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of the Gaussian paradigm.
Our purpose:\Advance the methodological basis for the use of
non-Gaussian alternatives to traditional mean-variance optimisation",

Dangers of Gaussian assumptions in a non-Gaussian world.
Technological development (Moore's Law): Parallel computing.

Flexibility is also important! Objective functionand constraint set.

How to incorporate forecasts (`alphas')?
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Pearson Type IV, mixture distributions, etc.

For other distributions, mean-variance is a second-order
approximation of expected utility maximisation.
First Response:Higher-order approximations (Samuelson, 1970; and
Kraus and Litzenberger, 1973).

Fourth order expansions are popular: Brandt et al. 2005, Harvey et al.
2004, etc.
Converges under restriction conditions (Lhabitant, 1998)! Restricted
class of utility functions.
Appropriate point to truncate the expansion.
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Computationally intensive (numerical integration, etc).
Limited number of assets: E.g. three assets in regime-Switching of
Ramchand and Susmel (1998).

The combination ofnon-Gaussianity, large numbers of assets, and the
direct maximisation of expected utilitynecessitates an alterative
approach to optimisation.

`Heuristic' optimisation! Threshold acceptance(Dueck and
Scheuer, 1990; Gilli et al. 2006).

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 4 / 23



Introduction

The Basic Idea ...

1 Randomly choose an initial vector of portfolio weights. This is the
current solutionto the problem.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 5 / 23



Introduction

The Basic Idea ...

1 Randomly choose an initial vector of portfolio weights. This is the
current solutionto the problem.

2 Fit a density functionusing the corresponding portfolio returns and
calculate the value of theobjective function.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 5 / 23



Introduction

The Basic Idea ...

1 Randomly choose an initial vector of portfolio weights. This is the
current solutionto the problem.

2 Fit a density functionusing the corresponding portfolio returns and
calculate the value of theobjective function.

3 Choose anew vectorof portfolio weights and repeat Step 2. If the
di�erence between the twoobjective functionvalues is greater than
some threshold then we update the current solution.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 5 / 23



Introduction

The Basic Idea ...

1 Randomly choose an initial vector of portfolio weights. This is the
current solutionto the problem.

2 Fit a density functionusing the corresponding portfolio returns and
calculate the value of theobjective function.

3 Choose anew vectorof portfolio weights and repeat Step 2. If the
di�erence between the twoobjective functionvalues is greater than
some threshold then we update the current solution.

4 Repeat Step 3 until a termination condition is violated.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 5 / 23



Introduction

Outline

Three Ingredients:

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 6 / 23



Introduction

Outline

Three Ingredients:
1 Choice of density? Johnson Family of Distributions.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 6 / 23



Introduction

Outline

Three Ingredients:
1 Choice of density? Johnson Family of Distributions.
2 Choice of objective function? Utility Function.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 6 / 23



Introduction

Outline

Three Ingredients:
1 Choice of density? Johnson Family of Distributions.
2 Choice of objective function? Utility Function.
3 Threshold Acceptance Optimisation.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 6 / 23



Introduction

Outline

Three Ingredients:
1 Choice of density? Johnson Family of Distributions.
2 Choice of objective function? Utility Function.
3 Threshold Acceptance Optimisation.

Forecast Information: Bayesian Updating.

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 6 / 23



Introduction

Outline

Three Ingredients:
1 Choice of density? Johnson Family of Distributions.
2 Choice of objective function? Utility Function.
3 Threshold Acceptance Optimisation.

Forecast Information: Bayesian Updating.

Empirical Application.
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Johnson Family: Basic Properties

Comprises four 
exible distributions: normal, lognormal,bounded,
and unbounded (Johnson, 1949).

Derived from various `transformations from normality',

X = � + � g� 1
�

Z � 

�

�

where
 and � are shape parameters,� is a scale parameter,� is a
location parameter, and

g� 1 (z) =

8
>><

>>:

z Normal Family:SN

exp (z) Lognormal Family:SL

(1 + exp (� z)) � 1 Bounded Family:SB

(exp (z) � exp (� z)) =2 Unbounded Family:SU
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The Johnson Family

Johnson Family: Basic Properties

Probability density function (pdf) forX ,
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The Johnson Family

The Flexibility of the Johnson System

Johnson distributions are uniquely determined by their �rst four
moments which can be chosen mutually independently.
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Estimation: The Method of Quantiles

Method of quantile estimation (Slifker and Shapiro, 1980).

General idea:Each member is uniquely identi�ed by the distances
between the tails and the central portions the distribution.

We compare theempirical quantileswith reference quantiles from a
standard Gaussian distribution.

Parameter estimates are the solution to a system of equations.
We can also consider aweightedquantile estimator.

We are dealing with an unknown and changing DGP.
Information decay is more gradual than a `moving window'.
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The Utility Function

Choosing the appropriate objective function is arguably the most
important part of the entire portfolio optimisation problem.

Academic literature has mainly focussed on the class of hyperbolic
absolute risk aversion (HARA) utility functions.

Experimental evidence suggests that decision-makers are distinctly
more sensitive to downside losses than upside gains (Tversky and
Kahneman, 1991).
Disappointment Aversion (Gul, 1991):

Outcomes above a target level are given a lower weight relative to
unfavourable outcomes.
One-parameter extension of the expected utility framework.
Derived from standard decision theory by weakening the independence
axiom.
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Utility Maximisation

The Maximisation Problem

Our hypothetical investor maximises,

U (Wt +1 ) =
1
K

� Z WTA

�1

~U (WT +1 ) dF (Wt +1 )

+ A
Z 1

WTA

~U (WT +1 ) dF (Wt +1 )
�

~U (Wt +1 ) =

(
W 1� �

t +1
1� � for � > 1

ln (Wt +1 ) for � = 1

whereWTA is the target level of wealth, 0� A � 1 is the coe�cient
of disappointment aversion,� is the coe�cient of relative risk
aversion, andK is the scalar,

K = P (Wt +1 � WTA ) + AP (Wt +1 > WTA )
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Utility Maximisation

The Coe�cient of Disappointment Aversion

When 0� A < 1 individuals are averse to disappointment, i.e.
outcomes below the target are weighted more heavily than the
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Utility Maximisation

The Coe�cient of Disappointment Aversion

When 0� A < 1 individuals are averse to disappointment, i.e.
outcomes below the target are weighted more heavily than the
outcomes above the target.

CRRA preferences are a special case forA = 1.
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Utility Maximisation

Summary so far ...
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Utility Maximisation

Summary so far ...

For a given weight vector,w.

If � > 1 andA = 1,

U (w) � E
�
U

�
1 + w0rt+ 1

��

=
Z


( w0rt+ 1)

(1 + w0rt+ 1)1� �

1 � �
f

�
w0rt+ 1

�
d

�
w0rt+ 1

�

wheref (:) is one of the Johnson densities.
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Threshold Acceptance

The Threshold Acceptance Algorithm

1 Randomly choose an initial vector of portfolio weights. This is the
current solution to the problem,wc.

2 Estimate one of the Johnson densities using the corresponding
portfolio returns,wc0rt+ 1, and calculate the value of expected utility,
U (wc).

3 Choose a new vector of portfolio weights,wn, and repeat Step 2. If
the di�erence between the two utility values is greater thansome
(decreasing) threshold then we update the current solution.

4 Repeat Step 3 until a termination condition is violated.
5 Repeat Steps 1-4 for di�erent starting values.

Implication: The user controls the computation time! Computing
optimal portfolio weights for 100 assets should not take more than 15
minutes.
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Bayesian Updating

Alpha Information

Asset return forecasts (`alphas') have long been an integral part of
portfolio optimisation.

We show how such forecasts can be incorporated into the existing
framework via the method of Bayesian updating.

Key Issue:Model the joint dependence between realised returns,X ,
and their forecasts,Y , given that their marginal distributions are
members of the Johnson family.

Main idea: Transform the estimated Johnson densities into standard
Gaussian using,

Z = 
 + � g
�

X � �
�

�

and model dependence using theMeta-Gaussianmodel of Kelly and
Krzysztofowicz (1995,1997).

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 16 / 23



Bayesian Updating

Alpha Information

The distribution ofX , conditional onY = y is given by,

H (xjy) = �

 
ZX (x) � ' ZY (y)

p
1 � ' 2

!

and the corresponding density function is given by,

h (xjy) =
1

p
1 � ' 2

exp
�

1
2

ZX (x)2 �
1
2

�
� � 1 (H (xjy))

� 2
�

f (x)

wheref (:) is the marginal density ofX , and ZX and ZY are standard
Gaussian transforms of (X ; Y ).
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p
1 � ' 2

exp
�

1
2

ZX (x)2 �
1
2

�
� � 1 (H (xjy))

� 2
�

f (x)

wheref (:) is the marginal density ofX , and ZX and ZY are standard
Gaussian transforms of (X ; Y ).
The posterior density can then be used for the purposes of expected
utility maximisation, i.e.

Z


( w0rt+ 1)

(1 + w0rt+ 1)1� �

1 � �
h

�
w0rt+ 1jw0� t+ 1

�
d

�
w0rt+ 1

�
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The Data

Comparison with MV optimisation.
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Practical Aspects

The Data

Comparison with MV optimisation.

However, implementation requires a choice of `tuning' parameters,
e.g. A.

Ideally, these choices should be data-driven.
The dataset:

FTSE 100 list of companies,
2nd January 2003 to 23rd December 2008,
Includes the recent �nancial turmoil.
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Practical Aspects

The Coe�cient of Disappointment Aversion,A

Lack of intuition ! Relate the idea of disappointment aversion to the
concept ofmaximum draw down(MDD).

Richard Louth (University of Cambridge) Heuristic Portfolio Optimisation May 12, 2009 19 / 23



Practical Aspects

The Coe�cient of Disappointment Aversion,A

Lack of intuition ! Relate the idea of disappointment aversion to the
concept ofmaximum draw down(MDD).

We de�ne draw down as the price di�erence resulting from a
continuousfall of a security over the nextN days,

DDN =
�X

t =1

rt
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concept ofmaximum draw down(MDD).

We de�ne draw down as the price di�erence resulting from a
continuousfall of a security over the nextN days,

DDN =
�X

t =1

rt

where� � N ^ (inf f t � 1 : rt � 0g � 1) and DDN = 0 if � = 0.

Analogously, the maximum draw down is,

MDDN = max
j � DN

DDN;j

whereDN 2 [0; [(N + 1) =2]] denotes the number of draw downs inN
days.
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Practical Aspects

The Coe�cient of Disappointment Aversion,A

We calculate one month out-of-sample MDD for various valuesof
A 2 [0; 1] usingN = 250 randomly generated asset universes based on
U1 � Uniform [3; 18] months of data fromU2 � Uniform [3; 10]
equities.
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Practical Aspects

Mean-variance Versus Threshold Acceptance

We calculate one month out-of-sample performance for
� 2 f 1; 2; 5; 10g usingN = 250 randomly generated asset universes
based onU1 � Uniform [6; 18] months of data from
U2 � Uniform [15; 30] equities.
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We calculate one month out-of-sample performance for
� 2 f 1; 2; 5; 10g usingN = 250 randomly generated asset universes
based onU1 � Uniform [6; 18] months of data from
U2 � Uniform [15; 30] equities.

MV portfolio,
w �

MV = arg min w0� w

wherewi 2 [0; 1], i = 1 ; : : : ; N, and
P

wi = 1.
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P 28
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28� D
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� 2 f 1; 2; 5; 10g usingN = 250 randomly generated asset universes
based onU1 � Uniform [6; 18] months of data from
U2 � Uniform [15; 30] equities.

MV portfolio,
w �

MV = arg min w0� w

wherewi 2 [0; 1], i = 1 ; : : : ; N, and
P

wi = 1.

Performance metrics:Sharpe ratio:Rp=� p, Sortino ratio:, Rp=� D
p ,

Upside potential ratio:
P 28

t =1 max [rt ; 0]=
�
28� D

p

�
, Calmar ratio:

Rp=jMDDpj.

We impose a maximum of 10 minutes of computing time.
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Practical Aspects

Mean-variance Versus Threshold Acceptance

Results:

� = 1 � = 2 � = 5 � = 10 MV
Rp 1.7583 1.7086 2.1237 2.5064 -1.7540
� p 5.2908 5.1813 4.8791 4.4295 4.7384

Skewness -0.0440 -0.0613 -0.0402 -0.0257 -0.0916
Kurtosis 3.3176 3.3019 3.2090 3.3476 3.0328
Sharpe 1.7650 1.7496 1.8451 1.8935 1.5767
Sortino 4.8249 4.6845 4.8729 5.1897 4.1756
Upside 0.8104 0.8053 0.8152 0.8214 0.8014
Calmar 0.9294 0.9036 0.9769 1.0636 0.8222
maxwi 0.3574 0.3295 0.3090 0.2912 0.0919

Nop 0.6321 0.6436 0.6632 0.6855 1.0000
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Conclusion

Conclusions

We have shown how solutions to impractical large-dimension
optimisation problems with modest amounts of computational power,
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We have shown how solutions to impractical large-dimension
optimisation problems with modest amounts of computational power,

Threshold acceptance algorithm.
Johnson system of distributions & Quantile estimator.

Direct maximisation of expected utility! does not rely upon Taylor
approximation methods or restrictive functional forms.

Bayesian updating via the meta-Gaussian model.

Simple rules for the choice of `tuning' parameters.
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