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Portfolio construction with quantitative and qualitative forecasts is described through 

the exposition of two asset allocation models. The two models arc the Black-Litterman 

Asset Allocation ;\Iodel and the Qualitative Forecasts :\Iodel developed by Herold Ulf. 

The models arc developed theoretically and made intuitively accessible with real market 

data examples. l\Iethodology is developed using the t\VO models to transport alpha across 

benchmarks. The portable alpha technique is performed on a basket of 29 shares from the 

ALSI 40. The forecasts are inferred from existing unit trust data. 
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Chapter 1 

Introduction 

One of the most relevant issues in asset management is that of asset allocation optimba­

tion. Ever since Harry 1hrkowitz [MH 1952] published his paper on portfolio selection in 

1952, the asset allocation optimisation has been loosely interchanged with mean-variance 

optimisation. Markm.vitz set up a mathematical framework which deals with asset alloca­

tion in a risk-return context. Diversification of risk wa . ., possible through the combination 

of risky assets that behaved differently to each other in different market conditions. Math­

ematically that is to be interpreted as assets that have low correlation coefficients. 

Although theoretically sound, Markowitz' theory \vas difficult to implement in practice. 

l\lost optimisation problems are highly sensitive to changes in inputs and Markowitz' meall­

variance technique \vas no different. Elements of the financial markets that are required as 

inputs to the mean-variance optimbation, do not display continuous behaviour. Although 

it can be argued that we are able to trade in continuous time, asset prices do not follow a 

continuous path. A share lllay open at R80 and ill the course of the day's trade end up at 

R85, but that does not imply that the price has smoothly traded through all the available 

prices between R80 and R85. Similarly asset volatilities and asset return forecasts are 

discrete variables that we try to smooth out in an effort to ease computation. These are 
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the inputs that are required in the l\1arkowitz mean-variance frame. It tries to optimise 

in a sensitive way a problem that has highly granular and discrete underlying variables. 

The result of the optimisation also yields highly concentrated (corner) solutions with large 

weights allocated to a few assets and no weights to the other assets. The portfolios, al­

though efficient and optimal theoretically, are highly unintuitive and take on large tracking 

errors. In practice, asset managers do not like to use the techniques of mean-variance op­

timisation owing to the above mentioned problems. However, l\Iarkowitz' work need not 

be discarded, but merely improved upon. 

In the recent past, asset allocation models that deal with the problems illustrated above 

have been developed. In 1990, Fisher Black and Robert Litterman [BL 1990] put forward 

a model, based on bayesian statistics, which proceses quantitative inputs and generates a 

new vector of expected forecast returns which can be used in a mean-variance framework 

in a highly intuitive and robust way. 

The vast majority of active portfolio managers use a fundamental investment approach. 

They do not rely only OIl quantitative models and they do not generate quantitative fore­

casts. Instead their investment process comprises a broad array of the different tools they 

employ and indicators they look at. Through this process they finally form qualitative fore­

casts. Herold Ulf [UH 20m] developed a model in 2003 that is able to process qualitative 

views from an alpha generating process and transport those views in an asset allocation 

model largely similar to the Black-Litterman modeL differing only in the qualitative nature 

of the inputs. 

~vly research explores the inner workings of the two models. I concentrated my attention 

on both the Black Litterman Model and the Qualitative Foreca.'3ts T\IodeL because these 

models seek to ans\ver the investor's asset allocation dilema. I have taken into account that 

managers are largely categorised into quantitative and fundamental styles. Quantitative 

managers are better able to benefit from the Black-Litterman Model and fundamental 

managers now have at their disposal a robust model that is able to process their qualitative 
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views. 

The strength of my work lies in the mathematical development of these models, since very 

little has been written about their theoretical foundations. Black-Litterman [BL 1992J and 

Herold Ulf [UR 2003J themselves give little indication of the mathematical development 

of their models, largely due to the competitive nature of the financial world. It must be 

understood that practitioners in the quantiative finance arena are torn between producing 

cutting edge research that promotes their recognition in academic circles and the need 

to divulge as little information as possible in order to allow their models to trade at an 

advantage to their competitors. 

In my thesis I develop the models theoretically and provide very detailed demonstrations of 

their inner workings from an intuitive point of view using real market data. From a practical 

point of view I extend the application of the models to the problem of transporting alphas 

across benchmarks. I pick a basket of shares from the Alsi 40. I create my own index based 

on these shares, which I then use a.') a benchmark against which to manage my portfolios. 

I actively tilt my benchmark using views backed out of unit trust data. The qualitative 

and quantitative forecasts models are used to implement the views. 

In Chapter 2 I develop the Black-Literman Asset Allocation ~Iodel. The model is revealed 

using a nine asset example from the economic sectors of the JSE All Share Index. The 

chapter ends with the mathematical derivation of the model. In Chapter 3 I follow the 

same recipe and develop the Qualitative Foreca.')ts rvlodel with the illustration based on 

the same nine assets used in Chapter 2. Chapter 4 reveals the idea.'), methodology and 

the practice of transporting alpha across benchmarks. I discuss the creation of my own 

tracker funds and the methodology used in backing out views from unit trust data. The 

remaining chapters show the results of the portable alpha technique and I conclude with 

ideas for future research on these topics. 
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Chapter 2 

The Black-Litterman Asset 

Allocation Model 

2.1 Overview of the model 

The Black-Littermall asset allocation model [BL 1992], developed by Fisher Black and 

Robert Litterman of Goldman, Sachs & Company, is a portfolio construction method 

which combines investor views with market equilibrium returns to provide optimal asset 

allocation in a novel way that overcomes the problem of unintuitive highly concentrated 

portfolios, input sensitivity and estimation error maximization. 

Harry l-.larkowitz [MH 1952] in 1952 provided a mathematical framework to be used in 

portfolio analysis in which return is maximised for a given level of risk. It would seem 

that one of the easiest and most accurate ways to optimise a.sset allocation ill a portfolio 

is to use the methods developed by Markmvitz in combination with our very powerful 

computers. However, quantitative asset allocation models have not played the important 

role they should in global portfolio management. 
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Here are some of the problems with the mean-variance optimisation technique, proposed 

by ~Iarkowitz and developed by William Sharpe [S\V 1964]. 

• \Vhen investors impose no conditions, the model almost always ordains large short 

positions in many assets; 

• \Vhen constraints rule out short positions, the model predicts "corner" solutions, 

namely zero weights in many a:'lset classes and unreasonably large long positions in 

assets with small market capitalisations; and 

• The result of mean-variance analysis is extremely sensitive to its inputs. (see Best 

and Grauer [BG 1991]). 

The Black-Littennan methodology was developed to alleviate the input-sensitivity prob­

lem. It starts with equilibrium expected returns extracted inversely from observed market 

value weights, with a covariance matrix and a risk aversion factor given (see Best and 

Grauer [BG 1985]). When these equilihrium expected returns are the inputs, a mean­

variance optimisation automatically leads to the market portfolio, which guarantees a high 

degree of diversification. The most innovative feature of the Black-Litterman method is 

that it uses a Bayesian approach to combine the subjective views of an investor regarding 

the expected ret.urns of one or more aS8ets with the market equilibrium vector of returns 

(the prior distribution) to form a new, mixed estimate of returns. The resulting new vec­

tor of returns (the posterior distribution), described as a complex, weighted average of 

investor's views and the market equilibrium (see Bevan and \Vinkelmann [BW 1998] and 

Lee [LW 2000]), leads to intuitive portfolios with sensible portfolio weights. 

For the remainder of the chapter I shall foHmv closely the paper by Thomas Idzorek 

[IT 2003] to illu8trate in detail the inner-working of the Black-Litterman model. I will 

provide 1:1 glossary of terms used in this chapter and describe t.he intuition and the method 

of actually combining market equilibrium expected returns with investor views. I will then 
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provide a formal derivation of the Black-Litterman formula from two points of view. One 

is a straight application of Bayesian Analysis and r..'Iultivariate Normal Distribution theory 

and the other uses a Generalised Least Squares approach to solve for the new vector of 

returns. 

A concise literature review for the Black-Litterman model is exposed in Idzorek [IT 2003]. 

The model was introduced in Black and Litterman [BL 1990], expanded in Black and Lit­

term an [BL 1992]' and discllssed in greater detail in Bevan and Winkelmann [BvV 1998], 

He and Litterman [HL 1999], and Litterman [LR 2003]. Good works on the model in­

clude Lee [LW 2000], Satchel and Scowcroft [SS 2000], and from a mathematical point 

of view, Christodoulakis [CG 2002] and Blamont and Firoozye [BF 2003]. The Black­

Litterman model combines the CAPIvI (see Sharpe [SVV 1964]), reverse optimisation (see 

Sharpe [S\V 1974]), mixed estimation (see Theil [TH 1978]), and mean-variance optimisa­

tion (sec Markowitz [':\UI 1952]). 

2.2 Intuition behind the Black-Litterman Model 

Before we discuss the inner-workings of the Black Littennan Model it is best to clarify the 

meaning of some of the most common terms used in our discussion. 

• Asset Excess Returns: These are returns on the asset less the domestic short rate 

(the one period risk free rate). 

• Balance: A measure of how close a portfolio is to the equilibrium portfolio. 

• Benchmark Portfolio: The standard used to define the risk of other portfolios. If 

a benchmark is defined, the risk of a portfolio is measured as the standard deviation 

of the tracking error - the difference between the portfolio's returns and those of the 

benchmark. 
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• Expected Excess Returns: Expected values of the distribution of future excess 

returns. 

• Equilibrium: The condition in which expected excess returns equilibrate the demand 

for assets with the outstanding supply. 

• Equilibrium or Market Portfolio: The portfolio held in equilibrium, 1Il this 

chapter, market capitalisation weights. 

• Neutral Portfolio: An optimal portfolio given neutral views. 

• Normal portfolio: The portfolio that an inveBtor feels comfortable with when he 

has no views. He can UBe the normal portfolio to infer a benchmark when no explicit 

benchmark exists. 

• Risk Premiums: Expected excess returns implied by the equilibrium modeL 

The terminology above is introduced in the paper by Black and Litterman. [BL 1992] 

2.2.1 Implied Expected Excess Returns 

The Black-Litterman Model overcomes the problem of input sensitivity by creating a sta­

ble, mean-variance efficient portfolio, based 011 an investor's subjective view. The model 

also "largely mitigates" , according to Lee [L\\1 2000], the problem of estimation-error max­

imisation by spreading the errors throughout the vector of expected returns. 

The most important input in the mean-variance optimisation is the vector of expected re­

turns. A great deal of work has gone into establishing a reasonable starting point for 

expected returns. Black and Litterrnan [BL 1992]' He and Litterman [HL 1999] and Lit­

terman [LR 2003] showed that alternative forca.sts such as : historical excess returns, equal 
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expected excess returns for all assets, and risk adjusted equal excess returns, all lead to 

extreme portfolios. 

The Black-Littennan Model does not assume that the world is always at CAPM equilib­

rium, but rather that when expected returns move away from their equilibrium values, 

"market forces" will tend to push them back. Black anel Litterman [BL 1992] state "Equi­

librium risk premiums provide a center of gravity for expected returns". In other words 

expected equilibrium excess reiUr7LS are a good neutral starting point for expected returns. 

This is because optimally, a neutral investor with no views should hold the market portfolio 

or the benchmark portfolio. Intuitively we see this in the following scenario. Suppose an 

investor has no vie\vs. Hmv does he go about defining his optimal portfolio? The answer to 

this question highlights the importance of the equilibrium risk premium. It is unrealistic to 

demand of an investor to state exact expected excess returns for every asset in his portfolio. 

The equilibrium is thus able to provide the investor \vith a neutral starting point. 

2.2.2 Reverse Optimisation 

Litterman [LR 2003] [Ch 6] derives the global equilibrium expected returns from a multiple 

currency perspective but this is beyond the scope of this illustration. In our case the 

equilibrium returns are derived using a reverse optimisation technique in which the vector 

of implied expected excess equilibrium returns is extracted from known information. We 

can assume that in equilibrium, the average investor will hold assets in proprotion to their 

market capitalisations. Hence the investor maximises his utility function: 

max ( W m l\'l1l" with respect to Wmkt 

thus 

(2.1 ) 

where 
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• rr is the (n x 1) Implied Excess Equilibrium Return Vector; 

• A is the risk aversion coefficient 

(2.2) 

where 

- E( r) is the expected market or benchmark total return: 

Tf is the risk free rate; and, 

(J2 = W?';kt "L,wmkt is the variance of the market or benchmark excess returns. 

• "L, is the (11 X 11) covariance matrix of excess returns: amI, 

• Wmkt is the (n xl) vector of ma.rket capitalisation weight. 

In the reverse optimisation process the risk aversion coefficient acts as a scaling factor for 

the reverse optimisation estimate of excess returns. Crinoid and Kahn [CK 1999] show that 

the implied risk aversion coefficient (A) for a given portfolio can be estimated by dividing 

the expected excess returns by the variance of the portfolio. Iclzorek [IT 2003] points out 

that literature on the Black-Litterman .\c10del often refers to the reverse optimised Implied 

Excess Equilibrium Return Vector (rr) as the CAP~I returns. This is misleading. Unless 

the portfolio in question is a reasonable proxy for the "market" portfolio, the reverse 

optimised returns are not CAPN! returns. 

2.2.3 The Black-Litterman formula 

Let us now introduce the Black-Litterman formula and provide a brief description of each 

of its elements. Throughout this chapter, k is used to represent the number of views and n 

is used to express the number of assets. The formula for the new Combined Return Vector 
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(E[R]) is 

nxl Vector 

E[R] 
l' __ -----JA~----~, 

[(T2:t 1 + p'n~l pr [(T2:)~l1f + p'n~lQ] (2.3) 
, v ,/ 

nxn ;vratrix 

where 

• E[R] is the new (posterior) Combined Return Vector (n x l column vector); 

• T is a scalar; 

• 2: is the Covariance lvlatrix of Excess Returns (n x n matrix); 

• P is the View Projection Matrix that identifies the assets involved in the views (k x n 

matrix); 

• n is the diagonal Covariance I'vlatrix of Error Terms from the expressed views repre­

senting the uncertainty in each view (I.: x k matrix); 

• r. is the old (prior) Implied Equilibrium Return Vector (n x 1 column vector); and 

• Q is the View Vector (I.: x 1 column vector). 

2.2.4 Investor Views 

In order to illustrate the Black-Litterman model I am going to present a nine asset example. 

I have chosen asset classes from the JSE Economic Groups. Figure (2.1) gives a break down 

of the asset cla.<;ses used together with their respective market capitalisations in millions of 

Rand. The Vector of Implied Equilibrium Excess Returns (1f) was calculated using formula 

(2.1), with market capitalisation weights. 

Usually, an investment manager has specific views regarding the expected return of some of 

the assets in the portfolio. These views differ from the Implied Equilibrium Excess Returns 
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Index Code Market Cap l\1arket Cap 
All Share Economic Group in H mil Weights 

Wml\'l r. 

JSE:HESOURCES JOOO 622881.159 42.8599% 0.830% 
JSE:BASIC INDUSTRY 51047.92 3.5126% 0.700% 

JSE:GE::-JERAL INDUSTRY. 40021.986 2.7539% 0.610% 
JSE:CYC CONSDrvlEH 99462.509 6.8439% 0.580% 

.JSE:NCYC CONSUMER 118767.343 8.1723% 0.550% 
JSE:CYCLICAL SERVICES 102818.938 7.0749% 0.550% 
JSE:NON-CYC SERVICES 62176 .. 504 4.2783% 0.660% 

JSE:FINANCIALS 34~3053.378 23.6052% 0.590% 
0.8990% 0.860% 

Figure 2.1: Vector of Expected Excess Retl1rns based on the Ivlarket Portfolio 

(r.). The Black-Litterman iviodel allows these views to be expressed in either absolute or 

relative terms. I will center my exposition of the model based of the following three views. 

These views are exhaustive in terms of the type of views an investment manager might 

have regarding his portfolio. 

• View 1: JSE Financials will have an absolute excess return of 0.65% 

• View 2: JSE Cyclical Consumer will outperform JSE Cyclical Services by 10 basis 

points 

• View 3: JSE IT and JSE .Kon-Cyclical Consumer will outperform JSE Basic Indus­

trials and JSE General Industrials by 5 basis points. 

View 1 is an example of an absolute view. From the final column of Figure (2.1), the Implied 

Equilibrium Return of .JSE Financials is 0.59%. View 1 tells us the Black-Litterman Tvlodel 

to set the excess return of .JSE Financials to 0.65%. 

Views 2 and 3 represent relative views. This way of representing views is a lot closer to 

the way investors feel or express their views. View 2 tells us that the expected returns on 
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Cyclical Consumer are ten basis points higher than those of Cyclical Services. In order to 

interpret the effect this view has on the resulting weights of the portfolio, we must look at 

Figure (2.1) and see what the respective values are for the Implied Equilibrium Returns. 

vVe see that Cyclical Consumer has an implied equilibrium return of 0.58% and Cyclical 

Services one of 0.55%. Our view tells us to expect a ten basis points difference in the favour 

of Cyclical Consumer. This view difference is larger than that implied by the equilibrium 

returns so we expect the model to tilt the weight in the favour of Cyclical Consumer. The 

degree of the tilt depends on the confidence of the view. I shall address that issue in a 

later section. Note however, that should View 2 have stipulated a difference between the 

same assets of only two basis points, then the model would have tilted the weights towards 

the "underperforming" asset. 

View 3 illustrates a view concerning multiple assets. The methodology used to deal with 

such a view is used uniformly for a view concerning three or more assets. T'he number 

of "outperforming" assets need not match the number of "underperforming" assets. In 

our situation we have two outperforming and two llncierperforming assets. Intuitively, it is 

difficult to assess the impact of a multiple view on the results of the model. Idzorek [2003], 

tells us that we have to separate the assets in the multiple view into two mini-portfolios, 

a long one and a short one. The relative weighting of each nominally outperforming asset 

is proportional to that asset's market capitalisation divided by the total market capitali­

sat ions of the assets that are nominally outperforming. Similarly, the relative weighting of 

each nominally underperforming asset is proportional to its market capitalisation divided 

by the total market capitalisation of the other nominally underperforming &"lsets. The sum 

of the long positions and the short positions must equal zero. However, the mini-portfolio 

that receives the positive view may not be the nominally ontperforming asset or assets 

from the expressed view. 

From View 3 we see that the nominally "outperforming" assets are .JSE IT and .JSE Kon­

Cyclical Consumer and the nominally "underperforming" assets are JSE General Industri-
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-=--Outperforming Asset MRKT Relative Implied W'ted 
Asset Class Nr Cap in Rm Weight Eq Return Excess 

Return 

i 
JSE:IT 9 13065.189 9.910% 0.8600% i 0.0852% 

: JSE:NCYC CONS 5 118767.343 90.090% 0.5500% 0.4955% 

Total 131832.532 i 100% 1.4100% 0.5807% 
i 

U nderperforming i 
Asset: MRKT Relative I Implied . W'ted 

Asset Class Nr Cap in Rm Weight : Eq Return: Excess 
i Return i 

JSE:GEN IND 3 40021.986 43.946% 0.6100% 0.2681% 
i JSE:BAS IND I 2 51047.92 56.054% 0.7000% 0.3924% 

I Total _= 91069. 9()6 100% 1.3100% 0.6604% 

Figure 2.2: The two mini-portfolios as dictated by View 8. Note that the nominally outperforming 
assets have a smaller weighted excess equilibrium retm'n than the nominally underperforming 

assets. 

als and JSE Basic Industrials. From Figure (2.2) we see that the weighted average Implied 

Equilibrium return of the mini-portfolio formed by JSE IT and JSE NCYC Consumer is 

0.5807% and the weighted average Implied Equilibrium return of the mini-portfolio formed 

by JSE General Indut>try and JSE Basic Industry it> 0.6604%. The weighted average Implied 

Equilibrium return differential it> -0.0797%. View 3 telb ut> that we expect the differential 

to be 5 ba'lis points. Thit> happens to be a rather large view. The difference between the 

View and the weighted average Implied Equilibrium return differential is 0.1297%. This is 

double the magnitude of the expressed view. 

2.2.5 Building the Inputs 

The View Projection Matrix P 

One of the more difficult aspects of the model is to translate the investor views into valid 

inputs for the Black-Litterman formula. It it> important to note that the model does not 

require the investor to have views on all the ast>cts. As it is t>hown later in the derivation 
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of the model, no views at all simply reduces the model to the market portfolio. In our 

example, k 3 and thus the View Vector (Q) is a 3 x 1 column vector. We can express 

views that differ from equilibrium with a certain degree of confidence. Namely, 

PIE[R]=Q+c-

where 

• E is a k x 1 vector of errors. E rv MVN(O, 0); and 

• 0 is a diagonal covariance matrix of error terms, discussed in detail at a later stage. 

In general we have 

Qi ti 

pi E[R] Q + t = + 

Qk tk 

Except in the unlikely event that an investor has 100% confidence in his views, the error 

term (e) is a positive or negative value other than zero. The Error Term Vector (c-) does 

not enter the Black-Litterman formula directly. However, what does enter the formula 

is the variance of each error term (w), which is the absolute difference from the error 

term's (E) expected value of zero. The variances (w) of the error terms form 0, where n 
is a diagonal covariance matrix. That means that all the off-diagonal elements are zero 

because the model 3.-'lsumes the views to be independent. The variances (w) of the error 

terms represent the uncertainty of the views. As the variance of the error terms increases 

so does the level of uncertainty in the views. In general 

Wi 0 
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One of the most important and most cumbersome aspect of the model is determining the 

individual variances of the error terms (w). I will discuss this procedure at length. 

Each of the expressed views in column vector Q are matched to the respective assets by 

the matrix P. Matrix P is sometimes intuitively referred to as the Projection l'vlatrix as 

it reduces the space of all assets to the space of the assets upon which views are selected. 

However, I think a better name for it would be a View Projection Matrix because P is not 

mathematically a projection matrix (P2 =f P). Each expressed view results in a 1 x n row 

vector, thus k views result in a k x n matrix. In our three-view example, in which there 

are 9 assets, P is a 3 x 9 matrix. In general 

PI,! PI,n 

P= 

Pk,l Ilk,n 

Two different methods have been presented in literature \vhen we have an instance of views 

involving 3 or more assets. The two distinct methods are due to Satchel and Scowcroft 

[SS 2000] and He and Litterman [HL 1999]. 

Satchel and Scowcroft use an equal weighting scheme whereby weightings are proportional 

to 1 divided by the number of respective assets outperforming or underperforming. This 

scheme ignores the market capitalisations of any of the assets. One of the problems with this 

method is illustrated in the instance when we consider a view involving asset classes with 

very contrasting market capitalisations. Satchel and Scowcroft affect the respective weights 

equally thus causing large changes in the asset class with a small market capitalisation. 

This method may result in unnecessary or undesired tracking error. 

The example based on Satchel and Scowcroft [SS 2000] takes the following form: 

0 0 0 0 0 0 0 1 0 

P 0 0 0 1 () --1 0 0 0 (2.5) 

0 -0.5 -0.5 0 0.5 0 0 0 0.5 
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Let us examine the rows of the View Projection l\latrix. The first row represents View 

1. It is an absolute view so we only pick out the asset involved. The 1 in the 7th column 

represents the JSE Fillancials. Rows 2 and 3 represent Views 2 and 3 respectively. In the 

case of relative views, each row surns to zero. In ]\ilatrix P, the nominally outperforming 

assets receive a positive weighting and the nominally underperfoming assets a negative 

weighting. 

On the other hand, He and Litterman use a relative weighting scheme of the assets entering 

the matrix P. The weightings are proportional to their market capitalisations. Moreover, 

the relative weighting of each individual c1.sset is proportional to the asset's market capi­

talisation divided by the total market capitalisation of either the outperforming or under-

performing assets in that view. I choose this method of evaluation the View Projection 

Matrix. Hence, P becomes 

0 0 0 0 0 0 0 1 0 

P= 0 () 0 1 0 1 0 0 0 (2.6) 

0 -0.5605 -0.4395 0 0.9009 0 0 0 0.0991 

:\Tow that we have Matrix P defined we can begin to calculate the variance of each indi­

vidual view. If we treat each view as a "mini-portfolio" (long the outperforming, short 

the underperforming) then the variance of an individual view portfolio is PkL..P~, where 

Pk is a single 1 x n row vector from matrix P that corresponds to the kth view and L.. is 

the covariance matrix of excess returns. The respective variance of each individual view 

portfolio is an important source of information regrading the degree of certainty of that 

view. This information will lead us naturally to define the variances of the error terms (w) 

that form the diagonal elements of D. 
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· View Formula Variance I 

1 p1'L.p; 0.59% i 

2 p2I'.p; 0.72% 

I 3 P3'L.P~~ 0.33% L-___ 

Figure 2.3: The Variance of the View Portfolios 

Setting the value of T 

In reality, "the Black-Litterman model is a complex weighted average of the Implied Equi­

librium Return Vector (IT) and the View Vector (Q), in which the relative weightings are 

a function of the scalar (T) and the uncertainty in the views." (Idzorek [IT 2003]). This 

basically implies that as confidence in the views increases, the new return vector will ap­

proach the views. Similarly, as confidence in the views decreases, the new return vector 

approaches the Implied Equilibrium Return Vector (x). \Ve can see T &"l being approxi­

mately proportional to the relative weight given to the Implied Equilibrium Return Vector 

(IT). The biggest problem we face is the fact that very little is said in the literature about 

ways to set the value for the scalar T. 

Both Black and Litterman [BL 1992] and Lee [L\V 2000] have addressed this issue. Since 

the uncertainty in the mean is less than the uncertainty in the return, the scalar (T) is 

close to zero. Idzorek explains this by saying that one would expect Equilibrium returns 

to be less volatile than the historical returns. Let us examine View 2, a relative view 

involving two assets of equal size. View 2 states that P2 . E[R] = Q2 + C2, where Q2 = 

E[RJSE CYC Consumer] E[RJSE CYC Services]' View 2 is N rv (Q2,W2). In the absence of 

additional information, one can assume that uncertainty in the view is proportional to the 

covariance matrix 'L. however, since the view is describing the mean return differential, the 

uncertainty of the view should be considerably less than the uncertainty of a single return 

( or return differential) represented by the covariance matrix ('L.). Therefore, the investor's 

views are represented by a distribution with a mean of Q and a covariance structure 
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Lee sets the value of the scalar 7 between 0.01 and 0.05 and then calibrates the model 

based on a target level of tracking error. Similarly, Satchel and Scowcroft say the value of 

T is often set to 1. However, we know that the Black-Littennan l'vIodel only recommends 

a departure from an asset's market capitalisation if it is the subject of a view. For assets 

that are subject to a view, the ratio of the scalar T to the variance of the error term (w) 

controls the magnitude of their departure from their market capitalisation weights. The 

investor's confidence in a particular view is inversly related to the variance of the error term 

(w). Thus complete certainty in a view results in a zero variance of the error term (w). 

Idzorek [IT 2003] and Black and Litterman [BL 1990] explain that" placing 100% weight 

on the views, which corresponds to O's in all the diagonal elements of n, does not cause the 

model to completely ignore the Implied Equilibrium Return VectorC7I), unless the number 

of views is equal to the dimensionality of the expected return vector and 100% confidence 

is given to the views". The best way however to calibrate the Black-Litterman model is 

to make an a.ssumption about the value of T. He and Litterman [HL 1999] calibrate the 

confidence of a vie\v so that the ratio w / T is equal to the variance of the view portfolio 

(PJ,·'LP~). They reason as follows: If is the covariance matrix of expected returns, then 

PT'LP' is the covariance matrix of P . E[R], so we can expect the covariance matrix n to 

be close to that of p. E[ R]. Equation (2.12) clarifies this assertion. It basically sterns from 

the initial assumptions of the model. In other words: 

n f"'V T P'LP' w / T f"'V p'Lp' 

Thus the covariance matrix of the error term (0) has the following form: 

(P1 'Lp~) X TOO 

n = 0 0 (2.7) 

o 0 (Pk'LpD x T 

In the above set up, if we calculate the covariance matrix of error terms (n) by this method, 

we notice that the value of the scalar 7 becomes irrelevant. ·What is of importance is the 

ratio w / T. For example, if we dramatically change the value of the scalar 7 by a factor of 100 
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• Assets ! J 000 J010 J020 J030 J040 J050 J060 J080 J090 
JOOO 85 63 40 41 35 27 24 24 53 
.1010 82 39 3:3 31 30 38 38 35 
.1020 52 34 39 43 51 51 52 
.1030 70 ')'"' ~I 28 34 34 61 
J040 48 37 44 44 

58 64 64 63 
144 144 92 

Figure 2.4: The Covariance Matrix of Historical Excess Returns (L x 10- 4) 

(say), then the diagonal elements of 0 will also change drastically, only the New Combined 

Return Vector E[R] is unaffected. Thus assuming r = 0.025 and llsing the individual 

variances of the view portfolios (Pk2:,PU as in Figure (2.3), the covariance matrix of error 

terms (0) is: 

0.0001466 

o 
o 

o 
0.0001796 

o 

o 
o 

0'()000824 

(2.8) 

2.2.6 Calculating the New Combined Return Vector 

Having specified the covariance matrix of the error terms (0), which implicitly also sets 

the value of the scalar r, all the inputs are entered into the Black-Litterman Formula and 

the New Combined Return Vector(E[R]) is derived. 

The New Recommended \Veights (w') are calculated by solving the unconstrained max-

imisation problem w* (.,\2:,-1 )E[R]. The covariance matrix of historical excess returns 

(2:,) is given in Figure (2.4). Even though the expressed views only involved 7 of the 9 

asset classes, the individual returns of all the assets changed from their respective Implied 

Equilibrium returns (see column 4 of Figure (2.5)). Since each individual return is linked 
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I 

! 

to the other returns via the covariance matrix, it is not uncommon for a single view to 

cause the return of every asset in the portfolio to change from its Implied Equilibrium 

return. 

The New Recommended \\leights (w') in column 5 of Figure (2.5) are based on the New 

Combined Return Vector E[R]. The final column of Figure (2.5) shows one of the features 

of the features of the Black-Litterman Model, namely that only the weights of the assets for 

which views 'were expressed had changed from their original market capitalisation weights. 

l\Ioreover, the directions of the changes, for the a..'3sets where views were expressed, are 

intuitive. 

From a general point of view, the new portfolio can be viewed as the sum of two portfolios. 

One portfolio is the original market portfolio, and the second portfolio is a series of long 

and short positions based on the views. The second portfolio can be subdivided into mini­

portfolios, each according to the specific view. The mini-portfolios that result from relative 

views, have offsetting long and short positions that sum to zero. However, absolute views, 

such as our View 1, have no offsetting positions, and this results in portfolio weights that 

no longer sum to zero. 

All Share • Eq Vee New Vec Diff New Weight IVIktCap Diff 
Econ Group IT E[R] E[R] - IT w* wmkt w* -wmkt 

JSE:Res 0.83% 0.82% -0.01% 42.86% 42.86% 0.00% 
JSE:Bas Ind 0.70% 0.65% -0.05% -3.91% 3.51% b7.42% 
JSE:Gen Ind 1% 0.62% 0.01% -3.07% 2.75% 5.82% 

JSE:Cyc Cons 0.58% 0.61% 0.03% 11.49% 6.84% 4.65% 
.JSE:Ncyc COIlS o~ 0.59% 0.04% 20.11% 8.17% 11.93% 

.JSE:Cyc Serv 0.55 0.56% 0.013% 2.'13% 7.07% -4.65% 
JSE:Neyc Serv 0.66% 0.67% 0.015% 4.28%. 0.00% 

.JSE:Fin 0.59% 0.62% 0.03% 26.75% 23.61% 3.15% 
JSE:JT 0.86% 0.91% 0.05% 2.21% 0.90% 1.31% 

• 

Total 103.15% 100.00% 3.15% 
i 

Figure 2.5: Return Vectors and the Resulting Portfolio Weights 

Looking at Figure (2.6) we observe that the assets have been "tilted" by the model intu-
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Portfolio Construction with the Black-Litterman Asset Allocation Model 
O.45 r-----,--,------,---,------,-----,---r-----;I;;:::;::::;:==:::r::==:::;l 

_ Mar1<et weights 

0.4 

0.36 

o 
= 0.3 g ... 
o 
Q.. 0.25 
.5 -G) 

~ 02 
0( 

'0 
1/1 0.16 
1: 
Cl 

~ 0.1 

0.06 

_ NewBL weights 

o f----------

.0.05 L-_ ----' _ _ --"-__ --"--__ ---'---__ --"-__ -'---__ -'-----__ L--_--.JL-_----' 

JOOO J010 J020 JO'O Jo.tO 01050 JO'O JOIO J090 
Sector number 

Figure 2.6: Portfolio Allocations Based on the New Weights 

itively in the correct expected manner. Recall the third view that JSE Basic Industries 

(JOlO) and JSE General Industries (J020) will underperform versus JSE Non-Cyclical Con­

sumer (J040) and JSE IT (J090). We now look at the graphical representaion and see that 

the weights for JOlO and J020 have decreased and the weights for J040 and J090 have 

increased. The total amount by which the underperforming assets decrease is equal to the 

amount by which the overperforming assets increase. This is a direct consequence of the 

fact that the sum of the entries along any row of the View Projection Matrix add up to 

zero. 

Similarly, in an earlier section we saw that the value of the scalar T is arbitrary as far 

as the outcome of the optimisation is concerned. This is visualised in Figure (2.7) where 
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several choices of the scalar T resulted in identical weight distributions. 

Portfolio construction with The Block-Littermon Asset Allocation Model 
The value of 't is orbitrary 

0.6r---r---r---r---,r---r---,r---,r---r-r:::::::::;= = =;-, 
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~ 0.1 .. 
oJ: .,.. 
~ 0 

-0.1 

-0.2 
II~I 

• • : 0.5 
0 ·:0.75 
• t : 1 

1101 IU 1101 

-0.3 '--__ L..-__ L..-__ L..-__ L..-__ L..-__ L..-__ L..-__ L..-__ L-_-----' 

JOOO ..1010 ..1020 .1030 ..1040 ..1050 .1060 .1080 ..1090 
Sector Number 

Figure 2.7: Weight distributions JOT several values of T 

However , variation of the coefficient of risk aversion, A, does influence the distribution of 

weights. Firstly, when we calculate the Equilibrium Expected Return Vector 7r , the risk 

aversion of the manager comes into play. Secondly once the Black-Litterman formula has 

been applied and we need to reverse optimise weights from the New Return Vector E[R], 

given a certain risk aversion. Thus the optimal weights vary more dramatically, i.e., they 

take on more tracking error as the coefficient of risk aversion is decreased. This is best 

illustrated in Figure (2.8) where A is varied from 1 to 10, with 1 representing low risk 

aversion (high risk appetite) and 10 representing large risk aversion . Note that all the 

other parameters in the Black-Litterman formula have remained unchanged. Sectors JOOO 
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and J060 have had no views expressed on them, but they still vary because the Equilibrium 

Return Vector 7r is a function of >. . The rest of the assets diverge quite dramatically from 

7r with varing >., as more and more tracking error is taken on. 

.2 

~ 
" C1. 

.: 
~ 
III 

~ 
'Q 
:c 
'" i 

Portfolio constru ction with Tha Black.Llttarm"n Assat Allocation Modal 
Varying I. from 1 to 10 

0.81--,---,----,-----,-----,----r----,------,------;::;;;;~==::;J 

O.S 

0.4 

0.2 

0 

-0 .2 

-0." 

1-1 
_ 1-2 
_ 1-3 _ 1-. 
_ 1-5 
C=:J1-6 
C=:J1-7 
_ 1-0 
_ 1-9 

1-10 

-O .S~----~----~----~------L-----~----~----~------~----~----~ 
JOOO JOl0 J020 JOJO J040 J050 JOSO JODO J090 

Sector Number 

Figure 2.8: The effect of A on portfolio weights 
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2.3 Derivation of the model 

As seen in earlier sections, the Black-Litterman model can help to construct stable mean­

variance efficient portfolios. We now seek to derive the the form of the New Combined 

Returns Vector (E[R]). We do this from two points of view. One point of view applies 

Bayesian Inference techniques and the other is a more accessible application of Generalised 

Least Squares ~Iethod. Christodoulakis [CG 2002] offers guidance with the Bayesian In­

ference derivation. 

In the Bayesian context we consider a framework to assess the joint likelihood of investor's 

subjective views (or prior beliefs) and the empirical data (model based estimates). At the 

heart of Bayesian Statistics and Decision Theory is Bayes' Theorem. In 

if H is a hypothesis and E is evidence, then the theorem is 

p(HIE) 
p(EIH) . p(H) 

p(E) 

simplest form, 

(2.9) 

provided p(E) > 0, so that p(HIE) is the probability of belief in H after obtaining and 

p( H) is the prior probability of H before considering E. The left hand side of the theorem, 

p(HIE), is usually referred to as the posterior probability of H. The theorem thus supplies 

a solution to the general problem of inference or induction, giving us a mechanism for 

learning about a hypothesis H from data 

Bayes' Theorem itself is merely an accounting identity that follows from the axiomatic 

foundations of probability linking joint, conditional and marginal probabilities. Bayes 1 

Theorem is sometimes referred to as the rule of inverse probability, since it shows how a 

conditional probability B given A can be "inverted" to yield the conditional probability A 

given B. 

In the continuous case (e.g.) learning about a parameter 8 given data y), Bayes' Theorem 

b often expressed as 

p(Bly) ex f(y; 8)p(B) (2.10) 
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where f(y; 0) is the likelihood ftmction. The constant of proportionality [I f(y; e)p(O)dOr l 

does not depend on e and ensures that the posterior density integrates to 1. This version of 

Bayes' Theorem is fundamental to Bayesian statistics. It shows how the likelihood function 

(the probability of the data, given 8) can be turned into a probability statement about 

0, given data y. Note also that the Bayesian approach treats parameter e as a random 

variable, and conditions on the data whereas the frequentist approache considers e a fixed 

(but unknown) property of a population from which y is randomly sampled. 

In our situation let us consider the probability density function (pdf) of the expected 

returns given the data equilibrium p(E[RJI1r). This is given by the product of the con­

ditional pdf of the data equilibrium return p(1rIE[R]) and the prior pdf p(E[R]) which 

summarises the investment manager's subjective views, in units of marginal probabilities 

p( 7f) of equilibrium returns. 

Thus, Bayes' Law provides a. formal mechanism to synthesise subjective views with empir­

ical realities. As new data arrives, the posterior density can play the role of a new prior, 

thus updating investor's beliefs in this set up. 

2.3.1 Model Assumptions 

I will state up-front the 5 key assumptions upon which the Black-Litterman model is built. 

1. Excess returns are multivariate normal with unknown mean Al and covariance E. 

2. Beliefs about linear combinations of expected returns are provided by forecasters: 

Q = PE[R]. 

3. Beliefs can be expressed as multivariate normal distributions for P E[R] with mean 

Q and covariance n where the beliefs are independent and unrelated to eachother. 
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4. The current market portfolio, Wmkt implies a set of consensus views 7r such that 

Wmkt ex E- l 7r. The scaling factor is derived from the Sharpe Ratio. 

5. The market view itself is random with mean AI and covariance TE for some scalar 

T. Here T is a measure of the strength of the foreca.-;ters private views relative to the 

consensus or market view. 

\Ve now use the necessary assumptions in order to construct the composite equation (2.9) 

which in our current notation we could write 

p(E[RJI7r) 
p( 7r1 E[ R])p( E[R]) 

p(7r) 
(2.11) 

We assume that the prior beliefs in p( E[ R]) shall take the form of k linear constraints on 

the vector of n expected returns E[R] which can be expressed with a k x 11 View Projection 

matrix P such that 

P.E[R] Q+c 

where E ,....., N(O, 0) and 0 is the k x k diagonal covariance matrix of error terms. It follows 

that 

. E[R] '"V N(Q, 0) (2.12) 

The existence of an error vector c signifies the existence of uncertain views. The normality 

assumption coupled with a diagonal 0 implies that the investment manager's subjective 

views are formed independently of each other. In this set up P, Q and 0 are known by 

the invest.or. 

The probability density function of the data equilibrium returns conditional on the in­

vestor's prior beliefs, is assuIIled to be 

p(7rIE[R]) rv N(E[RJ, (2.13) 
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The assumption of homogeneous views of all investors in a CAPI'vl-type world is reflected 

in the fact that E ( 7r) E[ R]. 

The marginal density function of the data equilibrium returns, p(7r) is a constant that will 

be absorbed into the integrating constant of p(E[RJI7r). 

2.3.2 Uncertain Prior Beliefs on Expected Returns 

\Vhen the investor forms prior beliefs with a degree of uncertainty, it is signified in the 

non-zero value of the diagonal elements of the n matrix. A good exposition of the following 

result can be found in [SS 2000]. Using assumptions (2.12) and (2.13) in (2.11) we obtain 

the following results: 

Theorem 1 

The posterior probability density function (pdf) p(E[RJ 17r) is multivariate nor­

mal with mean 

nxl 
I' "'----., 

[(72:)-1 + p'O-lpr [(7E)-I 7r + p'n-1Q] 
, ~ 

nxn 

and variance 

Proof: 

Assumptions (2.12) and (2.13) state respectively that: 

p(p. EIR]) ~ i 1 exp (- 1 (P . E[R]- Q)' 0 1 (p. E[R] Q)) 
H 27rc lfll 2 
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and 

where 1f c is the constant 1f. From (2.11) we know that 

By combining the pdfs of the numerator in (2.11) the posterior density will be proportional 

to 

exp ( -~(P. E[R] - Q)' n-1 (p. E[R] - Q) - ~(1f E[R])' (72::)-1 (1f - E[R])) 

Which can be written as 

exp (-~ [(E[Rl'HE[R]- 2C'E[Rl + Al) 
= exp ( ~ [(E[R],H'HH-1E[Rl- 2C'H- 1HE[R] + A]) 
= exp (-~ [(H E[R]- C)'H-l(H E[R]- C) C'H-1C + A]) 

exp ( - ~[A - C'H-IC]) x exp (- ~(H E[R] C)' H-1(H E[R]- C)) 

where 

H = (72::)-1 + p'n- I p 

C (72::) 11f + p'n-IQ 

Thus the term exp (-~[A - C'H-1Cl) and the denominator pdf(r.) which is not modeled 

will be absorbed into the integrating constant for the posterior pdf. The result follows 

immediately. vVe see the variance to be H- i and the mean H-1C. 
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2.3.3 Alternative Derivation 

For clarity I refer to the Appendix Section "Notes of Generalised Least Squares". A good 

reference on GLS is [H.) 1994]. Let us consider assumptions (2.12) and (2.1;3) and re-write 

them in the following format 

7r E[R] + E 

Q p. E[R] +c: 

where E rv l\11lN(O, and c: '" l\1VN(O, fl). Then we have the following model 

Y X(E[R]) + H 

where I" ~ ( ~ ), X ~ ( ~ ), n ~ MV N(O, V) and V ~ ( 0 ~) 

So using Generalised Least Squares 

By matrix manipulation we get 

E[R] ru P) ( () ~ r u ) r u P) (T: ~ r ( ~ ) 
E[R] [((TEfl p'n- I

) ( :' )]1 ((TE) lpn-I) ( ~ ) 
E[R] (2.14) 

2.3.4 Certain Prior Beliefs On Expected Returns 

\Ve now look at two particular cases where there is certainty in prior beliefs. 
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Firstly, a neutral investor, who h&") no views of his own, is required by the model to place 

100% confidence in the equilibrium and 0% in his views. That implies a View Projection 

:l\latrix P = 0 or 0- 1 O. If we put this into equation (2.14) 

Secondly, if we look at an investor who has 100% certainty regarding his prior beliefs, then 

the error terms have zero standard deviation. In other words the diagonal matrix 0 is the 

zero matrix. 

Thus the investor's views are expressed as an exact relationship which will simply form 

a constraint in an optimisation problem. In particular we need to determine the optimal 

estimate for E[R] which minimises the variance of E[R] around the equilibrium returns 'if: 

Now using the result in equation (2.1) we get 

and finally 

Ivlin(E[R]- r.)'rl:(E[R]- 'if) 

such that 

p. E[R] = Q 

Theorem 2 

The optimal predictor of E[R] that minimises its variance around the equilib­

rium returns 'if and satisfies k exact linear belief constraints is given by: 
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Proof: 

This is a conventional linearly constrained least-squares problem and thus this admits a 

closed-form solution for E[R]. We can form a Lagrangian function 

£ (E[R] 1r)'T2:(E[R] - 1r) )..(p. E[R] q) 

E[R]'T2:E[R] - E[R]'T2:1r - 1r'T2:E[R] + 1r'T2:1r -)..p. E[R] +)..Q 

the first order constraints will be ~ 0 and 8L O. Explicitly: .' . vEIRI VA . 

and 

8£ 
8E[R] 

T2:'E[R] + T2:E[R]- T2:1r T2:'1r - pi).. = 0 

2T2:E[R] 2T2:1r pi).. = 0 

8£ 
[}).. 

. E[R] + Q = 0 

solving equation (2.15) with respect to E[R] we obtain 

2T2:E[R] 

E[R] 

;\OW put (2.17) into (2.16) to get ).. 

pi).. + 2T2:1r 

1 

2T 

thus substituting).. back into (2.15) we obtain the optimal value for E[R]. 

2.3.5 Interpretation of the Previous Result 

In Theorem 1 we have proved that E[Rll7T has posterior mean 
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which can be written as 

[(TL:)-l + pln-1 p] -1 [( TL:)-IJr + (pln- 1 !)( pi ~) -I pi a.] 
IQ 

Also we know that 

-P·E[R] =Q+V 

or that 

Q p. E[R]- 11 

which can be seen as a "regression" of Q on P, with E[R] being the vector of unknown 

coefficients to be estimated. Then 

(Pi p)-l PIQ 

can be interpreted a:.; the le&st squares estimate of expected returns, E[R], according to 

investor's views 

(PI p)-l PIQ = E[R] 

\Ve can thus write the posterior mean in the form 

which makes dear how subjective views are combined with data-equilibrium. The term in 

the second square brackets is a weighted average of data equilibrium Jr and the least squares 

estimate of expected returns, E[R], according to investors views, the (vector) weights being 

(TL:) 1 and (P'n- 1 P) respectively. If the distribution of expected returns around the data 

equilibrium Jr is tight, i.e. small, then (TL:)-I will be large and more weight will be 

put to Jr. If the investor is confident about his views, then n is small, resulting in a large 

(p'n- 1 P) which puts more weight on the least squares views E[R]. 
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Chapter 3 

Portfolio Construction with 

Qualitative Forecasts 

3.1 Overview of the model 

The greater majority of active portfolio managers use an investment style approach that 

is of a fundamental nature. They do not soly rely on quantitative models and they also do 

not generate quantitative forecasts. Instead, their investment process is made up of several 

tools and indicators that they use to form qualitative forecasts. Such forecasts are often 

expresses as opinions such as "we are bullish on Financials and bearish on Rand Hedged 

Industrials". There is a great deal of effort spent in the investment industry to produce 

these forecasts, be it from econometric principles, from fundamental company analysis, 

from technical analysis, from economic foreci:lSting or from guess work. This process is 

loosely called alpha generation. Surprisingly, very little effort has been spent on incor­

porating these views in an asset allocation model. Herold Ulf of lvletzler Investment in 

Frankfurt, developed a portfolio construction model that is able to process purely quali­

tative forecasts [UH 2003]. The theoretical background of this model is largely similar to 
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that of the Black-Litterman model. In the sections that follow I present a mathematical 

derivation of the model and then demonstrate the model using the same nine assets as in 

the Black-Litteman section. I conclude with some insight on the nature of the parameters 

used in the model. 

3.2 Derivation of the model 

3.2.1 Model Assumptions 

\Yhat follows is an exposition of the model proposed by Ulf Herold [UH 2003J. Bayesian 

statistics is a natural setting for portfolio construction as it combines sample and prior 

information to get an improved estimate of the unknown parameters of a probability den­

sity function. This model is particularly set in an active management framework, thus 

specification of the prior distribution is relatively straightforward. In the absence of any 

views, the manager will hold the benchmark portfolio. Thus the prior distribution of alpha 

is centered around the zero vector. We define alpha to be the expected residual return, or 

in other words, the risk-adjusted expected excess return of an asset over the benchmark. 

It follows that, \vhen using an alpha-tracking error optimiser, plugging in alphas with a 

value of zero would result in the benchmark portfolio . 

. Mathematically, the multivariate prior distribution of alpha is given by 

a rv AIVN(O, E) (3.1 ) 

\vhere 

• 0 is an n x 1 vector of zeros; 

• E is the 11 x n covariance matrix; and 
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• n is the number of assets in the benchmark portfolio 

]'\ote that equation (3.1) differs from equation (1) in [UH 2003] in that the scalar T expresing 

the investor's confidence in the covariance matrix has been dropped. This is in light of 

the fact that we can control the certainty through the information coefficient. Through a 

clever construction identical to that used in the Black Litterman model we can eliminate 

the effect of T on the outcome of the optimisation. Figure 2.7 shows the insensitivity of 

the weights to the scalar T. Thus for simplicity and clarity I have chosen to set T 1. 

\Vhen managers expect alphas to he different from zero, they will diverge from the bench­

mark portfolio. The extent of the deviation from the benchmark portfolio will be deter­

mined by the level of confidence the manager has in his views. The views are expressed 

in a relative way, &<; linear combinations of assets. The views can be summarised in the 

following way 

p(~ rv IVIVN(q, 0) 

where 

• P is the k x 11 View Projection Matrix storing the k views; 

• q is the k x 1 vector of expected returns on the views; and 

• 0 is the k x k diagonal matrix of expected variances (forecast errors) on those views. 

To make equation (3.2) useful, we note that each view can be stated as a long/short 

mini-portfolio: going long in the nominally bullish assets and going short in the nominally 

bearish assets. Each such mini-portfolio induces a tracking error. The tracking error 

variances (TEV) of the long/short portfolios can be found on the diagonal of the matrix 

P'L,pl. 
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The level of confidence in the views is captured in the information coefficient, Ie. The 

information coefficient is defined as the correlation between forecasts and the subsequent 

realised returns. Hence the alpha of the long/short portfolio is equal to the information 

coefficient Ie times its tracking error TE. To be more precise, alpha is defined by tracking 

error, TE, times information ratio, IR. For a single view portfolio, the information ratio is 

equal to the information coefficient because, according to the Fundamental Law of Active 

.\Ianagement, the information ratio is defined as Ie times the square root of the number 

of independent active bets. IR = Ie vn, and with only one bet, Ie IR. The alphas are 

stored in the q-vector, whereas the conviction matrix 0 is defined as the diagonal matrix 

of P2.:.P' 

o diag( P2.:.P') (3.3) 

",rhere 0 is the diagonal matrix of forecast uncertainty. It can be interpreted that 0 

gives guidelines to the amount of conviction one can place on a certain view given the 

current market covariance matrix 2.:.. A technical note: In calculations, we can hold 0 fixed 

and adjust the q-vector, or alternatively we can hold the q-vector fixed and increase or 

decrease the diagonal elements of the n matrix thus incorporating higher or lower foreca.'lt 

uncertainty. \Ve choose the second alternative, by letting the information coefficient be a 

free parameter. 

3.2.2 The Posterior Distribution of the Alphas 

\Ve combine the prior distribution of the alphas (3.1) and the views (3.2) to obtain the 

posterior distribution of the alphas. 

Theorem 

The mean vector of the posterior distribution of the alphas, denoted by O:Bayes is given by: 

+ p'n-1 P] 1 [p'n-1q] 
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Proof: 

Let us consider assumptions (3.1) and (3.2) and re-write them in the following format 

P·a q+v 

where f '" .. MVN(O, 2::) and v '"V MV N(O, n). Then we have the following model 

Y = X(a) + 11 

where Y = ( : ), X = ( ~ ), u ~ MV N(O, V) and V = (~ ~) 

So using Generalised Least Squares 

= (X"V-1 V)-lX'V-1y a Bayes .~ 

By matrix manipulation we get 

a Bayes 

a Bayes 

[(I F) (~ ~ r ( ~ ) r (Ii") (~ ~) I ( : ) 

[Ul:tl P'fl
l

) (~ ) r ((Et l 
Ffl-

I
) (: ) 

aBayes = [(2::)-1 + p'n-1 prl [p'n-lq] 

3.2.3 Optimal Scaling Factors 

(3.5) 

\Ve are left to solve an optimisation problem, namely maximising the utility function below 

'with respect to the active portfolio weights 

(3.6) 
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such that 

'WPA • 1 0 

'where 

• 'WPA denotes the n x 1 vector of active portfolio weights; 

• ).A is the investors aversion to active risk; and 

• iJ!~ is the tracking error variance of the active portfolio. 

In other words we use the active weights as controls in the optimisation subject to the 

constraint that the active weights must sum to zero. 

There is an alternative to maximising (3.6) in order to derive the optimal portfolio based 

on the refined O'Bayes. We do this by following the approach in He and Litterman [HL 1999] 

Appendix B. The solution presented there is to compute optimal scaling factor 1> such that 

(3.7) 

where 

• 'WPA is the solution to (3.6); 

• 'Weq are the benchmark active weights, note that Wcq = 0 since the manager holding 

the benchmark portfolio, has a risk-adjusted expected excess return of an asset over 

the benchmark of zero. 

Since the columns of matrix pI are the long/short mini portfolios in the manager's view, 

the unconstrained optimal portfolio is the benchmark portfolio plus a weighted sum of the 
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portfolios in the manager's views. The weights of these portfolios are given by the elements 

of the optimal scaling factor, the k x 1 vector ¢, where ¢ is given by the formula 

0.-lq _ [0. + Pl::P'] 1 pl::p,0.-lq 
~A ~A 

(3.8) 

Hence, the optimal portfolio weights based on the refined alphas is given by 

(3.9) 

with ¢ as in (3.8). 

Equation (3.8) can be followed easily in He and Litterman [HL 1999] by setting T to 1 

and 7r to O. That is because in active return space, equilibrium return vector is the zero 

vector and T is arbitrarily set to 1 given that one should have strong confidence in one's 

covariance matrix, otherwise portfolio optimisation would be futile. 

3.3 Demonstration of the Qualitative Forecasts Model 

In order to illustrate the model, I will present the same nine asset example as the one I used 

in the Black-Litterman model. Figure (3.1) gives a breakdown of the asset claSHes used 

together with their respective market capitalisations in millions of Rand. The Qualitative 

Forecasts Model, takes into account the manager's views as a combinations of long/short 

portfolios and then performs the optimisation on the active weights. This is different from 

the Black-Litterman approach, which calculates a New Vector of Expected Returns from 

which we reverse optimise the portfolio weights. The "master" formula that we need use 

is given by equation (3.8). Let us examine in more detail the nature of the formula 

kxl kxl 
~ ~ 

¢ = 0.-lq _ [0. + pl::P'r 1 pl::p,0.-Iq 

~A' v ' ~A 
(3.10) 

kxk 

\vhere we have k independent active bets in the form of k mini-long/short portfolios. The 

views thus can only be of the relative kind. vVe need to select bullish/bearish asset pairs. 
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I Index Code Mkt cap Mkt Cap I 

All Share Economic Group in R mil Weights· 
JSE: Resources JOOO 622,881.16 42.8599% 

JSE:Basic Industries J010· 51,047.92 3.5126% 
JSE: General Industry J020 40,021.99 2.7539% 

JSE: Cyclical Consumer J030 99,462.51 6.8439% 
JSE:Non-Cyclial Consumer J040. 118,767.34 8.1723% 

JSE: Cyclical Services J050· 102,818.94 7.0749% 
JSE:Non-Cyclical Services J060 62,176.50 4.2783% 

I 
JSE:Financials J080 343,053.38 23.6052% 

JSE: IT J090 13,065.19 0.8990% 

Total 1453294.926 100% 

Figure 3.1: The nine assets used in the ilhuitration of the qualitative forecasts model. 

• View 1: Bullish on JSE Financials and hearish on JSE Non-Cyclical Services. 

• View 2: JSE Cyclical Consumer will outperform JSE Cyclical Services. 

• View 3: Bullish on JSE IT and JSE Non-Cyclical Consumer vs JSE Basic and 

General Industry. 

The View Projection Matrix is calculated as in the Black-Litterman model using the market 

capitalisation weighted method of He and Litterman (1999). TilU8 P becomes 

P 

o 

o 

o 
o 

o 
o 

o 
1 

o 
o 

o 1 1 

-1 0 0 

o 

o 

o -0.5605 -0.4395 0 0.9009 0 0 0 0.0991 

(3.11) 

:\otice that each of the rows of the P matrix 8mn to zero as we only allow relative views. 

The remainder of the inputs required for the formula in equation (3.lO) are the covariance 

matrix 2:, the uncertainty matrix n and the alpha view vector q. 2: we calculate as in 
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the Black-Litterman model, and [2 is the diagonal matrix defined by Herold Ulf to be 

o diag(pIEP) which takes the form 

o 
o (3.12) 

The difference between the uncertainty matrix here and the one used by Black-Litteman 

is that T has been set to one because a.'> I have shown in Chapter 2, the value of T is in 

fact arbitrary. La."ltly, the alpha view vector q is calculated by multiplying the Information 

Coefficient IC with the diagonal elements of the matrix P'EP. IC is kept a free parameter 

and it is an indication of the conviction of the manager. IC is defined to be the correlation 

between forecasts and subsequent realised returns, hence, a manager with no confidence 

will set an IC equal to zero and a manager with 100% confidence will set an IC equal to 

one. Depending on the size of IC one can take on more or less tracking error, so that could 

be another way of adjusting the value of IC. I have set a value of 0.2 for the subsequent 

calculation of ¢ and the optimal weights as calculated by the Qualitative Forecasts modeL 

are illustrated in Figure (3.2). 

Looking at Figure (3.2) we see that the benchmark weight (market capitalisation weight) 

for sector JOOO is the same as the new optimal weight because we had not placed a view on 

that sector. View 1 is Bullish on J080 and bearish on J060. Wnew on .1060 has decrea.'>ed 

from Wmkt by the same amount that W new has increased on .1080 from its Wmkt. If we 

compare the results of the Black-Litterman .\clodel on the same nine asset example, we 

notice immediately that we are short .1060 in the qualitative forecasts modeL This can be 

explained as follows: The Views expressed in the two models differ slightly. The Qualitative 

Forecasts Model does not allow absolute views so View 1 in the Qualitative case pairs 

up a view on .l080 vs ,]060. In contrast, the Black-Litterman Model views had no view 

placed on ,]060, hence the a'>set allocation was Benchmark weight. View 2 and View 3 are 
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Figure 3.2: Optimal portfolio weights as calculated by the Qualitative Forecasts model, with), = 2 

and Ie = 0.2 

likewise, intuitively represented. 

I have mentioned that it is possible to vary Ie as a means to take on different tracking 

errors. I illustrate the effect of varing Ie on the optimal portfolo weights in Figure (3.3). 

Note that the bigger the Ie the bigger the departure from the benchmark weights. I use 

this idea when I construct tracker funds in the next chapter. 
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Figure 3.3: The effect of varing Ie on optimal porifolio weights 
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Chapter 4 

Transporting Alpha Across 

Bencl1.marks 

4.1 Outline 

We now have at our disposition two portfolio optimisation models, the Black-Litterman 

:!'-.Iodel and the Qualitative Forecasts Model. They both allow the manager to input his 

views and re-calculate a set of optimal weights that take into account those views. The two 

models are ::;imilarly set in a Baye::;ian statistical framework but they differ in they way they 

proce::;::; manager views. The Black-Litterman rvlodel i::; a ::;uitable portfolio construction 

tool for quantitative managers only, ::;ince the portfolio manager mu::;t attach a probability 

density function to each view. The Qualitative Forecasts l\Iodel, as the name ::;uggests, is 

capable of processing purely qualitative inputs. This is useful to fundamental managers 

who only have directional views (bullish/bearish), and attach at best a level of cOIlviction 

to them. 

In this chapter r develop five Enhanced Index Tracker Funds that are based on assets taken 
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from the ALSI Top40. An enhanced index tracking fund is a type of asset management 

strategy that is used to achieve superior returns. The majority of fund managers are 3.')­

signed mandates which they have to manage with respect to a pre-defined benchmark. 

Their performance can be attributed foremost to good market bets and ability to maintain 

a low risk level. Fee structure, transaction costs, high turnover all contribute to drain away 

performance achieved through manager skill. Thus it is highly desirable for a manager to 

be able to successfully transport his views on the market into his portfolio in an optimal 

way that minimises overall active risk. The enhanced index tracker funds that I develop 

using my qualitative and quantitative asset allocation models are an ideal way to transport 

alpha across benchmarks. Suppose a manager is given a mandate which requires him to 

outperform a particular benchmark call it B. Suppose further that this particular manager 

has a good understanding of the market forces that drive the economy in his area of focus 

and he has performeed particularly well in that environment, i.e., he has been outperform­

ing benchmark A. How does he translate those views that are generating positive alpha 

OIl benchmark A onto his new mandatory benchmark B? I outline one such answer in the 

work that follows in this chapter. 

I use both the Black-Literman Model and the Qualitative Forecasts model to set up the 

enhanced tracker funds with the 3.'3sets from the Top40 as benchmark. The demonstration 

is done over four years from ~!Iarch 2000 to March 2004. I discuss in detail the methodology 

required to set up such funds and analyse the performance of the five funds using standard 

portfolio diagnostic tools. 

4.2 Data 

The data consists of two main bodies 

• Daily Closing Prices of the ALSI Top40 Assets from January 1997 till March 2004. 
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• Two sets of Quarterly Unit Trust Fund Data for the same period. 

Details of the unit Trust Data is proprietary to Cadiz Holdings and I am unable to discuss 

how such data is collected and calculated. 

However, I use the Unit Trust Data to back out views for my enhanced tracker funds each 

quarter. It has been observed that one of the Unit Trusts Funds consistently outperforms 

the benchmark and so I reverse engineer quarterly expected returns and use that as inputs 

for my views. The data is manipulated in Excel and all the modelling is performed in 

I\latlab. 

4.2.1 Choice of Assets 

The modelling to follow is intended to illustrate the strength of the two models given real 

market conditions. I could not include all the assets in the present Top40 in my portfolio, 

since I would have run into considerable difficulty with calculating a covariance matrix of 

expected returns. Firstly, some assets presently in the Top40, were not in the Top40 three 

or four years ago. The recent listing of Telkorn is one such example. Secondly, some assets 

in the Top40 are strongly correlated and that leads to co-linearity between the columns 

of the covariance matrix. The covariance matrix is ill-conditioned. As a result we are no 

longer able to invert the covariance matrix, and also from a financial point of view, we 

lose diversification potential when we have strongly correlated assets. Hence I chose the 

29 shares shown in Figure (4.1) from the Top40 as a basket of shares that will make up 

my benchmark and will be used to construct the five enhanced tracker funds. 
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Shares 
ABI 
AGL 
AMS 
ANG 
ASA 
AVG 
BAW 
BIL 
BVT 
FSR 
GFI 
HAR 
I!\IP 
IPL 
NED 
NPI< 
NPN 
:-':TC 
PIK 
PPC 
RCH 
Rl\1H 
SAB 
SAP 
SBI< 
SHF 
SL\1 
SOL 

Type 
Soft Drinks 
Other Mineral 
Platinum 
Gold Mining 
Banks 
Gold Mining 
Diversified Industrials 
Other Mineral 
Business Support Services 
Banks 
Gold \lining 
Gold Mining 
Platinulll 
Diversified Industrials 
Banks 
Business Support Services 
Cable and Satellite 
Hosp Mng LTC 
Food and Drug Retailers 
Building and Construction :>raterials 
Household Appliances and Housewares 
Banks 
Beverages Brewers 
Paper 
Banks 
Furnishings and Floor Coverings 
Life Assuranc 
Oil Integrated 

JSE Economic Group 
NOli Cyclical Consumer Goods 
Resources 
Resources 
Resources 
Financials 
Resources 
General Industrials 
Resources 
Cyclical Services 
Financials 
Resources 
Resources 
Resources 
General Industrials 
Financials 
Cyclical Services 
Cyclical Services 
Non Cyclical Consumer Goods 
Non Cyclical Services 
Basic Industries 
Cyclical Consumer Goods 
Financials 
Non Cyclical Consumer Goods 
Basic Industries 
Financials 
Cyclical Consumer Goods 
Financials 
Resources 
Non Cyclical Consumer Goods 

Figure 4.1: Th.e basket of shares used to develop enhanced tracker funds together with the repective 

economic sector. 

4.3 Methodology 

The objective is to set up a benchmark index from the basket of shares,~lyTop30, selected 

for my funds. I will observe the performance of this basket over the period modelled, 

namely March 2000 to March 2004. I will then set up five enhanced tracker funds, three 

based on the Qualitative Forecasts Model and two ba'ied on the Black-Litterman Model. 

These funds will take on tracking error of 1%, 2% and 3% for the Qualitative YIodel and 1% 

and 2% for the Black-Litterman Model. The funds will be named QM1, QM2, QM3, BLl 

and BL2 respectively. For each of these funds I have to calculate the covariance matrix of 

returns the view projection matrix P, and then separately the view vector Q for each 

model and the uncertainty matrix n. With these inputs I run the optimisation in such a 
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way that the tracking error is constrained at each re-balancing of the weights. 

4.3.1 Benchmark Indexing 

I invest RlOO in the MyTop30 basket in such a way that the weights are market capitalisa­

tion weighted and the rebalancing occurs monthly, I calculate the number of shares I have 

at the beginning and I allow for fractional shares. At month end I calculate the value of the 

basket of shares and using the market cap weighs at that time I re-calculate the new num­

ber of shares that I can hold for the following month. This type of boot-strapping method 

indexes MyTop30 and provides me with the benchmark. Below I display the Matlab code 

I used to perform the indexing. 

IV=100; 

ITop30= [] ; 

for i=1:49 

MWmkt(: ,i)=MMktCaps(: ,i) ./sum(MMktCaps(:,i»); 

end 

for 1=1:48 

ITop30(i)=IV; 

NS(: ,1)=(MWmkt(:,i)*ITop30(i»./MCPrices(: ,i); 

IV=NS(:,i)'*MCPrices(:,i+1); 

end 

Where 

• IV is the initial value of investment of RlOO; 

• ITop30 is the value of the index; 

• MWmkt are the monthly market cap weights normalised to 1. They are stored as a 

29 x 49 matrix, with each column representing a month end starting at March 2000; 
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• NS is the number of shares held during this period. It is stored as a 29 x 48 matrix, 

again with each column representing the number of shares to be held till the following 

month end; and 

• MCPrices is an array that stores the Monthly Closing Prices for these shares. 

The :\/Ionthly Closing Prices and the :\10nthly Market Cap ~Weights are extracted from 

the Daily Closing Prices and Number of Shares in Issue data and manipulated in Excel 

using pivot tables. The data is then arranged to be imported into ;\Iatlab where all the 

calculations are done. The MyTop30's performance can be seen in Figure (4.2). Note 

that we started with RlOO; the minimum value was R87,89 and the maximum value was 

R167,50. 

4.3.2 Calculation of Inputs 

Let us recall the two operational formulas that we need in order to run our models: The 

Black-Litterman formula is 

(4.1 ) 

and the Scaling Factor for the Qualitative Forecasts ;\lodel is 

(j) = n-1q _ [n + PEP't 1 PEP,n-1q 
, AA AA 

( 4.2) 

The Black-Litterman formula has as its output the New Vector of Expected Returns E[R] 

from which we reverse engineer optimal weights. The Qualitative Forecasts Model calcu­

lates a scaling factor such that the new optimal weights are given by the View Projection 

l\Iatrix P multiplied by the Optimal Scaling Factor q). Thus it is sufficient to compute 

equations (4.1) and (4.2) to be able to set up the enhanced tracker funds. 

The common inputs to these formulas are E and P. The two models differ in the way that 

views are entered. The Black-Litterman Model requires a probability density function and 
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QI 
::J 

~ 110 

MyTop30 Monthly Indexing from March 2000 to March 2004 

- MyTop30 

80~--~----~----~----~--~~--~----~----~----~--~ o 5 10 15 20 25 30 35 40 45 50 
Number of Months after March 2000 

Figure 4.2: Performance of the MyTop30 Basket of Shares 

a point forecast, to be stated for each view. The Qualitative Forecasts Model requires 

only directional views and they are entered as a product of the Information Coefficient 

multiplied by the tracking error. Hence all that is required of the manager is to give an 

estimate of his IC. This can be worked out via the Information Ratio, or in our case we 

constrain the tracking error so IC is automatically chosen. Thus in reality the manager 

need only set up long-short pairs of assets on which he has views. In the sections that 

follow I give a detailed demonstration of how the inputs are calculated and then how the 

models are run to set up the enhanced tracker funds. 
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Covariance Matrix of Returns 2:: 

The Covariance tvlatrix of Returns is calculated using Weekly Closing Prices. Since the 

optimisation is run every quarter, 2:: is re-calculated every quarter. This is done by having 

a rolling window of 65 Weekly Closing Prices, and each quarter 12 weeks of data is added 

and the oldest 12 weeks of data is removed. I set up the data in Excel and import it into 

~latlab where the covariance matrix is calculated. The code below performs that function. 

%This sets up a multi dimensional array holding the weekly closing prices for the basket of stocks 

ClosingPrices=[]; 

for i 1:65 

end 

for j " 1:29 

end 

ClosingPrices(i,j,l)=RetMOO(i,j); 

ClosingPrices(i,j,2)-RetJOO(i,j); 

ClosingPrices(i,j,3)=RetSOO(i,j); 

ClosingPrices(i,j,4)=RetDOO(i,j); 

ClosingPrices(i.j.5)=RetM01(i,j); 

ClosingPrices(i.j,6)=RetJ01(i,j); 

ClosingPrices(i.j,7)=RetS01(i.j); 

ClosingPrices(i,j,8)=RetD01(i.j); 

ClosingPrices(i,j,9)=RetM02(i,j); 

ClosingPrices(i,j.l0)=RetJ02(i,j); 

CloslngPrices(i,j,ll)=RetS02(i,j); 

ClosingPrices(i,j,12)=RetD02(i,j); 

ClosingPrices(i,j,13)=RetM03(i.j); 

ClosingPrices(i,j,14)=RetJ03(i,j); 

ClosingPrices(i,j,15)=RetS03(i,j); 

ClosingPrices(i,j,16)=RetD03(i,j); 

ClosingPrices(i.j,17)=RetM04(i,j); 

7~ere we calculate the Covariance matrix relevant to each of the quarters 

Returns = []; 

Sigma=[] ; 

Determinants=[]; 

for ii=1: 17 

for i = 2:65 
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for j = 1:29 

Returns(i-l.j,ii);(ClosingPrices(i-l,j,ii)-ClosingPricesCi,j,ii»/ClosingPricesCi,j,ii); 

end 

end 

Sigma(:,: ,ii)=cov (Returns ( :,: ,ii»; 

end 

where 

• Closing Prices are stored as a 65 x 29 x 17 multiple array with each layer representing 

one of the 17 quarters, having 65 weekly closing prices for the 29 shares; 

• Returns are calculated based on these Closing Prices and stored in a 64 x 29 x 17 

multiple array; and 

• Finally, Sigma is calculated from these returns and stored as a 29 x 29 x 17 multiple 

alTay with each layer representing the covariance matrix relevant to that quarter. 

View Projection Matrix P 

The calculation of the View Projection Matrix P is perhaps the most interesting. It relies 

heavily on our type of views. Since P is a k x n matrix where we have k views on n assets, 

the computation depends on how one decides to incorporate views on the basket of stocks. 

I will thus outline the method I used to back out views from the Unit Trust Fund Data 

and then the method used to incorporate these views into my choice of P. 

Backing out Views from Unit Trust Fund Data 

The Unit Trust Data is made up of two funds, A and B. Fund A is an outperforming 

fund and Fund B is a consensus fund. I have quarterly data which comprises the weights 

allocated to shares in each of these funds. I make the following assumptions 
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• First, since Fund A is not a static fund but each quarter it is made up of outperforming 

assets we can assume that such a fund will not deteriorate greatly in performance 

over a three month period. Proprietary reseach has been used in constructing these 

funds. In this study I used the funds as supplied by Cadiz Financial Strategists. The 

views we back out from Fund A are mostly valid for the next quarter; and 

• Second, the published quarterly weight allocations in both Fund A and Fund Bare 

assumed to be the weights that arc in effect for the next quarter or at least next 

month. 

Utilising these two assumptions I proceed in reverse engineering expected returns each 

quarter on the shares that I hold in MYTop30 basket. The unconstrained Markowitz 

optimisation (reference Mar kowi tz) yields 

where 

E[RA](t) 

E[RB](t) 

,\Z=(t)(WA)t 

,\Z=(t)(WB)t 

• E[RA](t) is the expected return on the assets in .MyTop30 basket at time t; 

• ,\ is the risk aversion coefficient; 

• Z=( t) is the covariance matrix of returns at time t; and 

• (WA)t is the weight distribution vector in Fund A at time t 

and therefore the View Vector at time t is the difference between these two expected 

returns, namely 

Q(t) = E[RA](t) - E[RA](t) 
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The code below illustrates the procedure. 

% Back out views from Unit Trust Fund Data 

ER1=[] ; 

ER2= [] ; 

% Wi and W2 are imported quarterly from Fund A and Fund B data 

for i=1:16 

end 

W1adj(:,i)=Wl(:,i)./sum(Wl(:.i»; % normalise to 1 

W2adj(:,i)=W2(:.i)./sum(W2(:.i»; 

% Calculate Expected Returns Quarterly 

for i = 1:16 

end 

ER1(:.i) Lambda*Sigma(:.:.i)*Wladj(:.i); 

ER2(:.i) Lambda*Sigma(:, :.i)*W2adj(:.i); 

% Finally calculate View Vector Q - 29x16 matrix 

% each column represents the view vector relevant for that quarter 

for j=1:16 

que(:.j)= ER1(:.j)-ER2(:.j); 

end 

vVe now have the difference in expected return on each share in the lvlyTop30 basket every 

quarter. One now has to decide as to how best to incorporate these differences into the two 

models. I decided to group the shares into their economic sectors and thus have views 011 

each sector. The shares in MyTop30 basket are grouped into eight economic sectors, thus 

each quarter I will have eight views. For the Black-Litterman r.lodel the views have to 

be of a quantitative nature and I shall demonstrate the methodology in the section below. 

The Qualitative Foreca..'3ts ivlodel only requires directional views and so we merely look at 

the relative views in each sector. This particular methodology is outlined in a subsequent 

section. The nature of the inputs of the View Vector affect the View Projection Matrix 

and I will show how I calculate P for the current scenario. The View Projection Matrix is 

the same for both models, because the views on sectors are expressed, either quantitatively 
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or qualitatively but P remains a 8 x 29 market cap weighted matrix. 

View Vector Q and the View Projection Matrix P for the Black-Litterman 

Model 

I will demonstrate the methodology for assigning views to sectors by considering data 

for the first quarter of our simulation. The views are backed out using unit trust data 

available at the 31 March 2000. The views Q, the view projection matrix P and the 

covariance matrix ~ are calculated with data available on the 31 March 2000 and are used 

to set up the tracker funds for the next quarter until 30 June 2000. In the interim period, 

closing price data is used to track the performance of the funds but Q, P, and ~ are only 

adjusted quarterly, as new unit trust fund data becomes available. 

Figure (4.3) contains information that is backed out of the two funds in March 2000. The 

shares present in the basket are numbered and allocated to their economic sector. However, 

in order to impose views on each sector we have to sort the information according to that 

sector. Therefore Figure (4.4) will be the starting point of the demonstration. 

Let us now consider an even smaller subset of Figure (4.4), namely the Resources Sector 

together with the corresponding market capitalisations. The Market Capitalisation and 

Relative l\Iarket Capitalisation columns are used for the View Projection Matrix and the 

Vector of Expected Returns column (E[R]) is used for the View Vector Q. Note that we 

are now looking at data from the first quarter (March 2000), sector eight, thus what we 

are calculating is row eight of the first P matrix and the (8, 1) entry of the View Vector 

Q. Figure (4.5) tabulates the eight shares that fall in the resources sector. The second 

column shows us the asset number of each share in the MyTop30 basket. The ordering 

is important because the P matrix has to be standardised and also the covariance matrix 

~ is calculated with the assets in the order shown in Figure (4.3). Standardising the P 

matrix means that the asset order remains constant so that the l'vIatlab routine that picks 

55 

Univ
ers

ity
 of

 C
ap

e T
ow

n



Share Asset Nr Sector Sector name E[R] Diff Mkt Cap 
ABI 1 6 Non Cyclical Consumer Goods -1.3463E-05 6.3439E+09 

AGL 2 8 Resources 1. 6302E-04 1.2319E+ll 
AMS 3 8 Resources -4.4127E-06 3.7599E+1O 
ANG 4 8 Resources 2.3068E-04 3.3468E+I0 
ASA 5 4 Financials -3.0614E-04 1.5500E+I0 
AVG 6 8 Resources 3.3015E-04 1.8250E+09 

BAW 7 5 General Industrials -1.9304E-04 9.2796E+09 
BIL 8 5 General Industrials 1.6716E-04 6.5851E+I0 

BVT 9 3 Cyclical Services -1.3841E-04 1.4474E+1O 
FSR 10 4 Financials -7.1519E-05 4.3018E+I0 
GFI 11 8 Resources 5.2649E-04 1.0334E+I0 

HAR 12 8 Resources 5.2189E-04 3.0524E+09 
IMP 13 8 Resources -1.0879E-05 1.4959E+I0 
IPL 14 5 General Industrials -1.6189E-04 1.1722E+1O 

NED 15 4 Financials -1.6043E-04 3.1592E+1O 
NPK 16 3 Cyclical Services -4.0542E-05 7.7367E+09 
NPN 17 3 Cyclical Services -3.4817E-04 1.1647E+1O 
NTC 18 6 Non Cyclical Consumer Goods -9. 7806E-05 1.3725E+09 
PIK 19 7 Non Cyclical Services -6.5071E-05 4.7009E+09 
PPC 20 1 Basic Industries -2.9142E-05 2.5990E+09 
RCH 21 2 Cyclical Consumer Goods 1.0785E-05 8.5608E+1O 
RMH 22 4 Financials -3.6122E-05 1.0553E+I0 
SAB 23 6 Non Cyclical Consumer Goods -9.5172E-05 3.8684E+1O 
SAP 24 I Basic Industries 1.6702E-05 1.2097E+1O 
SBK 25 4 Financials -7.2186E-05 3.7138E+1O 
SHF 26 2 Cyclical Consumer Goods 9.7113E-06 4.5428E+09 
SLM 27 4 Financials -1.6844E-04 2.2059E+1O 
SOL 28 8 Resources -6.6430E-06 2.4755E+1O 
TBS 29 6 Non Cyclical Consumer Goods -1.4464E-04 1.1248E+1O 

Figure 4.3: The table contains the vector' of e:rpected returns for the basket of shares in lvfarch 

2000 

up the views is the same for any period of analysis. Columns three and four are redundant 

for the immediate discussion but they show the sector nnmber and the sector name. The 

sector number dictates the view number. Column five indicates the difference in expected 

returns for the eight shares in the resources sector backed out from unit trust fund data for 

:"Iarch 2000. Column six shows the market capitalisations of each of the shares in March 

2000. Column seven displays the relative market capitalisations of the shares with respect 

to the relevant Stl btotals. It can be seen that the table in Figure (4.5) separates the shares 

that have a positive expected return differential from those with a negative expected return 

differential. This is because the construction OIl the P matrix demands that each row that 

contains a relative view (Ilominally outperforming assets vs nominally underperforming 

&'lsets) must add up to zero. Hence the relative market capitalisations in column seven are 

for the nominally outperforming shares and nominally underperforming relative to their 
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Share Asset Nr Sector Sector name E[R] Diff Mkt Cap 
PPC 20 1 Basic Industries -2.9142E-05 2.5990E+09 
SAP 24 1 Basic Industries 1.6702E-05 1.2097E+1O 
RCH 21 2 Cyclical Consumer Goods 1.0785E-05 8.5608E+I0 
SHF 26 2 Cyclical Consumer Goods 9.7113E-06 4.5428E+09 
BVT 9 3 Cyclical Services -1.3841E-04 1.4474E+I0 
NPK 16 3 Cyclical Services -4.0542E-05 7.7367E+09 
NPN 17 3 Cyclical Services -3.4817E-04 1.1647E+I0 
ASA 5 4 Financials -3.0614E-04 1.5500E+I0 
FSR 10 4 Financials -7.1519E-05 4.3018E+I0 

NED 15 4 Financials -1.6043E-04 3.1592E+I0 
RMH 22 4 Financials -3.6122E-05 1.0553E+1O 
SBK 25 4 Financials -7.2186E-05 3.7138E+1O 
SLM 27 4 Financials -1.6844E-04 2.2059E+I0 

BAW 7 5 General Industrials -1.9304E-04 9.2796E+09 
BIL 8 5 General Industrials 1.6716E-04 6.5851E+I0 
IPL 14 5 General Industrials -1.6189E-04 1.1722E+I0 
ABI 1 6 Non Cyclical Consumer Goods -1.3463E-05 6.3439E+09 

NTC 18 6 Non Cyclical Consumer Goods -9.7806E-05 1.3725E+09 
SAB 23 6 Non Cyclical Consumer Goods -9.5172E-05 3.8684E+I0 
TBS 29 6 Non Cyclical Consumer Goods -1.4464E-04 1.1248E+I0 
PIK 19 7 Non Cyclical Services -6.5071E-05 4.7009E+09 

AGL 2 8 Resources 1.6302E-04 1.2319E+ll 
AMS 3 8 Resources -4.4127E-06 3.7599E+I0 
ANG 4 8 Resources 2.3068E-04 3.3468E+I0 
AVG 6 8 Resources 3.3015E-04 1.8250E+09 
GFI 11 8 Resources 5.2649E-04 1.0334E+I0 

HAR 12 8 Resources 5.2189E-04 3.0524E+09 
IMP 13 8 Resources -1.0879E-05 1.4959E+I0 
SOL 28 8 Resources -6.6430E-06 2.4755E+I0 

Figure 4.4: The same content as in the previous table, only now the shares are sorted according 

to their economic sectors 

market capitalisation subtotal. Note that each of the relative subtotals add up to one. 

Thus the work to evaluate row eight of the first P matrix is done. The entries have the 

numerical value of the relative market capitalisation column. The entries are positive for 

the nominally outperforming shares, namely AGL, ANG, AVG, GFI, HAR and negative 

for the nominally underperforming shares AMS, IMP, SOL. The value of the asset number 

found in column two indicates the position of the entry in the eighth row of the first P 

matrix. Thus P(8, 2,1) where the 8 indicates the eighth row, the 2 indicates the second 

column and the 1 indicates that this is the first P matrix, i.e., the one that is relevant 

for the first quarter of our simulation, March 2000 is the entry for AG L from column 

seven, namely 0.716765. This is best illustrated in Figure (4.6) where I have transposed 

row eight of the first P matrix to show how the entries are placed. Note the position of 

the non-zero entries. The assets used in view eight are in bold face. I have boxed the 
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Share Asset Nr Sector Sector name E[R] Diff Mkt Cap Rei Mkt Caps 
AGL 2 8 Resources 1.6302£-04 1.2319E+11 0.716765 
ANG 4 8 Resources 2.3068E-04 3.3468E+1O 0.1947:30 
AVG 6 8 Resources 3.3015E-04 1.8250E+09 0.010618 
GFI 11 8 Resources 5.2649£-04 1.0334E+1O 0.060127 

HAR 12 8 Resources 5.2189£-04 3.0524E+09 0.017760 
Subtotal 1. 7187E+ 11 1.000000 

AMS 3 8 Resources -4,4127E-06 3.7599E+1O 0.486323 
IMP 13 8 Resources -l.0879E-05 1A959E+1O 0.193490 
SOL 28 8 Resources -6.6430E-06 2,4755E+IO 0.320187 

Subtotal 7.7314E+I0 1.000000 

Figure 4.5: The Resources Sector with the corresponding market capitalisations 

nominally underperforming assets (numbers 3, 13, and 28) for easy comparison with the 

table in Figure (4.5). 

The (8,1) entry of the View Vector Q remains to be calculated for the eighth view. That 

entry is simply the straight snm of the entries in column five of Figure (4.5). In other 

\-'lords the expected return differentials for the assets are added and combined to get an 

expected return differential for the sector. The Q vector for the first quarter is illustrated 

in Figure (4.7) and contains the entry calculated in the eighth row. 

The method outlined so far is repeated qnarterly for each economic sector, producing 

sixteen 8 x 29 View Projection .Matrices and an 8 x 16 matrix Q containing the View 

Vector. The code below that achieves this task is performed in rvlatlab with data imported 

from Excel. 

t. View Projection Matrix P and View Vector Q are now Assembled t. 

n=length(Asset_Nr); t. scales the matrix according to number of assets 

t. n=29 in this case 

k=max(Sector); % gets the number of views to be had 

t. k = 8 

P=zeros(k,n); t.Creates an 8 by 29 matrix to stand in for the 

t. View Projection Matrix 

Q=[] ; 
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Shares Asset Nr Row 8 transposed 
ABI 1 0 

AGL 2 0.716764544 
AMS 3 -0.486323239 
ANG 4 0.19472971 

ASA 5 0 
AVG 6 0.010618323 
BAW 7 0 

BIL 8 0 
BVT 9 0 
FSR 10 0 
GFI 11 0.0601274 

HAR 12 0.017760023 
IMP 13 -0.193489626 

1PL 14 0 
NED 15 0 
);PK 16 0 
NPX 17 0 
NTC 18 0 
PIK 19 0 
PPC 20 0 
RCH 21 0 
RMH 22 0 
SAB 23 0 
SAP 24 0 
SBK 25 0 
SHF 26 0 
SLM 27 0 
SOL 28 -0.320187135 
TBS 29 0 

Figure 4.6: The Eighth Row of the First P matrix, transposed 

Perf=[] ; 

MktRet= [] ; 

Perfl= [] ; 

~~tRetl=[]; % Preamble 

for j = 1:16 %j stand for number of quarters 

QU=que ( : ,j) ; % que the expected return differential on each asset 

% as calculated earlier 

Mkt_Cap=Mkt_Cap_Final(: ,j); % selects the Mkt Cap applicable to that quarter 

% calculate each row of the P matrix and each entry on the Q vector view by view 

for i = l:k 

Viaw=[] ; 

V=[] ; 

Mcap=[) ; 
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end 

end 

c-c···· 
View Nr Q Vector for the First Quarter 

1 -1.24395E-05 
2 2.04958E-05 
3 -5.27122E-04 
4 -8.14838 E-04 
5 -1.87774E ... 04 
6 -3.51080E-04 
7 -6.50714E-05 
8 1.75029 E-03 

Figure 4.7: View Vector Q , for the first quarter 

Wmkt;[] ; 

blah;[] ; 

Mkt ... Capl;[] ; 

Mkt ... Cap2;[]; 

Summl;[] ; 

signcheckneg"'(] ; 

signcheckpos; [] ; 

P'" [] ; 

View;find(Sector;;i); 

V=Asset_Nr(find(Sector==i»; Y.finds the relevant assets involved in the view 

signcheckneg=find(QU(View)<O); Y.finds relevant Exp Returns pos or neg 

signcheckpos=find(QU(View»O); 

Vneg=V(signcheckneg); 

Vpos=V(signcheckpos); 

Mcapneg"'Mkt ... Cap(Vneg); 

Mcappos=Mkt_Cap(Vpos); 

Wmktneg"'Mcapneg.!sum(Mcapneg); Y.Calculates relative Mkt Caps 

Wmktpos;Mcappos.!sum(Mcappos); 

p=zeros(1.n) ; 

p(V(signcheckneg»=-Wmktneg; y'Puts in the negative entries 

p(V(signcheckpos»=Wmktpos; Y. and teh positive ones 

P(i.: ,j)=p; Y. Row i is noW complete 

findque=QU(View); 

Q(i,j)=sum(findque); Y.Q entry is calculated 
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View Vector Q for the Qualitative Forecasts Model 

The View Projection matrix for the Qualitative Forecasts f\lodel is the same as for the 

Black-Litterman :\lodel, except in the way the views are entered. The Qualitative Forecasts 

l\Iodel requires as inputs directional views such as bullish on AVG and bearish on HAR 

and stores the views in a column vector. The column vector is calculated as being the 

information coefficient IC times the diagonal elements of the matrix P'r:,P. The projection 

matrix selects the views, bullish or bearish, by simply looking at the sign of the expecter 

return differential forecast for each asset. Thus the qualitative views are only entered in the 

P matrix and IC simply selects the amount of tracking error that the manager wishes to 

take on. At this stage there is no difference in the method used to calculate the necessary 

inputs for the two models. In the sections to follow I construct enhanced tracker funds 

using the inputs calculated so far and the formulae in equations (4.1) and (4.2). 

4.3.3 Building Enhanced Tracker Funds 

Tracking Error 

Portfolio performance is usually evaluated against a prespecified benchmark portfolio. In 

our case the benchmark is the MyTop30 ba.sket of shares. One of the most frequently 

used measures is tracking error (TE), defined as the standard deviation of the difference 

between portfolio returns and the benchmark portfolio returns. Two common sources of 

TE arise from attempts to outperform the benchmark and the passive replication of the 

benchmark by a sampled portfolio. There are two different measures of tracking error: 

(;1; ante and ex post. 

The first measure for 

post tracking error is usually larger than ex ante tracking error. 

is simply the standard deviation of difference between portfolio 

returns and the benchmark portfolio returns. Satchell and Hwang argue the case that ex 

ante and ex post tracking errors must necessarily differ, since portfolio weights are ex post 
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stochastic in nature. Their results imply that fund managers always have a higher ex post 

tracking error than their planned tracking error. When I constructed the enhanced tracker 

funds to take on a certain (ex ante) tracking error, the realised tracking error (ex post) 

was slightly larger as described above. 

Satchell and Hwang [SH 2001] show that when the difference between portfolio weights 

and the benchmark portfolio weights is stochastic, ex ante tracking error is on average 

downward biased. The results imply that again the realised tracking error is typically 

larger than the planned tracking error. 

Formally, let rt be a vector of rates of return at time t with mean vector e and covariance 

matrix 2:. Let the active portfolio weights at time t be the vector at and the benchmark 

weights be the vector bt . Then 

T Et Jvar(a~rt - b~rt) 

J(at - bt),cov(rd(at - bt ) 

J(at - bt )'2:(at - bt ) 

Let the portfolio weight be Wt, where Wt = at - bt then 

(4.3) 

It is well understood that Wt, which is assumed non-stochastic ex ante, will be stochastic 

ex post. Since ex post TE is computing TE from the actual portfolio returns, rptl where 

rpt = w~_lrt, then a time series calculation of TE would involve, over a period from 

... , w~'_lrT' Conclusions about forecast failure 

arrise when we compare ex ante TE given in (4.3) with ex post TE given by 

TE= (4.4) 

Satchell and Hwang show that calculations based on treating portfolio weights as fixed will, 

on average, underestimate ex post tracking error over a historical period if the weights are 
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not kept fixed. For example, if we take a particular fund, which in our case would be the 

enhanced tracker fund that I constructed, and compute its monthly rate of return r]Jt and 

then calculate the tracking error/variance over a a period, say T (t 1, ... , T), where the 

\veights have not been rebalanced monthly prior to reporting the returns, we should expect 

underestimation of the actual tracking error. 

Enhanced Index Tracking Funds 

I have constructed five enhanced t.racker funds which use the :VIyTop30 Basket. a<; the bench­

mark. The active weight.s for the different enhanced t.racker funds I calculat.e using bot.h 

the Black-Lit.terman Model and the Qualitative Forecasts Model. The views are calculated 

quarterly for t.he period I\farch 2000 to I\:larch 2004 using the method outlined earlier. The 

funds are constrained to take on different tracking errors of 1%, 2% and 3% in the case 

of t.he Qualit.ative Forecasts model and 1% and 2% for t.he Black-Litterman Model. The 

enhanced tracker funds are called QMl, QM2, QM3, BLMI and BLM2 respectively. The 

Matlab code that. implements the tracking error constraint. while optimising the portfolio 

weights for the Black-Literrnan model is shown below. 

TETarget=input('please input target tracking error TE = '); 7. Set the target traCking error 

for i=l: 16 

Wmkt(: ,i) = Mkt_Cap_Final(: ,i)./sum(Mkt_Cap_Final(:,i»; 

delta = 0.001; 

~hile abs(TETarget-TEBL(i»>O.OOl 

delta=delta+0.001; 

OmegaDiag=diag(P(:,:,i)*Sigma(:,:,i)*P(: ,:,i)')*tau*delta; 

for jj=l:k 

Omega(jj,jj,i)=OmegaDiag(jj); 

end 

L(:,l) = tau*inv(Omega(:,: ,i»*Q(:,i)!Lambda-inv(Omega(: ,:,i)/tau 

+P(: , : , i) *Sigma(: , : ,1) oP(: , : ,1) ') *P ( : , : , i) *Sigma(: , : ,i) *Wmkt (: ,1) 
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-inv(Dmega(:,:,i)/tau 

Wblraw(: ,i): Wmkt(: ,i)+P(:,: ,i) '*L(: ,1); 

Summ2=sum(Wblraw(:,i»; 

Wbl(:,i)=Wblraw(:,i)./Summ2; 

TEBL(i)=sqrt «Wbl (: ,i)-Wmkt(:, i» '*Sigma(: ,: ,i)' (Wbl (: , il-Wmkt(: ,i»); 

end 

end 

The algorithm works hy re-adjusting the Uncertainty matrix S1 until the (ex ante) tracking 

error is achieved to the prespecified tolerance level. This is done quarterly because the views 

and the covariance matrix change oever that interval. Thereafter the optimal portfolio 

weights are calculated using the Black-Litterman model. For the case where the target 

tracking error is set to be 1% we get the BLM 1 enhanced tracker fund. 

In a similar fashion the Qualitative Forecasts model funds Ql\l1 to QM3 are calculated by 

varing ). until the target tracking error is aehieved. This is done quarterly so that each 

quarter the funds take on the prespecified tracking error. The Ylatlab Code below achieves 

this task. 

TETarget=input('please input target tracking error TE = ,); 

% Set the target tracking error 

for j=l: 16 

Wmkt(:,j) = Mkt_Cap_Final(: ,j).!sum(Mkt_Cap_Final(:,j»; 

IC=O.OOl; 

while abs(TETarget-TEQ(j»>O.OOOl 

% Adjust IC until the tracking error falls within limits 

IC=IC+O.001; 

Q=IC'OmegaDiag; 

Summ2=[] ; 

% Work out the new weights via the Optimal scaling factor Phi 

Phi(:,j)=(inv(Dmega(: ,: ,j»'Q)/Lambda - inv(Omega(: ,:,j) 
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+ P(:,: ,j)*Sigma (: , : , j) *P ( : , : ,j) ')* (P(: , : ,j) 

*Sigma(:,: ,j)*P(:,: ,j) '*inv(Omega(:,: ,j»*Q/Lambda); 

Wactive(:,j) = P(:,:,j)'*Phi(:,j); 

Wadj(:,j)=(Mkt_Cap_Final(: ,j)./sum(Mkt_Cap_Final(: ,j»)+Wactive(: ,j); 

% Normalise the weights to 1 

Summ2=sum(Wadj(:,j»; 

Wquali(: ,j)=Wadj(: ,j)./Summ2; 

end 

end 

TEQ(j)=sqrt«Wquali(:,j)-Wmkt(:,j»'*Sigma(:,: ,j)*(Wquali(:,j)-Wmkt(: ,j»); 
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Chapter 5 

Results and Discussion of tl'1e 

Portable Alpha Technique 

5.1 Results 

The results for the portable alpha technique are presented in this section. Figures (5.1) 

to (5.6) display the results for the QMl index tracker fund. The table in Figure (5.1) 

summarises the performance of the five funds. The funds are ranked according to their 

period absolute return. Kote that I started with RlOO invested in the fund on 31 March 

2000. All the funds had positive returns, but I did not indude transaction costs or portfolio 

turnover figures. The table lists Sharpe ratios, annualised tracking errors and monthly 

tracking error and annualised total risk. The results for the remaining funds, QM2, QM3, 

BL1\11 and BLM2 are displayed in Appendix C. I do this because the methodology has 

remained the same for all 5 funds and their inelusion would result in redundancy in the 

discussion section. Appendix B lists the Matlab source code that I used to construct my 

own benchmark and also to transport the views from the unit trusts fund data to my own 

basket of shares. 
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5.2 Discussion 

5.2.1 QM1 vs MyTop30 Performance 

I begin the discussion of the results with Figure (5.2). Figure (5.2) displays the absolute 

performance of the benchmark index MyTop30 and the portable alpha fund QM1. The 

date in months is allocated to the horizontal axis. There are 48 months in total repre­

senting the 4 years of data from 11arch 2000 to February 2004. The fund value in Rand 

is represented on the vertical axis. The model starts with R100 invested in both funds at 

31 March 2000. The monthly ex-ante tracking error of the QM1 fund is 1%. Such ex-ante 

tracking error is notable high, leading to an annualised ex-post tracking error of 5.08%. 

The absolute return of the QM1 fund for the period is R140.23. 

Absolute Relative 

Funds Return Ann. Sharpe Sharpe Beta Ann. 
for Total Ratio Ratio Tracking M'ly Hit 

Period Risk Rank Error TE Rate 
QM3 357.55 29.50 0.32 ( 1) 1.07 14.68 4.24 68.75% 
QM2 233.19 27.03 0.26 ( 2) 1.05 9.85 2.84 68.75% 
Avg 193.14 26.71 0.21 1.02 10.16 2.93 68.8% 
Q111 140.23 25.26 0.17 ( 3) 1.03 5.08 1.47 79.17% 

BLM2 126.57 26.77 0.15 ( 4) 0.95 14.09 4.07 62.50% 
BLivll 108.16 24.98 0.13 ( 5) 1.00 7.10 2.05 64.58% 

Figure 5.1: Summary Performance Analysis of the five Portable Alpha Funds: Last 47 months 

5.2.2 Relative returns for the QM1 Fund 

Figure (5.3) is a bar graph representing the monthly relative returns of the QMl fund. 

The date in months is displayed on the horizontal axis and the percentage relative return 

on the vertical axis. The hit-rate for the QM1 fund is 79.19%. The hit-rate is defined 
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as the percentage number of months with positive relative return. The high hit-rate is 

easily visualised in Figure (5.3). Such results clearly indicate success with with regard to 

transporting alpha across benchmarks. The views, which ultimately become alpha, are 

inferred from unit trust data with a Peer ~'Iean unit trust fund as benchmark. The QMI 

fund replicated the superior performance of the outperforming unit trust fund on a different 

benchmark. 

The high hit-ratio can also be represented by a positively skewed histogram of relative 

monthly returns. This is illustrated in Figure (5.5). 

The difference in ex-post and ex-ante tracking error is shown in Figure (5.4). The monthly 

ex-ante tracking error of the QMI fund is set to 1% and, the realised, ex-post tracking 

error is 1.4 7%. 

La.c;tly, Figure (5.6) shows a scatter plot of the monthly returns of the QMI fund relative 

to the benchmark. Several diagnostic analyses are shown in the figure. The horizontal 

axis represents the benchmark's excess returns and the vertical axis represents the fund's 

excess returns. The top right quadrant represents a selection of times where the benchmark 

and the fund had positive returns. Superb performance is noted in the top left quadrant 

with positive returns from the fund with negative returns from the benchmark. Terrible 

performance, likewise, is displayed in the bottom right quadrant. The beta of the ideal 

tracker fund is 1 and is denoted with the dashed line. The realised beta of the QNn 

fund is 1.03. A positive alpha of 1.12 is noteworthy. Afterall, the purpose of this entire 

methodology is to try and transport alpha in an efficient way across different benchmarks. 

:\1y arbitrarily chosen basket of shares were used to construct a market weighted index. 

That index, serving as a new benchmark, was actively tilted based on views inferred on a 

different benchmark, the Unit Trust Peer Mean, and a positive alpha was delivered. 
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Chapter 6 

Conclusion al1.d Further Research 

In my research I had set out to achieve three main goals. The first goal was to set the 

Black-Litterman Asset Allocation Model on sound theoretical footing and then provide 

insight on its inner workings via a step by step implementation on a nine asset example. 

The second goal was to develop a Qualitative Forecasts Asset Allocation Model from a 

theoretical and a practical point of view and then demonstrate its inner workings on the 

same nine asset example. Lastly, I set out to implement the two models on a basket of 

shares. I used this basket of shares to create my own index , the MyTop30 Index, and 

I inferred views on the basket from existing unit trust fund data. I thus developed a 

mechanism to transport alpha accross benchmarks. 

In retrospect I have managed to meet the goals set out initially. The chapter on the 

Black-Litterman .\iIodel, deals extensively with insights in the model's parameters and the 

theoretical derivation is achieved from two points of view. Chapter 3 addresses the Quali­

tative Forecasts Model with a derivation adapted from the Black-Litterman chapter and a 

demonstration of the inner workings based on the same nine assets as used to demonstrate 

the Black-Litterman model. Lastly, the methodology developed in Chapter 4 successfully 

manages to transport alpha across benchmarks. The methodology can certainly be im-
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proved by allowing for more sophisticated \\lays to back out views and also by using 

turnover in the portfolios but as an initial starting point, I have shown that both the 

qualitative and quantitative forecasts models are capable of achieving this goal. 

The research produced some interesting insight on the nature of the inputs used in the 

two models. Fundamentally the View Projection iI/latrix ultimately scales the importance 

that is placed on views. If an equally weighted P matrix is used then all the nominally 

outperforming assets have the same degree of importance placed upon them. If a market 

capitalisation weighting scheme is used then relative importance is placed on the a..'3sets 

in the same view, based on their respective relative market capitalisations. However, one 

can bring in factors such as liquidity or free floating number of shares in issue to use a..'l 

weighting schemes in the View Projection Matrix. To an even greater extent, one could 

incorporate strength of conviction in the P matrix by further scaling up the weights on a 

view level by a confidence factor. Further research ill the effects of different choices of P 

matrix weighting schemes would yield very useful results. 

The scalar T used in the Black-Litterman to scale the covariance matrix of excess returns 

turns out to be arbitrary when we incorporate T as a ratio in the diagonal matrix of error 

terms 0. This result enforces my suggestion that more work needs to be done on the P 

matrix in order to incorporate confidence in the views at that level. 

More research can be done on the Qualitative FOrecasts model to incorporate a system 

capable of converting several forecasts into a meaningful value for the Information Coeffi­

cient , IC, that is used as an input in the model. In that way, a fundamental manager can 

look at several indicators and analysts forecasts and use them to compute a reasonable IC 

given his choice of indicators and the current state of the market. My research has shown 

that varying the information coefficent produces varying deviations from the benchmark 

weights. 

Further work could include attempts to have forecasts on the expected volatility and not 
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only on the expected returns. That way the covariance martix would be a variable input 

rather than a calculated status quo variable outlining the current market volatilities and 

cross correlations. 
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Chapter 7 

Appendix 

Al Notes on the Multivariate Normal Distribution 

The multivariate normal distribution (MVN) is one of the most important examples of 

multivariate distributions. It is a direct generalization of the univariate normal and shares 

many of its properties. Besides from being analytically tractable the MVN often arises as 

the limiting distribution in many multidimensional Central Limit Theorems. 

A1.1 Definition of the Multivariate Normal Distribution 

The following are equivalent definitions of the IVIVN. Given a vector /1 E RTl and a positive 

semi-definite (n x 71) matrix :E, Y rv Nn(/l.~) if: 

Definition 1: 
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For positive definite ~, the density function of Y is 

Definition 2: 

The moment generating function (m.g.f) of Y is 

Definition 3: 

"'/-I,!t'Et er 2 

Y has the same distribution as AZ+ ll, where Z = (Z), ... , Zk) is a random sample from 

N(O, 1) and Anxk satisfies AA' = :E. 

Kote that Definitions L 2 and 3 are equivalent for det~ ~ 0, and Definitions 2 and 3 are 

equivalent for det~ > O. 

A1.2 Properties of the Multivariate Normal Distribution 

• General Properties: 

1. E[Y] 11, cov(Y) = :E 

2. If (Z1' .. " Zk) is a random sample from N(O,l) then Z has the Nn(On,Inxn) 

distribution. 

3. If:E is not positive definite, then Y has a singular l\1VN distribution and no 

density function exists . 

• General Transformations of MVN Vectors: 

1. If Y "-' Nn('l,~) and C pxn is a constant matrix of rank p, then CY rv 

Nn(CjL, C~C'). 

2. Y is MVN iff a/Y is normally distributed for all non zero constant vectors a. 
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• Orthogonal Transformations of MVN Vectors: 

Let Y !"V N n ({l, a 2I), and let T nxn be an orthogonal matrix of constants. Then 

TY !"V N n (T/l, a2I). 

Interpretation: l'vlutually independent normal random variables "vith common vari­

ance remain mutually independent with common variance under orthogonal trans­

formations. Orthogonal matrices correspond to rotations and reflections about the 

origin and are thus isometries . 

• Partitioned MVN Distributions: 

Let Y .'"V Nn(/l, E) be partitioned as 

where Y I is (p x 1) and Y 2 is (q x 1) such that p + q = 77. Then the mean and 

covariance matrix are correspondingly partitioned as 

and 

( 

COV(Yl) cov(Y1 , Y 2 ) ) 

cov(Y 2, Y 1) COV(Y 2) 

Properties: 

2. Uncorrelated implies independent: Y 1 and Y 2 are independent iff Ell E~l 

= O. 

3. Conditional distributions: If E is positive definite then the conditional distri­

bution of Y 1 given Y 2 is 
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A2 Notes on Generalised Least Squares 

Consider the linear regression model 

Y=X/J+u 

where 

• Y is a n x 1 vector of observations on a dependent variable; 

• X is a n x k matrix of independent variahles of full column rank; 

• /3 is a k vector of parameters to he estimated, and 

• u is a n vector of disturbances. 

Via the Gauss-:vlarkov Theorm, if 

G-M 1 E[uIX] 0 (Le., the disturbances have conditional mean zero, and 

G-M 2 E[m/IX] a20, where 0 = In, a n x n identity matrix (i.e., conditional on the X 

the disturbances are independent and identically distributed of "iid" with conditional 

variance a2 ), 

then the ordinary least squares estimator r10LS 

V(OOLS) a2 (X'X)-1 is 

(X'X)-lX'Y with covariance martix 

1. the best linear unbiased estimator (BLUE) of {3, in the sense of having smallest 

sampling variability in the class of linear unbiased estimators; 

2. a consistent estimator of {3 (Le., as n ---7 00, JP>[IOoLs - PI < c:] 1 for any c: > 0, or 

/JOLS .3 in the probability limit). 
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If [G-M 2] fails to hold (Le., [2 is a positive definite matrix but not equal to In), then 
, A 

30Ls remains unbiased but no longer "best", and remains consistent. Relying on POLS 

when [G-M 2] does not hold risks faulty inferences. Without [G-M 2], a 2 (X' X)-l is a 

biased and inconsistent estimator of V(~OLS)' meaning that the estimated standard errors 

for ~OLS are wrong, invalidating inferences and the results of hypothesis tests. [G-M 2] 

fails to hold if we have heteroskedasticity or serially correlated dist.urbances, such as when 

we have a time series that generates disturbances that are not conditionally independent. 

When [G-M 2] does not hold, it may be possible to implement a Generalised Least Squares 

(GLS) estimator that is BLUE (at least asymptotically). For instance, if we know the 

exact form of the departure from [G-M 2] (Le., we know Sl) then the GLS estimator 

= (X'[2-1 X)-l X'[2-1 Y is BLUE, with covariance matrix a 2(X'[2-1 X)-l. Note that 

when [G-M 2] holds, n = In and /3CLS ~OLS (Le., OLS is a special case of the more 

general estimator). 

A3 Notes on the Information Ratio 

The information ratio is a measure that seeks to summarise II1 a single number the 

mean-varianceproperties of an active portfolio. It builds on the Markowitz mean-Variance 

paradigm, which states that the mean and the variance (or mean and standard deviation) 

of returns are sufficient statistics for characterising an investment portfolio. Calculation 

of an information ratio is based on the standard statistical formulas for the mean and the 

standard deviation. If Rp, is the return of an active portfolio in period t and RBt is the 

return on a benchmark portfolio over the same period, then E[RtL the excess return, is 

the difference: 

(7.1 ) 
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E[R] is the arithmetic average of excess returns over the historical period from t 1 

through T: 

(7.2) 

and D-E[R is the standard deviation of excess returns from the benchmark, or Tracking 

Error, for the same period: 

(7.3) 

The Information Ration (IR) based on historical data is simply the ratio of the return and 

the standard deviation: 

IR (7.4) 
(JE[RI 

BI Matlab Source Code 

Here I have outlined the Matlab code that I used to construct the index tra.cking funds, 

back-out views from unit trust data and ultima.tely transport those views onto a new 

benchmark, the :\lyTop30. 

B1.1 Source Code for the Black-Litterman Model 

"This M-File calculates Index Tracker Funds generated by the Black-Litterman Model. 

"Inputs reqUired are the Daily closing prices of the assets in the basket, together with 

"the Unit Trust Fund holdings weights for those assets at the relevant times. 

"This sets up a multi dimensional array holding the weekly closing prices for the basket of stocks 

tic 

ClosingPr1ces=(] ; 

for i = 1:65 

for j 1:29 
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end 

end 

ClosingPrices(i,j,1)=RetMOO(i,j); 

ClosingPrices(i,j,2)=RetJOO(i,j); 

ClosingPrices(i,j,3)=RetSOO(i,j); 

ClosingPrices(i,j,4)=RetDOO(i,j); 

ClosingPrices{i,j,5)=RetM01(i,j); 

ClosingPrices(i,j,6)=RetJ01(i,j); 

ClosingPrices(i,j,7)=RetS01(i,j); 

ClosingPrices(i,j,8)=RetD01(i,j); 

ClosingPrices(i,j,9)=RetM02(i,j); 

ClosingPrices(i,j,lO)=RetJ02(i,j); 

ClosingPrices(i,j,ll)=RetS02(i,j); 

ClosingPrices(i,j,12)=RetD02(i,j); 

ClosingPrices(i,j,13)=RetM03(i,j); 

ClosingPrices(i,j,14)=RetJ03(i,j); 

ClosingPrices(i,j,15)=RetS03(i,j); 

ClosingPrices(i,j,16)=RetD03(i,j); 

ClosingPrices(i,j,17)=RetM04(i,j); 

'l~ere I calculate the Covariance matrix relevant to each of the quarters 

Returns [] ; 

Sigma= [J ; 

Determinants=[); 

for ii=1:17 

for i = 2:65 

for j 1 :29 

Returns(i-1,j,ii)=(ClosingPrices(i-l,j,ii)-ClosingPrices(i,j,ii»!ClosingPrices(i,j,ii); 

end 

end 

end 

Sigma(: • : ,ii)=cov(Returns (: • : • ii» ; 
Determinants(:,ii)=det(Sigma(: ,: ,ii»; 

%% Here I am Backing out Views from the Unit trust funds 

Lambda = 1. 5 ; 

ERsf=[]; 

ERpm=[) ; 

for i=1:16 

%Coefficient of risk aversion 

Wsfadj(: ,1)=Wsf(: ,i)'/sum(Wst(: ,i); 
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Wpmadj(:,i)=Wpm(: ,i)./sum(Wpm(:,i»; 

end 

for i = 1:16 

ERst{: ,i) 

ERpm(: ,i) 

end 

for j=1:16 

Lambda*Sigma(:,:,i)*Wsfadj(:,i); 

Lambda*Sigma(: ,: ,i)*Wpmadj(:,i); 

que(: ,j)= ERsf(: ,j)-ERpm(: ,j); 

end 

'l.'l.%Y.%"%Y.Aht.I.I.I.I.'l.Y.Y.Y.%%'l.t.t.Y.%%Y.%Y.Y.Y.Y.Y.Y.Y.Y.Y.Y.%%% 

!. View Projection Matrix P and View Vector Q are now Assembled !. 

!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!.!. 

n=lengtb(Asset_Nr); 

k=max(Seetor); 

P=zeros(k,n); 

Q= [] ; 

Perf=[] ; 

MktRet=[] ; 

PerU= [] ; 

MktRet 1= [] ; 

for 1:16 

QU=que(: ,j); 

Mkt_Cap=Mkt_Cap_Final(: ,j); 

for i = l:k 

View= [] ; 

V= [] ; 

Meap= [] ; 

Wmkt=[] ; 

blah= [] ; 

Mkt_Cap1=[]; 

Mkt_Cap2=[]; 

Summl=[) ; 

signcheckneg=[]; 

signcheckpos=[]; 

p=[] ; 

View=find(Sector==i); 

V=Asset_Nr(find(Sector==i»; 

signcheckneg=find(QU(View)<O); 
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end 

end 

signcheckpos=find(QU(View»O); 

Vneg=V(signcheckneg); 

Vpos=V(signcheckpos); 

Mcapneg;Mkt_Cap(Vneg); 

Mcappos=Mkt_Cap(Vpos); 

Wmktneg;Mcapneg./sum(Mcapneg); 

Wmktpos=Mcappos./sum(Mcappos); 

p=zeros(l,n); 

p(V(signcheckneg»=-Wmktneg; 

p(V(signcheckpos»=Wmktpos; 

P(i,:,j)=p; 

findque=QU(View); 

Q(i,j}=sum(findque); 

%%%%%%% We now set up the Diagonal Uncertainty matrix Omega %%%%%%% 

tau=O.5; %turns out to be arbitrary so any value would do ... 

% for i = 1: 16 

% OmegaDiag;diag(P(: ,:,i)*Sigma(:,:,i)*P(:,:,i)')*tau; 

% 

% 

% end 

Wmkt= [] ; 

TEBL=TEQ; 

for jj=l:k 

Omega(jj,jj,i)=OmegaDiag(jj); 

end 

TETarget=input('please input target tracking error TE .); 

% Set the target tracking error 

for i=l: 16 

Wmkt(: .i) = Mkt_Cap_Final(:,i)./sum(Mkt_Cap_Final(: ,i»; 

delta = 0.001; 

while abs(TETarget-TEBL(i»>O.OOOl 

delta=delta+O.0001; 

OmegaDlag=dlag(P(:,: ,i)*Sigma(:,:,i)*P(:,:,i)')*tau*delta; 

for jj=l:k 

Omega(jj,jj,i)=OmegaDiag(jj); 
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end 

L(:,i)=tau*inv(Omega(:,:,i»*Q(:,i)/Lambda-inv(Omega(: ,: ,i)/tau+P(: ,:,i) 

*Sigma(: , : ,i)*P(: , : ,1)' ,*p(: ,: ,i)-Sigma(: ,: ,1) *ilmkt (: ,i)-inv(Omega(: ,: ,i) /tau+P(: , : ,i) 

-Sigma(:,:, i)-PC:,:, 1)' ).P(:,: ,n*Sigma(: ,: ,i).P(: ,: ,i) '*tau*inv(Omega(:,: ,1)) 

*Q (: , i) /Lambda; 

Wblraw(:,i) = Wmkt(:,i)+P(:,:,i)'*L(:,i); 

Summ2=sum(Wblraw(:,i»; 

Wbl(: ,i)=Wblraw(: ,i)./Summ2; 

TEBL(i)=sqrt«Wbl(: ,il-Wmkt(: ,i» '*Sigma(:,: ,i)*(Wbl(: ,1)-Wmkt(: ,i»); 

end 

end 

TEBL 

%%7.%%%%Y.Z%%Y.%Y.'l.%Y.Y.Y.Y.%Y.%%Y.Y.Y.Y.Y.Y.Y.%Y.Y.%Y.ZY.XY.%Y.Y.%%% 

Summ2=100; 

ITop30= [] ; 

for 1=1 :49 

MWmkt(: ,i)=MMktCaps(: ,i)./sum(MMktCaps(: ,i»); 

end 

for 1=1 :48 

ITop30(1)=Summ2; 

NS(: ,i)=(MWmkt(: ,i) *ITop30(i») ./MCPrices (: , i); 

Summ2=NS(: ,i)'*MCPrices(:,i+1); 

end 

close all 

Y.Y.Y.Y.%Y.Y.%Y.XY.Y.Y.Y.%Y.Y.Y.Y.%%Y.Y.Y.%%Y.%Y.%%%Y.X%%Y. 

IBLM=[] ; 

for i=1:16 

for (i-1)*3+1: i*3 

MBL(: ,j)=Wbl(: ,1); 

end 

end 

Summ2=100; 

for i=1 :48 

IBLM(i)=Summ2 ; 

end 

NSBLM(: ,i)=(MBL(:,i)*IBLM(i).!MCPrices(: ,i); 

Summ2=NSBLM(: ,i)'.MCPrices{: ,i+1); 
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8umm2=100; 

IBLQ=[) ; 

for i=l: 15 

IBLQ(i)=Summ2; 

end 

NSBLQ( : ,i)s(Wbl(: ,i) *IBLQ (1» ./QCPrices(: • i) ; 

8umm2:NSBLQ(: ,i)'*QCPrices(:,i+1); 

Sumn12: 1 00 ; 

ITop30Q= [] ; 

for i=l: 15 

ITop30Q{i)=Summ2; 

end 

hold 

NSQ{:,i):(Wmkt(: ,i)*ITop30Q(i»./QCPrices(:,i); 

Summ2=NSQ(:,i)'*QCPrices(: ,i+1); 

% ResultBL:[ITop30' IBLM']; 

% bar{ResultBL) 

x=linspace(l,48,48); 

plot(x,ITop30,'b-' ,x,IBLM,'r-') 

title('Black Litterman Model with \lambda = 1.5') 

xlabel('Date in Months starting March 2000') 

ylabel('Fund value in Rand') 

toe 

B1.2 Source Code for the Qualitative Forecasts Model 

%This M-File calculates Index Tracker Funds generated by the Qualitative Forecasts Model. 

Xlnputs required are the Daily closing prices of the assets in the basket, together with 

Xthe Unit Trust Fund holdings weights for those assets at the relevant times. 

XXXXXXX%X%%%%%%%%%XXX%%%%X%%%%XXXXX%X%XXXX%X%%%%%%%%%X%%%% 

XThis stes up a multi dimensional array holding the weekly closing prices for the basket of stocks 

tic 
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ClosingPrices=[]; 

for i = 1:65 

end 

for j = 1:29 

end 

ClosingPrices(i,j,l)=RetMOO(i,j); 

ClosingPrices(i,j,2)=RetJOO(i,j); 

ClosingPrices(i,j,3)=RetSOO(i,j); 

ClosingPrices(i,j,4)=RetDOO(i,j); 

ClosingPrices(i,j,5)=RetM01(i,j); 

ClosingPrices(i,j,6)=RetJ01(i,j); 

ClosingPrices(i,j,7)=RetS01(i,j); 

ClosingPrices(i,j,8)=RetD01(i,j); 

ClosingPrices(i,j,9)=RetM02(i,j); 

ClosingPrices(i,j,10)=RetJ02(i,j); 

ClosingPrices(i,j,11)=RetS02(i,j); 

ClosingPrices(i,j,12)=RetD02{i,j); 

ClosingPrices(i,j,13)=RetM03(i,j); 

ClosingPrices(i,j,14)=RetJ03(i,j); 

ClosingPrices(i,j,15)=RetS03(i,j); 

ClosingPrices(i,j,16)=RetD03(i,j); 

ClosingPrices(i,j,17)=RetM04(i,j); 

I~ere we calculate the Covariance matrix relevant to each of the quarters 

Returns = []; 

Sigma= [] ; 

Determinants-[]; 

for ii=1:17 

for i = 2:65 

for j = 1:29 

Returns(i-l,j,ii)=(ClosingPrices(i-1,j,ii)-ClosingPrices(i,j,ii»/ClosingPrices(i,j,ii); 

end 

end 

end 

Sigma(:,:,ii)=cov(Returns(:,:,ii»; 

Determinants(: ,ii)=det(Sigma(:,:,ii»; 

Lambda input('please input coefficient of risk aversion lambda 

I~ack out views from Unit Trust Fund Data 

ERsf= [) ; 

ERpm=[J; 
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for i=1:16 

Wsfadj(:,i)=Wsf(:,i)./sum(Wsf(:,i»; 

Wpmadj(: .i)=Wpm(:,i)./sum(Wpm(: ,i»; 

end 

for i = 1;16 

end 

ERsf(;.i) = Lambda*Sigma(;.; ,i)*Wsfadj(;.i); 

ERpm(: .i) Lambda*Sigma(:.: .i)*Wpmadj(:.i); 

for j=l: 16 

que ( : .j)= ERsf (: .j) -ERpm(: .j); 

end 

% Here we start calculating the View Projection Matrix P and the View Vector Q 

n=length(Asset_Nr); 

k=max(Sector); 

P=zeros(k.n); 

Q= [] ; 

Perf=[] ; 

MktRet= [J ; 

Perf!= [] ; 

MktRet1= [J ; 

for j = 1:16 

QU=que(: .j); 

Mkt_Cap=Mkt_Cap_Final(: ,j); 

for i = l:k 

View= [] ; 

V=[] ; 

Mcap=[] ; 

Wmkt=[] ; 

blah= [] ; 

Mkt_Cap1= [J ; 

Mkt_Cap2=[]; 

Summ1= [J ; 

signcheckneg=[] ; 

signcheckpos=[]; 

p=[] ; 

View=find(Sector==i); 

V=Asset_Nr(find(Sector==i»; 

signcheckneg=find(QU(View)<O); 
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end 

signcheckpos=find(QU(View»O); 

Vneg=V(signcheckneg); 

Vpos=V(signcheckpos); 

Mcapneg=Mkt_Cap(Vneg); 

Mcappos=Mkt_Capevpos); 

Wmktneg=Mcapneg.!sum(Mcapneg); 

Wmktpos=Mcappos.!sumeMcappos); 

p=zeros O.n) ; 

p(V(signcheckneg»=-Wmktneg; 

peV(slgncheckpos»=Wmktpos; 

P{i.:.j)=p 

YoCalculate the Matrix of error terms Omega 

end 

OmegaDiag=diag(P(:.: ,j)*Sigma(:.: .j)*P{:,: ,j) '); 

for jj=l:k 

Omega(jj,jj,j)=OmegaDiag(jj); 

end 

MCTEv= [] ; 

TETarget=input('please input target tracking error TE = '); Yo Set the target tracking error 

for j=l: 16 

Wmkt(:,j) = Mkt_Cap_Final(: .j).!sum(Mkt_Cap_Final(:.j»; 

IC=O.OOl; 

while abs(TETarget-TEQ(j»>O.OOOl 

IC=IC+O.001; 

Q=IC*OmegaDiag; 

Summ2=[] ; 

% Adjust IC until the tracking error falls within limits 

% Work out the new weights via the Optimal scaling factor Phi 

Phi(: ,j)=(inv(Omega(:,: ,j»*Q)!Lambda-

inv{Omega(: ,: ,j)+P(: ,: .j)*Slgma(: • : ,j)*P(: ,: ,j)') 

*(P(:,: ,j)*Sigma(:,: ,j)*P(:,: ,j) '*inv(Omega(:,: ,j»*Q/Lambda); 

Wactive(: .j) = PC: ,: ,j) '*Phi(: ,j); 

Wadj(:,j)=(Mkt_Cap_Final(:,j)./sum(Mkt_Cap_Final{:,j»)+Wactive(:,j); 

Yo Normalise the weights to 1 

Summ2=sum(Wadj(:,j»; 

Wquali (: ,j)=Wadj (: ,j) . /Summ2; 

TEQ(j)=sqrt( (Wquali (: ,j )-Wmkt(: ,j» '*Sigma(; ,: ,j)* (Wquali (: ,j )-limkt(: ,j»); 

end 
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MCTEv(: ,j )=(P(: , : ,j )*Sigma(: , : ,j)*P(: ,: ,j) '*Phi (: ,j» !TEQ(j) ; 

% PCTEv(: ,j)=MCTEv(: ,j) .*Phi(: ,j)/TEQ(j); 

end 

TEQ; 

MCTEv 

%PCTEv 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

% Here we index the Qualitative Portfolio Quarterly %%%%%% 

Summ2=100; 

I Quali Q= [] ; 

for i=1:15 

IQualiQ(i)=Summ2; 

NSQualiQ(: ,i)=(lIquali (: ,i) *IQualiQ(i» . /QCPrices (: ,i) ; 

Summ2=NSQualiQ(: ,i)'*QCPrices(: ,i+1); 

end 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

% Here I index the Top 30 Monthly %%%%%%%%%%%%%%%%%%%%%%% 

ITop30= [] ; 

for i=1:49 

Mllmkt(: ,i)=MMktCaps(: ,i)./sum(MMktCaps(: ,i»; 

end 

Summ2=100; 

for i=1:48 

end 

ITop30(i)=Summ2; 

NS(: ,i)=(Mllmkt(: ,i)*ITop30(i» ./MCPrices(: ,i); 

Summ2=NS(: ,i) '*MCPrices(: ,i+1); 

%'l.y.y.%%%%%%%%y.%%%%y'%y.y.y.y.y.%%y.y.y.%Y.Y.%%%%%%%%%%%%%% 

% Here I Index the Qualitative Portfolio Monthly %%%%%%%%%%%%%%%%% 

I QualiM= [] ; 

for i=1:16 

end 

for j = (i-1)*3+1: i*3 

MIIquali(: ,j)=lIquali(: ,i); 

end 

Summ2=100; 

for i=1:48 

end 

IQualiM(i)=Summ2; 

NSQualiM(:,i)=(Mliquali(:,i)*IQualiM(i»./MCPrices(: ,i); 

Summ2=NSQualiM(: ,i)'*MCPrices(: ,i+1); 
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7. Here I index the Top30 Quarterly 7.7.7.7.7.7.7.7.7.7.7.7.%7.%7.%%7.%%%7.%1. 

8umm2=100; 

ITop30Q= [] ; 

for i=1:15 

IIop30Q(i)=8umm2; 

end 

N8Q(:,i)=(Wmkt(: ,i)*ITop30Q(i».!QCPrices(: ,i); 

8umm2=NSQ(:,i)'*QCPrices(:,i+l); 

%%%%%%%1.%%1.%1.%1.%%%%%%%%%%1.7.7.1.1.%1.1.1.1.%%7.%%1.1.%%%7.%%1. 

close all 

7. Here we plot the results with either a line graph or a bar graph 

ResultQuali=[ITop30' IQualiM']; 

7. bar (ResultQuali) 

x=linspace(1,48,48); 

plot (x, ITop30, 'b-' ,x, IQualiM. 'r-') 

title('Qualitative Forecasts Model with IE 

xlabel('Date in Months starting March 2000') 

ylabel('Fund value in Rand'} 

toc 

0.03 and \lambda 1.5' ) 
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Cl Results of the Remaining Tracker Funds 

e1.1 Index Tracker Funds QM2, QM3, BLMI and BLM2 
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Figure C.l: Performance of the QM2 Fund 
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Figure C .2: Relative m onthly returns for the QM2 Fund 
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