcraft 
 

Deutsche Bank AG/London Page 19 

 

 

 

 
United States: Approved and/or distributed by Deutsche Bank Securities Incorporated, a member of FINRA, NFA and 
SIPC. Analysts located outside of the United States are employed by non-US affiliates that are not subject to FINRA 
regulations.  
 
Germany: Approved and/or distributed by Deutsche Bank AG, a joint stock corporation with limited liability incorporated 
in the Federal Republic of Germany with its principal office in Frankfurt am Main. Deutsche Bank AG is authorized under 
German Banking Law and is subject to supervision by the European Central Bank and by BaFin, Germany’s Federal 
Financial Supervisory Authority. 
 
United Kingdom: Approved and/or distributed by Deutsche Bank AG acting through its London Branch at Winchester 
House, 1 Great Winchester Street, London EC2N 2DB. Deutsche Bank AG in the United Kingdom is authorised by the 
Prudential Regulation Authority and is subject to limited regulation by the Prudential Regulation Authority and Financial 
Conduct Authority. Details about the extent of our authorisation and regulation are available on request.  
 
Hong Kong: Distributed by Deutsche Bank AG, Hong Kong Branch or Deutsche Securities Asia Limited.  
 
India: Prepared by Deutsche Equities India Pvt Ltd, which is registered by the Securities and Exchange Board of India 
(SEBI) as a stock broker. Research Analyst SEBI Registration Number is INH000001741. DEIPL may have received 
administrative warnings from the SEBI for breaches of Indian regulations. 
 
Japan: Approved and/or distributed by Deutsche Securities Inc.(DSI). Registration number - Registered as a financial 
instruments dealer by the Head of the Kanto Local Finance Bureau (Kinsho) No. 117. Member of associations: JSDA, 
Type II Financial Instruments Firms Association and The Financial Futures Association of Japan. Commissions and risks 
involved in stock transactions - for stock transactions, we charge stock commissions and consumption tax by 
multiplying the transaction amount by the commission rate agreed with each customer. Stock transactions can lead to 
losses as a result of share price fluctuations and other factors. Transactions in foreign stocks can lead to additional 
losses stemming from foreign exchange fluctuations. We may also charge commissions and fees for certain categories 
of investment advice, products and services. Recommended investment strategies, products and services carry the risk 
of losses to principal and other losses as a result of changes in market and/or economic trends, and/or fluctuations in 
market value. Before deciding on the purchase of financial products and/or services, customers should carefully read the 
relevant disclosures, prospectuses and other documentation. "Moody's", "Standard & Poor's", and "Fitch" mentioned in 
this report are not registered credit rating agencies in Japan unless Japan or "Nippon" is specifically designated in the 
name of the entity. Reports on Japanese listed companies not written by analysts of DSI are written by Deutsche Bank 
Group's analysts with the coverage companies specified by DSI. Some of the foreign securities stated on this report are 
not disclosed according to the Financial Instruments and Exchange Law of Japan. Target prices set by Deutsche Bank's 
equity analysts are based on a 12-month forecast period. 
 
Korea: Distributed by Deutsche Securities Korea Co.  
 
South Africa: Deutsche Bank AG Johannesburg is incorporated in the Federal Republic of Germany (Branch Register 
Number in South Africa: 1998/003298/10).  
 
Singapore: by Deutsche Bank AG, Singapore Branch or Deutsche Securities Asia Limited, Singapore Branch (One Raffles 
Quay #18-00 South Tower Singapore 048583, +65 6423 8001), which may be contacted in respect of any matters 
arising from, or in connection with, this report. Where this report is issued or promulgated in Singapore to a person who 
is not an accredited investor, expert investor or institutional investor (as defined in the applicable Singapore laws and 
regulations), they accept legal responsibility to such person for its contents. 
 
Taiwan: Information on securities/investments that trade in Taiwan is for your reference only. Readers should 
independently evaluate investment risks and are solely responsible for their investment decisions. Deutsche Bank 
research may not be distributed to the Taiwan public media or quoted or used by the Taiwan public media without 
written consent. Information on securities/instruments that do not trade in Taiwan is for informational purposes only and 
is not to be construed as a recommendation to trade in such securities/instruments. Deutsche Securities Asia Limited, 
Taipei Branch may not execute transactions for clients in these securities/instruments.  



17 August 2017 

Quantcraft 
 

Page 20 Deutsche Bank AG/London 

 

 

 

 
Qatar: Deutsche Bank AG in the Qatar Financial Centre (registered no. 00032) is regulated by the Qatar Financial Centre 
Regulatory Authority. Deutsche Bank AG - QFC Branch may only undertake the financial services activities that fall 
within the scope of its existing QFCRA license. Principal place of business in the QFC: Qatar Financial Centre, Tower, 
West Bay, Level 5, PO Box 14928, Doha, Qatar. This information has been distributed by Deutsche Bank AG. Related 
financial products or services are only available to Business Customers, as defined by the Qatar Financial Centre 
Regulatory Authority. 
 
Russia: This information, interpretation and opinions submitted herein are not in the context of, and do not constitute, 
any appraisal or evaluation activity requiring a license in the Russian Federation. 
 
Kingdom of Saudi Arabia: Deutsche Securities Saudi Arabia LLC Company, (registered no. 07073-37) is regulated by the 
Capital Market Authority. Deutsche Securities Saudi Arabia may only undertake the financial services activities that fall 
within the scope of its existing CMA license. Principal place of business in Saudi Arabia: King Fahad Road, Al Olaya 
District, P.O. Box 301809, Faisaliah Tower - 17th Floor, 11372 Riyadh, Saudi Arabia.  
 
United Arab Emirates: Deutsche Bank AG in the Dubai International Financial Centre (registered no. 00045) is regulated 
by the Dubai Financial Services Authority. Deutsche Bank AG - DIFC Branch may only undertake the financial services 
activities that fall within the scope of its existing DFSA license. Principal place of business in the DIFC: Dubai 
International Financial Centre, The Gate Village, Building 5, PO Box 504902, Dubai, U.A.E. This information has been 
distributed by Deutsche Bank AG. Related financial products or services are only available to Professional Clients, as 
defined by the Dubai Financial Services Authority. 
 
Australia: Retail clients should obtain a copy of a Product Disclosure Statement (PDS) relating to any financial product 
referred to in this report and consider the PDS before making any decision about whether to acquire the product. Please 
refer to Australian specific research disclosures and related information at 
https://australia.db.com/australia/content/research-information.html  
 
Australia and New Zealand: This research is intended only for "wholesale clients" within the meaning of the Australian 
Corporations Act and New Zealand Financial Advisors Act respectively. 
 
Additional information relative to securities, other financial products or issuers discussed in this report is available upon 
request. This report may not be reproduced, distributed or published without Deutsche Bank's prior written consent.  
 
Copyright © 2017 Deutsche Bank AG 

  

https://australia.db.com/australia/content/research-information.html


 

 

 

 

 
David Folkerts-Landau 

Group Chief Economist and Global Head of Research 
 

Raj Hindocha 
Global Chief Operating Officer 

Research 

Michael Spencer 
Head of APAC Research 

Global Head of Economics 

Steve Pollard 
Head of Americas Research 

Global Head of Equity Research 

 

Anthony Klarman 
Global Head of 
Debt Research 

Paul Reynolds 
Head of EMEA 

Equity Research 

Dave Clark 
Head of APAC 

Equity Research 

Pam Finelli 
Global Head of 

Equity Derivatives Research 
 

  Andreas Neubauer 
Head of Research - Germany 

Spyros Mesomeris 
Global Head of Quantitative 

and QIS Research 

  

  
International Locations 
Deutsche Bank AG 
Deutsche Bank Place 
Level 16 
Corner of Hunter & Phillip Streets 
Sydney, NSW 2000 
Australia 
Tel: (61) 2 8258 1234 

Deutsche Bank AG 
Große Gallusstraße 10-14 
60272 Frankfurt am Main 
Germany 
Tel: (49) 69 910 00 

Deutsche Bank AG 
Filiale Hongkong 
International Commerce Centre, 
1 Austin Road West,Kowloon, 
Hong Kong 
Tel: (852) 2203 8888 

Deutsche Securities Inc. 
2-11-1 Nagatacho 
Sanno Park Tower 
Chiyoda-ku, Tokyo 100-6171 
Japan 
Tel: (81) 3 5156 6770 

 

Deutsche Bank AG London 
1 Great Winchester Street 
London EC2N 2EQ 
United Kingdom 
Tel: (44) 20 7545 8000 

Deutsche Bank Securities Inc. 
60 Wall Street 
New York, NY 10005 
United States of America 
Tel: (1) 212 250 2500 

   

  


	Protect, Diversify or Track Your Core
	1. Introduction
	2. Covariance between assets and strategies
	3. Our test environment
	4. Building a protection portfolio
	5. Building a diversifier portfolio
	6. Building a tracker portfolio
	7. Covariance estimation and portfolio turnover
	8. Conclusions
	9. Bibliography


