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Chapter 1

Introduction

For a pension fund. risk is the possibility that the fund’s accumulated assets will be insufficient to cover its
future labilities. This means that the fund will he unable to provide its members with adequate pensions
on their retivement. Jo prevent this. trustees need to properly quantify their fund’s labilities in order to
understand irs funding stamis in terms of its current assets. I the trustees want to have any chance to
improve a iind’s funding status (particularly if it is under-funded). they will need to guantify an acceptable
level of risk they ave willing 1o take 1o try and boost their assets. even though there is simultancously a

possibility that they could weaken this funding, position.

A risk budget is the quantification of an acceptable amount of risk that a pension fund is willing to take in
it~ investient decisions. without significantly sacrificing its ability to meet its current and future liabilities.
I other words. it indicates the degree to whiclh the fund returns could deviate from the growth in the

habifities (or some benclunark representative of these labilities). without sacrificing the fund objectives.

The choice of the risk budget determines how much risk the trustees are willing to take. which is influenced
by thelr level ol risk aversion and indeed the circumstances of the fund. The risk budget therefore determines
the fund’s investment strategy type as well as its implementation. For instance. il the fund chooses to have
a scro risk budget then the strategy that needs to be implemented is a full immunization strategyv. which
can only he implemented i (he Tund 1s fully funded. or indeed if the members expectations are such that
no further exceptional growth is required. This strategy allows for the exact veplication of the cash {lows
required to match the fund's future liabilities. If a low ro medinm risk hudget of about 2% is chosen. the
fund would typically invest in lower risk assets like bonds and inflation-linked bonds. However if the fund
chooses a large visk budget. say 10%. this means that the fund is willing to invest in assets that are quite

risky compared to the profile of their Habilities. for example equity products.

At cach stage of implementing the investinent strategy. risk is introduced. Some of the implementation

Stages are:

Choice of strategic benchimark to model liabilities:

o Choice of strategic henchmark to manage the assets:

e Choice of investment styvle. e.g. passive vs. active management:
e Choice of asset managers. and the effects of blending their investment styvles.



The combined risk introduced by all these implementation decisions coutributes to the overall visk profile
of the fund and should lie within the fund’s defined risk budget. The awareness and choice of a fund’s risk
budget is therefore an important process for trustees as it determines the potential risks to which the fund

is exposed.

Once the trustees lave established their visk hudget it is an equally important process for them to allocate
thix budget across their various investments so as to optimally utilise the risk that they are willing to take

ot and in so doing to achieve the highest possible retvrn for the fund.

The aim of this thesis is to give an overview of the various steps and decisions in the risk hudgeting process
that trustees ave coufronted by. to ultimately allocate pension fund assets in the most optimal manner to
investinent managers. while functioning within the required risk budget. This process requires that the
allocation of mandates 1o investment managers he carried out such that the misimateh and stock selection
risk components introduced into the Fand's strategy is optimised so that the risk Dudget may he fully

utilised. This will require a correct allocation to various mandates and investinent styles.

Chapter 2 provides a brief overview of the asset-liability modelling (ALM) process so as to set out the various
steps that lead to the nltimate allocation of pension fund assets to investment managers. It touches on the
underlving concepts of investments by briefly deseribing the concept of diversification and how optimisation
is uscful in determining the pension funds optimal mix of asset classes. The different investinent strateey
options available to pension funds ave also discussed along with a brief explanation ol the manager selection
procedure. Since there is risk introduced at every step in the process which contributes to the risk hudget.

rizk budgeting is introduced as being integral to optimally allocating this visk budget.

Chaprer 3 locks at the theory and techmicalitios involved i optimisation procedures. 1t also discusses
the main inputs required and rhe various methods by which these inputs mav be estimated. Traditional
mean-variance optimisation = explained and it is shown that optimisation problems within a pension fund
friuncework cannot he solved analvtically given the required constraints. but rather that numerical solutions
need he sought. Some of these solutions are also discussed and with the optimal asset allocation taken carve
ol risk budgeting and its role in manager allocation is discussed. The objective fuaetion for the optimisation
i~ amended to include the mismateh and stock selection components of risk and retuwrn. Looking at the
optimisation in this manner. allows the fund to identify mismateh and to decide on its manager allocation
<0 as to optimally allocate its assets to achicve the hest return. The rest of the chiapter discusses the two
main inputs into the optimisation procedure. i.o. the covartance matrix and expected returm estimators.

and discusses the pros and cons of some of the estimation methods used to estimate these inputs.

Chapter 4 describes the application of the risk hudgeting process. It provides a description of the data
used and analyses performed at the various steps in the risk budgeting process. The application takes us
through the optimisation procedwre to establish a pension funds optimal asset allocation and subsequently
how that asset allocation is used to optimally allocate the funds assets to the relevant asset managers.
Various situations within both the bhalanced and specialist mandate scenarios are analvsed and discussed.
The last section of the chapter discusses the results obtained.

Chapter 5 summarises the scope of the project and discusses some ways of potentially enhancing the analyvses
so that they may provide more realistic results that could be implemented in real life seenarios.
Preliminary analyses were done to establish the impact of different covariance matrix and expected return
estimators on mean variance optimisation. This initial analvsis was important to be able to establish the

most appropriate estimators that should be used in the application of the risk budgeting process. The



viarious analvses performed and a discussion of their resnlts have heen included in the appendix to provide
a better understanding, of the rationale behind the chosen input estitnators for the asset allocation and

manager allocation optimisations.
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Chapter 2

Overview of the Pension Fund

Investment Process

Since 1o person can work continuously until the dav that he or she dies. hie or she eventually reaches an
age where it is cither impossible or unfeasible for him or her to work any longer. People in this situation.
however. still most probably have many vears left to live. and with this their many needs. wants and
responsibilities yemain a factor of their lives. Theyv still need. for example. 1o cat and have a place to live.
ote and therefore require some sort of imcome or savings to be able to afford and sustain these prerequisites
of life.

In an ideal world. it is expected that evervone would work and save enough money to be able to provide
for that thine in their lves when they are unable to carn their living. In reality, however. many of us cither
neelect to or do not have the discipline to save enough or the skill required to ensure that we invest our
savings in such a wayv so as to achieve the best possible return with the lowest possible risk. 1t is from this

need that the Pension Fund industry was born.

A Pension Fund receives contributions (tvpically some percentage of one’s salary while emploved) {rom both.
the member of the Pension Fund as well as from the Company at which one is emploved. The percentage
contributions made are usuallv governed by any relevant legislation and also the tax implications for both
the emplover and emplovee play a major role in its determination.  Both the cmuplovee and emplover
contributions together form the total contribution for the member of the Fund. In addition. the advantage
of investing in a Pension Fund is that an individual’s relatively sinall contribution every month is combined
with that of many others to form a much larger pool of funds for investment. This larger pool will he able
to be spread across more investment opportunities and thus cach Pension Fund member henetits from the

size of the Fund's investments through cost savings and diversification.

The contributions to the Fund. together with any returns achieved thereon make up the assets of the Fund.
These assets then need to he invested by the Pension Fund Trustees in order to achieve an adequate return
to pay out pensions to the members on their retirement. The pension pavouts that a Fund makes are
known as the liabilities of the Fund. These liabilities are however not a fixed value and are expressed in
“real terms”. for example. either they are a function of an emplovee’s salary near retirement or arve linked
to a Consumer Price Index (CPI), or are limited to the accumulated value of an investment account iu the

case of defined contribution funds. Also these liabilities do not all occur at the same time. but are spread

11



ottt over a tite period of several vears, The exact timing of these liabilities is dependent upon the schenie.
the Fund members” mortality and morbidity dyvnamics. i.e. when they retire. when they die. if they have

dependants.if they hecome disabled. ote.

The entity hearing the risk of the Fund not achieving its labilities ditfers wirhin the different types of
Pension Funds. i.c. Defined Benefit (DB) Funds and Defined Contribution (DC) Funds. A Delined Benefit
Fund i as the name suggests. a fund where the benefits that the members receive are specified or defined
up front. and is tvpically some specified percentage of the members” final salarv. This percentage is not
dependent on the Fund's investment performance and the company or plan sponsor thus bears the risk of

the Fund not ¢

ecencrating sufficient income to meet these liabilities (oo the Fund deficit). The company
will have 1o ensure that the members receive their specified benefits irrespective of any potential loss to the
Fund. On the other hand. surpluses are generated when the Fund's income exceeds its habilities. However
the ownership of these surpliuses is still surrounded by much debate and regulatory changes with respect to

acceptable distribution thereof.

The Delined Contribution Fund. as the name suggests. receives contributions. from its members. that
are some specified perecentage of their salary hefore retirement. This proportion is seldom changed except.
where that decision is voluntary, and the pavout on retivement is mainly dependent on the Fund's investment
performanece on these assets. The member recetves a hunp st pavout on retirement of their contributions
(emplover and emplovee) plus any investment performance achioved thereon. With this Tump sum the
member can then purchase some sort of annuity 1o provide for the duration of their retivemsent. In this
nmanner the member bears the risk of the potential invesriment losses and also enjovs the henefit of potential
caiux. However the major risk is whether or not this hnmp siun will be sufficient to provide an income. in
retivemnent. which will keep the member at the same standard of iving 1o which the member has hecome

accustomed.

Fyven though the DB fund has o well defined and fixed liability structure. and the DC fund a more floating
liabilitv ~structure. which is determined by investment performance. the goals of hoth fund tyvpes ave the
same. The Funds ultimate aim is to provide adequate pensions for the members. so that their standards

of living are not detrimentally altered after retirement.

2.1 The Asset Liability Modelling (ALM) Process

Asset Liability Modelling (ALN) tries to ensure that an investment structure today will meer the labilitios
of the future. However. given the “real term”™ nature of pension fund Habilities the appropriate assets

required to mateli these labilities may not exist.

For example. one of the factors that determine the labilities is salarve and salary increases. Although
salaries gencerally rise with inflation. they can increase at faster rate than inflation due to promotions etc.
Although these additional amounts are subjective and very specific to the individual members, they can
be stochastically modelled in order to determine the probable labilities for the fund. Unfortunately. there
are no asscts available that matceh the cashfiow characteristics of salary increases. The assets that have
the closest cashflow characteristics to these liabilities are inflation Jinked bonds. as they provide at least
inflation protection.  Also this increase has an impact on contribution levels and so significantly affects
future income receipts into the Fund. In combination the impact of future salary. especially for the young.

can bhe marked.

12



The coupon value of an Inflation linked bond is caleulated by applyving its coupon rate to its principal
amount that continually grows by an inflation proxy. in most cases. CPPL Also the final principal amount
paid on maturity of the bond. i the initial principal value grown by inflation over the terin to maturity
of the hond. Since these bonds remove inflation risk as a factor. the vields of these bonds are Jower than
those obtained for conventional honds. This is acceptable to investors hecanse they are willing to “pav the

premium” for the guarantee of inflation protection. in keeping with the risk-reward tradeoff concept.

However. within South Africa particularly. there are cinrently very few Inflation linked bonds available in
the market. This selection. particularly for larger Funds. thus provides a limited set of term to maturity
options for investments and may not cover the whole spectrum of matwity dates required. 1o addition the
inclusion of these assets i investment strategies may prove to he too costly relative 1o the benefit derived
from reduced portfolio risk. thus reducing the Fund's overall return potential. It mayv then be more feasible
to mecorporate the higher risk asset classes. oo equity, conventional honds. ete wirthin the portfolio strategy

in order to optimize the Fund's retuwrn potential.,

With Pension Fund ALN it is important that the investients of the Fund achieve the correct mix of asset
classex given the asset classes” individual risk and return characteristios: to meet the unique characteristics
of the labilities of the Fund. In addition. ALN aims to minimise the risk involved in not meeting these

liabilities.

2.1.1 Effect of Diversification

The minimisation (controlling) of risk is important in lowering (imanaging) the chances of potentially not
mecting the Fund's liabilities, and thus having a Fund shordfall (i.e. when the liabilities of the Fund exceed
the assers). and is achieved somewhat through mvestment diversification. In generall diversification is the

coneept of "ot putting all vour eges in one basket”

The total risk of a number of combined assets is not caleulated by merely adding together the individual
asset risks. hecanuse there can be correlations between the assets which influences the total risk. Total
portfolio risk rather depends on liow the returns of the mdividual assets move together or are correlated
with cach other. and relative 1o the lability, Portfolio risk is generally obtamed by calculating the standard
deviation of the portfolio retirns. To combine standard deviations one cannot sitply add them together.
hut one needs to first calculate the variance of cach asset’s returns (square of the standard deviations) and
the covariances of returns hetween pairs of assets. As an example, the formula for combining two assets. A
and Boois given by:

: 2 I .
o, =w,0, +w,o; + 200,000 (2.1)
Where w, . ay, are the weights used to combine the assets. A and B. o), is the total portfolio risk. o,. 0, are

the risks of the assets. A and B respectively, oy, 1s the covariance between asset A and asset B.

Irom equation 2.1 it can be scen that one can achieve a potentiallv lower total portfolio variance by
combining lesser-correlated or uncorrelated investments with higher individual variances. For example.

assumne asset A has a variance of 20% and asset B has a varlance of 10% with a covariance of 4%. the
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variance of the portfolio combining 6% of asset A and 40% of asset B is given by

©

07 =067 024047+ 0.1 + 25 0.6+ 04 % (0.01)
= 0.08992
= &.99Y%

We see that the total portfolio variance at about 9% ix lower than either individual assets™ variances of
200 and 10U for asset A and asset B respectively. By combining the assets we were able to lower the total

portfolio risk and thus achieve some level of diversification.

The effect of diversification is also crucial to pension fund investments in order to minimise their total port-
folio risk. hut probably more important than just lowering their total portfolio risk is lowering their relative
risk. .o, the risk of the portfolio relative to their habilities. The risk of these habilities is often encapsulated
or estimated by the risk implicic in some well diversitied benchmark. Equation 2.2 demonstrates the effect

of diversification on a relative basis.

N 1 i —_— 2
T ; (Bp = Rp) — (Rp — Ryl
1 - 2 B y b T T 2
= Zl [(Rp — Ry, )> 2Ry — R Ry, = Ry b+ (1), — Rz )?
1 S T \2 2 T2 DY 2 2 Y1 I ‘ 20 SY? N2
- -1 Z [(R/’: =Ry )"+ (R, — By, ) = 20p By = 2Rp Ry +2Rp Ry, — 20, ]1/;1}
-1
) 5 1 1 X — )
=0j Foh - ; 2Rp Ry, + 28, gy, + 2R Ry, — 2Ry Ry |
S [ — .
=ap+0p — ~-*] [Q(R“ ‘R/ﬁ)(”/;, ‘11)];,)}'
n —
1=1
O’frl - 07” + (T;; - 2(7”1'1\’1; [—)‘2)

Where o, is the fund's relative visk. Ry and Ry; are returns of each asset 7 in the fund’s portfolio {(P)
and the fund’s benchmark (B). ap and o is the risk of the fund’s portfolio and the fund’s benchimark

respectivelyve g, e, 15 the covariance between portfolio 7 and benelnuark 3.

Irom equation 2.2 it is evident that should the Fund's investment portfolio be perfectly correlated to irs
bhenehmark. the Fund's relative risk would he zero. This plies that the Fund could expect to match its
liabilities exactly. Since in practice investment portfolios are very seldom. if at all. perfectly correlated to
the benchmark representing their Habilities, it is important for the Fund to try to ensure that its investment
portfolio is highly correlated to its benchmark so as to reduce its relative risk to a level at which the Fund
is comfortable. The Fund can also further reduce its relative risk by ensuring that its investment portfolio
is well diversified. thereby lowering the portfolio risk component of the equation and therefore lowering the

total relative risk.

2.1.2 Asset Allocation
For ecach total portfolio risk level there arve various combinations of asset classes that can be invested in.

However only one of these combinations, per total risk level. is optimal, i.e. for a particular total risk

level there is one combination of asset classes that achieves the highest expected return. The optimal

14



asset allocation is establishied by optimizing the expected (e future forecasted) returns of the asset class
benclnarks. given the risk tolerance level and using a relevant covariance matrix (to estimate the risk of
potential returns around the forecast). These optimal portfolios are thus the most efficient of the many
combinations that exist for a particular risk level and lic on an Efficient Frontier in risk-retnrn space. The
efficient frontier is concave sinee the optimal portfolios” risk and return characteristics change in a non-linear
nanner as its asset class weightings are changed [2]. An example of an Efficient Frontier can he seen in

Figure 2.1.

Efficient Frontier

7.5%, 7.7%

Portfolio Return (%)

G 2 4 6 8 10 12 14 16 18
Portfotio Risk (%)

Figure 2.1: Example of an Efficient Frontier

As can be seen from the diagram. for a partienlar level of risk. for example 7.5%. the most optimal
combination of asset classes lies on the curve with an expected return of about 7.7% . This whole concept

underlies Modern Portfolio Theory introduced by Harry Markowitz in 1952 [17].

This concept is a part of Asset modelling: in particular the above Markowitz Theory is hased on the Mean-
Variance approach.  This name came about because it utilizes returns. that are usually assumed to be
normally distributed. which can thus be modelled and deseribed bye their Jst and 2nd moments. i.e. the
mean and variance respectively. Some other asset modelling techniques are the Stochastic or Monte Carlo

methods.

Liability Modelling is also an important (and integrated) part of the ALN process. Tts purpose is to model
how future liabilities may change based on assumptions made with respect to inflation. mortality. morbidity.
salary increases. growth in membership, ete. This can be done deterministically or stochastically.

Deterministic modelling assumes that for a given group of members with their associated mortality aud
morbidity statistics. a certain proportion must sucemmb to these events in a year on year time periods.
Stochastic modelling acknowledges the fact that these mortality and morbidity statistics are merely an

indication of the probability of sucl events occurring and is subsequently treated as such.

The components of both the asset modelling and the liability modelling are utilised during the ALM process.



The optimal assets sclected during the asset modelling process need to meer the lability soructure obtained
from the Liabilitv modelling. Also the minimum amount of risk required to meet the liabilities needs to be
incorporated in the optimal asset allocation decision. This forms an integral input into the ALN process

of establishing the optimal asset allocation strategy to meet the expected liabilities of the Fund.

The choice of optimal asset allocation infers the Funds risk tolerance level. as the allocation will provide
information abour rhe amount of risk that the Fund is comfortable with. Thisx acceptable amount of risk
could he referred 1o as the Fund's risk budget. The size of the risk budget represents a trade-off between
the amount of visk that the Fund needs 1o achieve its objectives. i.e. cover its liabilities. and the amount
of risk it can tolerate.

Like the efficient frontier shown carlier. a similar efficient frontier can be generated in order to establish
the optimal portfolio asset allocations relative to that of the henclimark. representing the liabilities. This
relative efficient frontier is shown in Figure 2,20 with the axes reflecting relative risk and relative returns

mstead.

Efficient Frontier

Portfolio Return (%)
o

0 2 4 6 8 10 12
Portfolio Risk {%)

Figure 2.2: Example of an Relative Efficient Frontier

Once the optimal asset allocation to the various asset classes is established. the Fund needs to decide how
best to aclideve that allocation. This is addressed by deciding what the hest investment strategy is. and

coupled with that. the relevant choice of asset manager within that strategy.

Asset managers ave. as their title suggests. institutions that undertake to manage the assets of investors (e.g.
Pension Funds. Insurance Companies. Unit Trusts and somie Private individuals) according to pre-specified
guidelines (i.e. a mandate). Since all Peusion Funds do not necessarily have the required investment skill
and knowledge to carry out the investinents in-house. this task is “out-sourced”™ to the asset managers for

an agreed upon fee.
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2.1.3 Investment Strategies

Figure 2.3 below tlustrates the breakdown of the investment strategios that are avatlable to ivestors and
the management styles that asset managers follow. A Pension und would need to decide which strategy
to follow. e, the strategy that best fulfilled the Fund’s investment needs within its specified constraints,

Based on the Fund's objectives: the JFund would need to decide whether it would want to implement an
ACTIVe Nanagement or a passive management strategv. and then whether to implement that strategy using

halanced or specialist mandates.

Active Management Passive Management

Balanced
Mandates

—

Core /Satellite

Satellite

Figure 2.3: Schematic of the Investment Decision Process

Passive Management / Indexation

The Passive investment style is one where the assets are selected to replicate the asset elass index that
is used for performance measurement. A common name associated with this investment style is " Tracker
fund”. due to the nature of the investment process. These portfolios should be highly diversified so that

no extra effort or resources are used in attempting to improve the portfolios performance through asset



analvsis. As passive management generates very lirtle 1o no risk over and above the henehmark risk. this

strategy forms the foundation for the Fund's investinents.

There are at least three wavs in which to passively nianage a portfolio. The first imvolves the full replication
of the benchmark or index being managed against. This means that the manager’s portfolio would include
cach and every asset. in exactly the same proportion. as that of the hencelinark. This will ensure that the
manager’s portfolio achieves exactly the same retwrn. pre cost. as that of the henclimark. and would track
the benchmark exactly (f.e. zero active risk). This styvle of managing a portfolio can bhe very costly, as some
ol the assets in the henchmark may be very illiquid. and thus the manager would need to pav a higher

liquidity premium in order to huy these assets.

The second wayv alims to generate the saane return as the benchmark. bat the portfolios need not necessarity
Lold every asset included in the benelinark. This method may utilize statistical methods, including opti-
mization. to establish the combination of assets that exhibits the same characteristies as the henelunark.
The combination of assets would make up the assets of the manager’s portfolio and would tyvpically com-
prise fewer assets than the total number of assets in the benchmark, These portfolios would be expected to
generate returns similar to those of the henchmarks. Since fewer shares are purchased. this method reduees
the costs associated with replicating the entire henchmark.

The third method is known as stratification. This method ainms to have the same industry allocation as
the benehmark. i.e. it maintaing the same weights as the benchmark in the varions industries. However
within cach industry. similar techniques to the second method may be utilised to establish the combination
of assets within cach industry which best matches the benchmark’s industry returns. By replicating cach
industry’s return and then weighting them by similar. or the same. weiglits as the benclinark. the portfolio

thereby replicates the entire henchmark’™s return.

The exposures of passively managed portfolios are kept in line with those of the benchimarks by rebalancing
the portfolios. Typically for the full replication portfolios. rebalancing is usually only required where there
are corporate actions which affect the issued shares of a company in the henchmark or if the benchmark con-
stituents change. while for optimised portfolios the rebalancing is usually due 1o asset price changes. There
are also a variety of rebalancing frequency options which a Fund may choose 1o hest suit its requirements,
for example a Fund may decide to only rebalance monthly or even only quarterly ere. With the passive
investient stvle there is generally very asset trading o the portfolio except where trading is required to
bring the portfolio in line with its bhenchmark. as a result of a vrebalancing criteria. The returns are thus
based on the buy and hold method. ie. the returns are caleulated using the portfolio’s asset exposures
a1t the beginning of the period. These exposures are essentially kept constant or unchanged (exceept where
corporate actions are involved) for the duration of the period over which the return is caleulated. Bench-
marks are thus passive portfolios and their returns are caleulated as deseribed above. Passively managed
portfolios thus aimm to provide returns in line with the specified benchmark. and promise no lower or higher
returnt above that. The passive manager thus does not expose the investinent to substantial active risk (i.c.

risk over and above that of the henchmark)

Active Management

The Active investment styvle. on the other hand. attempts to improve performance over and above that of
a benchmark by either identifving mis-priced assets or by timing the performance of asset classes. This

stvle involves taking hets on particular assets; i.e. having higher exposures than the henchmark in assets
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in which one has conviction in their superior characteristies and return potential and lower exposures in
those assets that are felt not to provide as good value. Thix managenent stvle thus promises active return.

however it also introduces active risk into the investment .

Within active management. there are a number of different types of active managers. The pure active
managers mvest as deseribed above awd could take hets that vary from neutral to the extreme postive or
negative positions. Among these pure active managers there is a further distinetion made. depending on
the extent of the managers extreme negative bets. The most extreme negative het would bhe one where the
manager was allowed to go short on the share exposures. e, the manager was allowed to hold a negative
exposure to a share. even if the share was not in the benchimark universe. Some hedge fund managers
fall into this category. that could possibly be considered the purest form of active managers. The other
pure active managers have limited extreme negative bets, in that their negative bet is limited 1o the size
of the benehmarks exposure. This type of pure active manager is tyvpically referred to as a “long-only™
manager. Given the extremne nature of pure active managers” bets. thev tend 1o hive high active risks or
tracking ervors. The Core active managers tend to be more conservative than their counterparts. the pure
active managers. While they adopt the similar investment method. the hets thev take wonld he somewhat
less than the extreme bets and would keep the active risk within a moderate risk range. Another tvpe of
active manager would be the Enhanced Index manager. These managers aim to slightly out-perform the
benchmarks they manage against without taking too much risk. Thev take relatively small bets and have

correspondinglyv very low tracking crrors.

All these active managers can be further categorized according to how investment decisions are arrived at
within the asset management institutions. These investuent decisions can bhe taken based on quantitative
analvsis or on fundamental analysis. Quantitative managers nsually make their investient decisions based
on the onteome of some quantitative model or analysis. This could be. for example. that the shares that
obtain a high ranking on a quantitative model would be bought while those with a low ranking would
be sokl. These raukings could be the exposures of assets to cach factor of some factor model. where the
specific factor in question is thought to he the one driving performance. In general most enhanced index
managers tend 1o make use of quantitative analvsis to make investment decisions. as they need to exploit
the perceived opportunities while keeping their active risk low. In some cases quantitative decisions are
overridden or chiecked against the outcome of fundamental analvsis. This is due to the fact that quantitative
models can not alwavs account for all market dyvnamics. as models are not all encapsulating and usually

contain assumptions that mayv not be valid for all realistic situations.

Those managers that base their decisions on fundamental analvsis do in-deprh analyses on the companies
in which they intend to invest. The investment decisions are based purelv on the merits rescarched and
observed within the financial statements of the companies and economic and market trends. Some of the
more fundamental managers ignore the benchmarks as investient guidelines and base their decisions solely
on their fundamental analysis. while others use the benchmark as an initial starting point. and then take

bets driven by the outcome of their fundamental analyvsis process.

Balanced Mandates

Balanced mandates are such that the chosen asset imanager manages the Fund's assets across all the specified
asset classes. As can he seen from Figure 2.3, balanced mandates can adopt either the active or the passive
management stvle. In addition to the underlying processes governing these different styles, there are further

responsibilities placed on the manager.
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With an actively managed halanced mandate the asset class allocation within the portfolio can vary. rela-
tive to the preseribed benehmark’s asset elass allocation. in keeping with the manager’s unique economic
outlook and views for the various asset classes. With passively managed balanced mandates the manager
is compelled to “track™ the preseribed benchmark's asset class allocations. e, the manager cannot take

hets around the henelinarks asset class allocation.

Specialised Mandates

This tyvpe of mandate. allocates the Tund's assets to asset managers with the proviso that they may only
manage the money with assets within one particular asset class or sector within an asset class. For example.
the Fund may allocate an equity mandate to manager A and o hond mandate to manager B, Both these
managers then need to be fully invested in assets within their preseribed asset classes with mayhe some
cash for working capiral. As seen from the diagram above. specialized mandates can also adopt either the
active or passive management style or even in some cases the strategy could combine hoth management

stvles.

Core  These mandates tend to be more conservative and some mav even bhe passively managed. However.
in some cases they can alzo be actively managed for Funds that are willing to take slightly more risk than a
purely passive strategy. In this case the manager wonld deviate from the asset exposures of the benchmark.

but verv hittle.

Core/Satellite  This strategy combines the Core strategy. as deseribed above, with the Satellite approach.
The Core portion of this strategy forins the foundation of the Funds investments. Here. as described above.
the Tund has a very low risk tolerance level over and above the benehmark™s risk. and would typically require
a conservatively managed or enhanced index actively managed investient designed 1o track or outperform
the fund benchmark. This component is also low cost. The Satellite portion of this strategy. the higher cost
component. is then the focussed portion of assets on which the Fund has a higher risk tolerance level, The
fund would he willing to 1ake more risk on this portion of the assets provided that the expected returns
adequately compensated for the additional risk that would be taken on. This thinking ix in keeping with the
Risk/Return tradeotl. The assets would thus be managed aggressively. in that large bets would he taken
around the benchmarks exposures, with the expectation of achieving higher vreturns than the bheuclinark.
The satellite portfolios also allow the Fund to neutralise any stvle biases that mav have avisen during the
manager selection process. Since some managers have clear biases toward a particular style (e.g. Growth).
the fund would want to neutralize that implicit bet by appointing another manager with an opposing styvle
bias {c.o. Value). so that both ends of the style spectrum are covered. and neutralised relative to the

benehmark (udess of course there is clear favouring of either style by the Trustees.

Once the strategy has been decided on. the Fund then needs to decide how to allocate the funds amongst
a variety of asset managers.

The process of allocating assets to assel managers requires some further rescarch and analvsis. It is not just
a matter of allocating the assets to the manager that negotiated the lowest fee. but rather a comprehensive

AManager Selection process needs to be carried out.
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2.1.4 DManager Selection

As discussed in Modern Investment Management [15]. and ronched on brieflv here. the first step in this

process would be to

Determine the universe of managers This would involve compiling a complete Jist of potential asset inanagers

that the Fund would probably approach to manage its assets.

This universe for some mandates is vast. making it impractical and time consuming to thoroughly analvse
cach manager on the list. in order to nltimately arrive at the appropriate managers for the Fund. The Tund
mav thus want to narrow down the universe by doing some quick. casilyv accessible research into what the
varions managers have to offer. This quick analvsis mav involve looking at performance and risk statistics
that would be easily available from the various asset manager survevs or from the managers themselves.

This tvpe of sereening process would be largely quantitative and is deseribed in more detail helow.

Quantitative screens

These sereens look at a variety of factors including style consisteney, risk-adjusted performance over rolling,
periods of time. performance consisteney and risk analvsis. 10 name a few. Two kev factors that identify

successful managers would be

o Superior risk-adjusted performance in various market enviromnents aud over the market cvele.

e Consistent results relative to an appropriate benchmark.

Comparing and contrasting all the assessed managers” information. both historical and the current. will
allow the Fund to make informed choices. Exven though past performance is not an indicator of future
performance. the analvsis will provide some information into the managers” veliability to meet targets and
provide an out-performance. It may thus also serve as a "historical henchmark™ or “veport-card™ for futire

manager performance and positioning.

Onee this initial process manages to narrow down the list. further in-depth analvsis would be required. since
looking at only these ¢qunantitative sereens fails to shed Jlight on othier equally important factors within the
assel managenient organization. For example. even though a manager may show an exemplary risk-adjusted
performance record historicallv. the pattern mayv have been changing significantly recently for reasons not
apparent from the gunantitative sereens. Also. given that specialist skills are sometimes hidden by broad
mandates. looking at the total returns of these mandates and deciding to eliiminate managers purely as a
result of the quantitative analyvses. may lead to the incorrect elimination of potentially star managers. An

attribution analyvsis and performance breakdown pre-sereen mayv help to avoid this problem.

Qualitative screens

The qualitative screening process is generally conducted on-site and would thus require that the manager-
selection team pay a visit to the asset managers’ offices. Qualitative sereens can be used to gain information
abont for example the experience of the team; the length of tinie the ream was at the organization, the depth
of the organizations resources, investment philosophy and process. ownership structure. ability to retain
staff. staff movements and recent changes in processes which could affect the consisteney of performance.

Having discussions or conducting interviews with the investment team and management will be helpful in
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establishing this kind of information. In addition. being on the premises will allow the manager-selection
team to observe the organization's phyvsical setting. corporate cultuwre. and the qguality of inrerpersonal
relations and communicarion. This insight into the asset manager organizations would be very useful in
establishing the stability of the investment team and the organisation as a whole and would greatly assist

in spotting potential pitfalls.

All asset management organisations have some positives and some negatives that emerge from the sereening
processes and the varions analvses conducted. As aresult. the sereening processes and the analyvses need to
be combined and looked at in totality. to provide an overall picture of cach investigated organisation. Tlen
the information gathered for cach organization needs to be filtered and compared with that of other asset
management organzations within its appropriate peer group. The manager-selection process would then
allow the Fund to identify future pitfalls associated with the individual asset management organizations

and thus establish whether it is wortl investing with them.

2.2 The Emergence of Risk Budgeting

ALN and management i a nutshell involves:

o Assessing the habilities of a Fund and wiilizing the assets in an optinal manner so as to meet these

liabilities by,

o Establishing an optimal asset allocation for a Fund based on expected risk and retuwrn numbers for

the passive asset class henchmarks.
o Deciding on the investment strategy that hest suits the Fuuds Risk/Return profile.

o Based on the asset allocarion and the investment strategy. choosing Asset managers. via an in depth

asset manager sclection process. that hest suits the investment requirements of the fund.

o Continuwous wonitoring of the managers” performance. risk statisties and the portfolios positioning,

relative to the specified guidelines and henchmarks.

o Continuous monitoring and assessment of the overall Fund's Investment strategy and whether it is

still viable for the Fund.

o Implementing changes where necessary.,

These optimal asset allocations obtained from the ALNM process. as discussed earlier. are based on the
expected risk and return munbers of asset class benchmarks relative to labilities. Therefore. the asset
allocation to a specific asset class has implicitly committed those asset managers mandated to that asset
class to maintain reasonably similar or identical characteristics to that benchmark on average over time
[22]. Investmients that mimic or that aim to be identical to a specified benchmark is obtained through

passive manageiment or pure index tracking.

However. most investors. and thus Pension Funds, would like to obtain higher returns. rather than settling
for just the average or benchmark returns, as this allows contributions to be reduced or pensions increased.
Higher than benchmark returns are usually expected to be obtained through active investiment management.
As a result many Funds. after the asset allocation policy has heen established. allocate mandates to active

managers in an effort to obtain active return.
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With the inclusion of active managers within the investiment strategy. the active asset managers will deviate
fromt the specified benchmark in terms of the assets held in their partfolios. as per the active managenent
stvle discussed carlier. They will thus potentially provide a positive active return (e, out-perform the
benchmark). however there is also a possibility that they mayv provide a negative active return (i under-
perform the benchmark). This possibility of ont/under performance is due to the additional risk over and

above that of the benchmark (active risk) that an active asset manager exposes the Fund to [22].

The Funds allocation of mandates to both active and passive managers alters the Risk/Return protile
of the asset allocation poliey that was established through the initial Asset Liability Modelling exercise.
The active retwrn and active risk introduced by the active managers upsets the optimal allocation already
established rendering 1t potentially sub-optimal.

This inconsistencey with ALN processes was the driving force hehind the emergence of Risk Budgeting. A
risk budget is simply a particular allocation of portfolio risk. An optimal risk hudget is an allocation of risk
such that the optimal asset allocation is still the most efficient for that particular level of risk. el it lies

on the efficient frontier. The risk budgeting process is the process of finding an optimal risk hudget [15].
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Chapter 3

Risk Budgeting in an ALM

Framework

3.1 Traditional Mean Variance Optimisation

Hirry Markowitz's work in 1952 was highly influential 1o the development of portfolio theory and. at the
time, provided a breakthrough in developing a model that fully acconnted for the covariances hetween asset
returns.

Markowitz's paper entitled "Portfolio Sclection™ [17] dealt with the process of establishing an optimal
portfolio based on some assiumptions about relevant futwre performances and a need by tlie investor to
control the standard deviation of retwrns or volatility of the portfolios performance. The optimization
made use of the assumption that returns are normally distributed and could thus be characterized by its
first two moments. Le. the mean and variance of returns. This concept gave rise to the name " Nean-
Variance” optimization that is now widely recognized.

A kev to Markowitz's optimisation process is that expected returns ave desirable to investors while expected
variance is undesirable. The investor would thus invest in a portfolio that vielded the hest return for a

given level of risk. or similarlv. a portfolio which vielded the lowest risk for a given level of return.

For an N asset portfolio. . represents the weight of asset 7 such that

such that Z.r, =1

i=1

The portfolio’s return. at a given time ¢, is then given by

R.(t) =) xiRi(t) (3.2)
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The mean and variance of 17, are given by the following equations

A A
o= E[R] =30 ER] =Y i, (33)
i1 -1
And
NN Nvon
ol =Var(R,) = Z Z i Coc(RRy) = Z Z O (3.1)

i=1 =1 ] oy=

Where ;5 15 the covariance of asset J and asset j

Since risks are not additive bhut rather combine in o way that depends on how returns move together. it can
be seen that the spreading of investments across less correlated assets tends to reduce overall portfolio risk.

while never completely eliminating it. An example of this was demonstrated carlier for a two asset case,

Markowitz's method of optimization has proved popular and for the optimization investors have two ob-

jectives, while taking cognizance of the portfolio weight constraints: [19)

o Maximisation of the expected value of the portfolio return

e \inimisation ol portfolio risk

However a portfolio with maxinmum expected return is not necessarily the one with minimum variance.
An investor can gain expected return by taking on variance or reduce variance by giving up expected
retirn. According 1o the investor’s individual preferences a weighting can thus be applied to the investor’s
conlicting objectives. This weighting is called the investor's risk aversion represented by parameter in the

equation below. Thus. according to Markowitz the optimization problem to be solved is:

max {y, A/\/T‘.T)} (3.9)
Ry
N
such that Z.r, =1
(!

The objective function above is quadratic in the weights. thus this problem is referred to as a quadratic
. o

optimization problen.

As noted in Panjer [19]. the Mean-Variance optinidzation method has several important advantages. The

following comments list some these.

1. Only the first and second moments of the asset returns are required to proceed with the optimization.

2. As discussed and as can be seen from the objective function. the preferences of the investor are taken

into account simply by determining the investor’s risk aversion factor.

3. If no additional constraints are imposced in the optimization problem. then the optimal weights can
he calculated analyvtically. From this fact the most popular results in modern portfolio theory were
derived. such as the structure of the efflicient frontier. mutual fund theorems. and the capital-asset-

pricing model.

Even if additional lincar constraints are imposed on the weights, the optimization problem remains

quadratic convex. and numerical algorithms can be used to obtain optimal solutions.



However, the NMarkowitz Mean-Variance approach’s assumption that retinns are normally distribnted and
that the portfolio returns can be characterised purely by the first two moments of the distribution is a
severe Hmitation to its practicality in some situations.  This method cannot account {or the eoffect that
options and other derivatives have on the distribution of returns. The inclusion of derivatives in a portfolio
changes the characteristics of the return’s distribution. by possibly introducing fatrer railed distributions
that cannot adequately be characteristed by just the mean and variance of the distribution. The inability

of Markowitz's method to cope with this has been one of its major eriticisms.

The optimization method is discussed in more detail in the following sections.

3.2 The Pension Fund Optimisation Problem

A pension fund’s main objective is to alwavs ensure that its assets are sufficient to cover its labilities.
Ax sucho it is imperative for a pension fund to always approach optimisation on a relative hasis and to
optimise their investinent portfolios realtive to their liabilities. rather than just optimising their portfolios
in isolation. This allows the Fund trustees to invest in portfolios which are expected 1o vield the highest

retirn for a particular level of relative risk. at which the Fund is comfortable.

For illustration purposes it has been asssumed here that the Fund trustees are concerned about volatility
ol the portfolios returns and thus the risk is defined by the standard deviation. which has a high degree
of similarity 1o the goal protecting against the loss of capital or more accurately the protection of return
stability. To establish the portfolios that are optimal or efficient. i.c. have the maximnm return for a given

level of risk. the following equation is used.

Marl = p' o = A’ Yo (3.6)

T =1

subject to ¢
Where je is a veetor of expected returng of assets or asset classes. etes Xois the covariance matrix of the
returns with the elements given by a0 A represents the risk aversion factor and. ¢ is a vector of 1s.
Varving the weight vector. . maximizes the above equation. The weights represent the proportion of the
total or the exposure to the asset or asset class. ete. Note that equation 3.6 is just equation 3.5 written in
niatrix notation.
The optimisation constraint above is commonly referred to as the Budget Constraint. as it ensures that all
the invested funds or assets are allocated. The risk-aversion factor is a parameter that characterizes how
much risk one is willing to have in the investment portfolio. By varving this parameter. vou vary the total
portfolio risk. A lower risk-aversion factor, will give rise to an optimal portfolio with lower portfolio risk.
while a higher risk-aversion factor. would give rise to potentially higlier return optimal portfolios due to

the higher portfolio risk.

To caleulate the set of efficient portfolios we assume:

1. The covariance matrix is positive definite. so that the inverse of the matrix can be calculated.

2. The vectors e.pr ave lincarly independent. This is required since the optimization will not work it all

the assets have the same return and risk.
On an efficient frontier. the portfolio with the lowest variance on the efficient part of the curve (i.e. the
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turning point of the graph or when the risk aversion factor (A) is at its maximum) is reforred to as the

minimum variance portfolio. The weights of which can be calenlated analytically. as shown helow [19].

min = ————Y" ¢ (3.7)

or simplified

(3.9)

-]
TR AL S P
(Ii—l(

where =7

Etficient portfolios are thus expressed in the form shown in equation 3.9. The covariance matrix is required
to he positive definite hecause the solution 1o the optimization problen uses the inverse of the covariance

matrix (Y71, Above. ™7 iz the minimum variance portfolio. which depends on the covariance matrix
A

but not on . and 7 depends on X and goand has the property > 27 = 0. Thus 27 ix a sclf-financing
(=]

portfolio in that the long positions. i.o. where the weights are positive. are financed by corresponding short

positions. i.e. where the weights are negative.

The above optimization problem thus provides a solution. which allows investiments to have long and short
positions i its assets. Generallv investment mandates. particularly within the Pension Fund environment
do not allow such freedom with its assers. Pension funds are subject 1o legislated rules and regulations
in an attempt to safeegnard the pensions of its members. As suclhi. the optimization problems for Pension
funds include firther constraints. An example of such constraints is: the exposure of any asset invested
in has to he greater than or equal to zero (oo no short selling s permitted). The "no short selling”
coustraint is standard across most Funds. while other additional constraints may vary from Fund to Fund.
in keeping with their unique requirements. These may include maxinnun or minimun limits on the weiglits
of individual assets. ete.

The solution in equation 3.9 ouly allows for optimization with respect to the budget constraint. To try
and obtain an analviic solution where the budget and the additional constraints are taken in account is
usually ditticult. Thus the Funds have had to rely on answers obtained numericallv, hy utilising mimerical

optimization methods.

3.3 Solving the Optimisation Problem Numerically

Using mathematical packages like Matlab or more commouly Excel Solver. numerical solutions are sought
for the constrained optitization problenm that Pensions Funds arve often faced with when tryving to establish

a suitable Investment strategy.

27



The optimization equation 3.6. with the additional constraints. as described above, can be written as:

Varl =plsr - Aty (3.10)
subject to ¢l =1 and
a; <, <, for alli=1to N
(3.11)

Where g is a vector of expected returns, o is the vector of weights. A represents the risk aversion factor. o is
avector of 1's. ¥ is the covariance matrix of returns. and «; represents the mininmim and b; the maximum

allowed exposure or weight to asset 77 {or the relevant constrained assets. ¢, must alwavs he positive.

The s can be varied numerically to obtain the maximum utility for a particular risk-aversion level. The
munericallv obtained weights established for each asset or asset class, per risk aversion factor. make up
the optimal assct allocation choices for the Fund (the portfolios that lie on the efficient fromtier). The
Fund would then be required to establish its asset allocation related to the risk aversion factor that it is

comfortable with.

Because it is difficult to quantify ones risk aversion. often risk-adjusted performance ratios are utilised to
assist in establishing this. These ratios in general provide information about the risk-adjusted return that
a Fuud i expect (based on the expected returns and risk junbers). These measures arve thus often more
tangible. in that one has better feel for the range of values that one would he comfortable with, Some

common exatuples of these ratios are the Information ratio and Sharpe Ratio {9].

The Information (IR) and Sharpe ratio (SR) are defined as the expected active remurn relative to active
risk. The only diference is that the Information ratio looks ar the active return and risk relative to the
Find’s benclimark, while the Sharpe ratio uses a risk free rate as the henclimark. The return achieved
over ad above the return of the visk-free rate. specifically. is commondy referred to as the excess return [6G].
Thus the Sharpe ratio is more commmonly defined as the expected excess return relative to oxcess risk. The

measures can be represented as described below:

.y
(= qn) -

IR = TS (3.12)

Where jris a vector of Fund expected returns, o, is & vector of Benchuark expeeted returns, o is the vector

of active weights (e, the het). ¥ is the covariance matrix of active returns.
Similarly.

i
‘ (= pep)t .
SR = LM (3.13)
riNEr
Where gris a veetor of Fund expected returns. iy a veetor of the risk-free rate expected returns. o is the

vector of weights, X7 is the covariance matrix of excess returns.

It can be deduced from the definition of the ratios. that the higher the final ratio values the better, This can
be achieved by either increasing the numerator. which represents the expected veturns, or by decreasing the
denominator. which represents the expected risk. Thus. for example. a Fund that achieved a high return
in a moderate risk environment would be preferred to a Fund that has achieved a similarly high return in

a high-risk euvironment. and this would be evident by its higher risk-adjusted performance.

The risk ratios can be utilized in two ways in the optimization. First. is to find the optimal weights that

give the maximum Information or Sharpe Ratio. For example if the objective were to maximise the Sharpe
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ratio. the objective function would he. as per the definition in equation 3.13:

(1 —pp)tr

Y=y

Marl = (3.14)

subject to =14, <oy < b foralli=1...N

Where s a vector of Fund expected returns. yrp a vector of the risk-frec rate expected returns. o is the
veetor of weights. X7 is the covariance matrix of excess returns, and a, represents the minimun and b; the
maxinm allowed exposure or weight to asset 77 for the relevanr constrained assets. a; must alwavs be

positive,

This optimization problem is equivalent 1o solving, for the optimal weights for the different risk-aversion
levels. as por equation 3.10. and then choosing those weights and thus the corresponding risk-aversion
level that gives the maximum Sharpe ratio. In doing this. 1the Fund had made an implicit risk-aversion
level choiee without needing to actually quantify the risk-aversion level with which it is comfortable. The

optimization would vield a single solution providing the weights that maximize the Sharpe Ratio.

Second is if the Fund is targeting a specific value for the risk-adjusted performance ratios. There will
however be several optimal portfolios that vield the rargeted ratio value as obtained if using equation
3100 The objective function thus changes to cither maximise return or to minimise risk. with the further
constramt that the ratio value must be equal to some chosen constant. ¢, Using the targeted Sharpe ratio

as the chosen ratio. these optimization problems are shown helow:

Marl = /11'.1‘ (3.15)
—uty
subject to % =
Yy

subject to el =1oa; < vy < b foralli=1...\

Or
MinU =757 r (3.16)
N L
subject to T T, (

subject to ol = La; <ux, <bdoralli=1...\

Where jiis a vector of Fund expected returns. gy a vector of the risk-free rate expected returns, o is the
veetor of weights, 87 s the covariance matrix of excess rerurns, and a, represents the minimum and b; the
maximun allowed exposure or weight to asset 77 for the relevant constrained assets. «; must always be

positive.

The optimization of equation 3.15 or equation 3.16 will also provide a single solution vielding the optimal
weights that will provide the targeted ratio value. The weights will vary depending on the choice of
objective function and any other additional constraints. Again. this optimization is cquivalent to solving
for the optimal weights for the different risk-aversion levels and then from the choice of optimal portfolios
where the Ratio is at the targeted value, choosing either the portfolio with the maximum return or the

minimum risk.
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3.4 Risk Budgeting and Manager Allocation

Having established the Fund's optimal asset allocation. as deseribed in the preceding section. it needs to
bhe decided how Dest 1o invest the assets. The first step of this decision process is to develop an iuvestment
strategy.

The Investinent strategy forms the core of the investment decision. as it takes into account all possible
wavs of investing the assers and arrives at an answer that would best suit the Fund. All the relevant bases
need 10 be covered. in terms of the choices as outlined in the Investment Strategy section carlier. The Fund
necds to decide whether 1t requires an active or passive management stvle to achieve its objectives. Also
within that decision. whether to allocate balanced or specialized mandates or a combination thereof. In the
case of specialized mandates the fund needs (o further contemiplate whether there will he a further mwix of
active and passive management styvles. The final stage of the process would be deciding how many and to

which managers to allocate assers for management.

In this process the Fund would need to guard against the common mistake of diversifving the munber of
managers and not the number of styles and strategios 20]. Increasing the number of asset managers used
(o manage a Fund's assets mayv very well spread the Fund's manager specific risk and provide diversification
benefits, However the Fund also needs to diversify itself with respeer 1o the styles and strategies inherent
within the chosen managers, It may not he worthwhile having assets managed by sav five different managers.
i for example they all managed assets according to a Value process. In this case. even though the Fund
wonld have diversified its manager specific risk. it would have a significant Value stvle bias, This implicit
bet against Growth would he fine if the Fund intentionally preferred Value to Growth but should be neutral

if the Fund has no particular preference or view with regard to Vidue and Growtl.

The process of getting all these details corvect is an intricate one of finding, the right halance and something
that the Fund Trustees are comfortable with, Also the process of selecting managers could he time consum-
ing and requires in-depth rescarch into the people and processes of the asset management organizations. as

deseribed in the section on Manager Selection.

With Risk Budgeting however. there is an extra step required before deciding how much of the available
assc1s 1o allocate 1o the managers. As mentioned briefly carlier. the decision 1o allocate mandates to active
managers. once the asset allocations have heen established as per the asset allocation process described
in the previous chapter. upsets the unplicit risk allocation that has heen determined and agreed upon by
the Fund intiadly. Since the initial risk allocations were made based on passive henelimarks. the addition
of active risk (tracking error) to the Fund structure renders the optimal asset allocation potentially sub-

optimal.

Taking on active risk mayv generate positive active return. however there is also a chance that it could
senerate negative active return. thereby detracting from the investor's expectations. Thus tracking error
15 a scarce resource. in that the Fund would only be willing to take on a limited amount of additional
risk over and above that of the benchmark. The Funds appetite for tracking error must thus be weighed
against several factors. including its ability to sustain losses in excess of its strategic benchmark. Tt is thus
hmportant that the Fund does its best to allocate it efficiently. so as to obtain the best possible return.
The Fund also needs to budget for a realistic level of active risk commensurate with its ability to tolerate

persistent negative active return [15].

As explained by Waring [22]. whenever there is a trade-off of expected return against expected risk, there

exists an opportunity for optimization. In this case the objective would be to maximise the active return for
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a piven level of active risk across all the asset management organizations heing considered for inclusion in
the Fund's strategy. The objective function is similar to the one used for asset allocation iy equation 3.10.
except that the variables are in active space. For this optimization too. as discussed previously. optimal

allocations are obtained for varving levels of visk-aversion.

Marl'y = py — Aoy (3.17)

Where gy is expected active returns of managers. Ay vepresents the risk aversion factor with respect to

active risk. o5 is the variance of active return.

This optimization solves the problem of optimally allocating active visk. however it ignores anothier problem
that exists. Different asset management organizations may have different internal asset class henehmarks to
those that the Fund has decided on. This difference introduces mismatch risk into the Fund's strategy. and
the ageregation of all the possible mismatches at Fund level could move the total portfolio significantly away
from its inrended henchmark. thus once again rendering the investment strategy sub-optimal or ineffective,
It is thus useful 1o separate the active retwrn and risk into two components. i.e. selection active return (and
its risk) and the mismatch active return (and its risk) according to an agreed upon benchmark for each
manager. The sclection veturn is the difference hetween the managers fund return relative to the return
of the benchimark agreed upon with the Fund., The mismareh return is the difference hetween the agreed

upon manager benchmark returns and the Fund's initial asset allocation benchmark returns [20)].

The combination of the component active risks and returns combine 1o the total active risk and total active

return respectively, as defined in equation 3.17.

The decomposition into these component risks and veturns allows the Fund to optimize its total active risk.
taking imto account the optimal levels for hoth the selection and mismatch risks. The objective function
for this optimization ix of the same forin as in equation 3.17. just with the component parts inchided. as

derived by Waring. et al [22]. and is shown below.

Marl = [(0"X =Dy + 07 = A Ny =S x =yt w0ty (3.18)

Where a, is the veetor of managers” expected selection alphis. i.eo the managers excess return relative to
the benchmark. Y. represents the covartance matrix of selection alphas. Ay is the risk-aversion factor to
active risk. ryois the vector of expected returns for the asset class benchmarks. ¥ represents the covariance
matrix of asset elass benehmark returns, Vs the matrix of managers” asset class benchmark weights. hy, is
the vecetor of Fund's henehmark weights and 7 is the vector of Optimal Managers™ weights, arrived at and

solved for during the optimization. process

(TN = I]) vepresents the mismateh weight. e the ditference between the managers” asset class heneli-
mark weights relative to the Fund's asset class benehmark weights. (AP X — ROV (WX — 1) s the

corresponding risk associated with this mismatch of manager and Fund asset ¢lass henchmark allocations.

Lo is the weighted manager selection return. ie. the return the manager’s portfolio generates relative to
the return achieved by the agreed upon benchmark. This return could be a positive or a negative value.
Trving to forecast & managers excess return is extremnely difficult. given that managers have different sources
of value add and trying to forccast the extent and consisteney of these would be difficult indeed. hTVh is

the risk associated with this selection alpha.

However. one’s aversion for the mismateh risk mayv he completely different to ones aversion for the sclection

risk. Even though in its current form in equation 3.18 it is assumed that these risk aversion levels are equal.
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the equation could easily he modified to take into account varving risk aversion levels. This could be done

by assiening cach risk its own unique visk aversion level.

With the optimization in equation 3.18 we are again faced with the difficult task of quantifyving ones risk
aversion level. Again. as with the asset allocation optimization. we can use the different risk-adjusted

performance measures. like the Sharpe ratio. to circuinvent this problem.

This total active risk optimization calculates allocations to particular asset managers based on their indi-
vidnal capabilities with respect to the benchmarks that are at the centre of their investinent processes. This
cnables the Fund 1o then assess and evaluate these nanagers” performances with respect to the benchmarks
that they are comfortable with and have explicitly agreed upon. as opposed to the potentially different Fund
benelhmark that the managers mav have had to trv to adapt their processes 1o, This allocation process
should then produce the optimal result from cach manager and thus greatly assist the Fund to best meet

amnd achieve its objectives.

For these reasons equation 3. 18 will he the central optimization equation that we will use in our optimization
process. Once we have established our optimal asset allocations hy optimizing equation 3.9 using the relevant

chosen constraints. we will establish the optimal asset manager allocatious by opthmizing equation 3.18.

Once the manager choice and the allocations to these mauagers has been decided upon. the Fund should
implement some restrictions and “rules” relevant to the various manager portfolios being managed. so that
the combination thereof still allows the Fund to be within its allowed limits. as per legislation. Some typical
limits placed on managers are tracking ervor limits, maximum allowed cash weightings. share and industry
exposure limits. ete. These limits aim to ensure that the managers manage the assets to the best of their
abilities but also within the framework of the Funds goal of achieving its objectives. Should managers stray
awav from these limits, it has implication on and may prejudice the Fund at a total asset level, For examiple.
it o manager has been allocated active visk of 10% but chooses to manage rather at a level of about 3%
the manager is not fully utilizing the portion of the risk budget that was allocated to it 1o generate alpha.
and thus the excess could rather have been allocated elsewhere to obtain and fulfill the Fund's objectives
better. T the extreme, these diversions from the optinmal risk allocation could affect 1he Fund i that it
would be unable to or fall short of meeting its objectives. A higher tracking error is as much of a concern

as low wracking error as it too could potentially cause the manager to fail to achieve its return targets.

For this reason and also just as good practice. it is imperative that the Fund wmonitors and evaluates its
current strategy and objectives and the achievement thereof on a regular basis. This would include moni-
toring the chosen managers with respect to the risk and return profiles and whether thes are consistent by

achieving the objectives set for theni.

3.5 Inputs used in the Optimisation Process

The Pension Fund optimization processes and how we arrive at results that are optimal have been discussed
in earlier sections. Also the requirements and inputs for the optimization have heen covered. however the
intricacies of arriving at those inputs have thus far been omitted. These issues will be explored and discussed

in this section.

The two main inputs into any optimization problem. as can be seen from the objective functions, are the
Covariance matrix and the Expected Retwrns. Depending on the optimization required. these are calculated

for assets and portfolios of assets. These portfolios assets could be. for example. managers™ portfolios or
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benehmarks and asset class portfolios or henelimarks. ete.

3.5.1 Covariance Matrix Estimation

Since the true covariance matrix of asset returns is not observed. it must he estiiated using statistical
techiniques. The estimation of the covariance matrix is however difficult and there is no one clear method
of estimating it. Each estimator has its own inlierent limitations. which could affect the outcomes of the
optimization procedures, It is thus best to be cognizant of the limitations of the estimator being used
and its impact on the optimization results. as investment decisions and performance may be significantly

atfected by the choice of estimator

The Sample Covariance Matrix

The sample covariance matrix is the estimation method that is most commonly used and makes use of
historical returns.

- L -

ST lrdlmy = ey tny — 1 )]

('()l'[l‘,(m‘)AI“/(m)] = ! T (3.19)

Where 1 (mr) s the return on an asset ¢ between mouth ¢ — 1 and month 400 () s its sample mean and

T 1= the number of observations.

This method is thus easy (o compute: however it has many limitations [153]. Some of these are:

e This estimator requires many parameters (i.e. variances and covariances) to he estimated. hecause it
imposes too little structure and overfits the sample data [3]0 The sianple covarlance matrix reguires
u*(n+1)/2 parameters to he estimated. where nis the number of assets. eteo For example. if we
were calculating the covariance matrix for 100 assets we would need to estimate 3050 parameters
(100 variances. 4950 covariances). The problem of estimating these large numbers of parameters is
known as the “curse of dimensionality™ [16]. In addition. the minimmm number of historical returns
required to generate a positive semi-definite covariancee matrix for this case would be 100 historical
returns. which is equivalent to about 8 years of monthly data for each asset (1510 This subscquent
requirement of a long history to estimate these parameters is a problenn in that such a long history
mav not be available for cach asset. and even if it were. the problem could be further compownded
if the older data were no longer relevant. If we consider equity assets (shares). it is entirely possible
that the returns that a particular company’s shares achieved vears back is no longer relvant given
possible changes be they advantageous or detrimental. to either the company’s management teains.
processes. core operations and services ete. The problem of irrelevant data would thereby bias the

risk estimates.

e The sample covariance matrix assigns the same weight to all the observations used in the sample.
With the limitation. mentioned above, of requiring many data points for the estimation. the fact that
the same weight is applied to all the data points could be problematic. Tt is possible that the older
return data may no longer be relevant to the current conditions but would have heen allocated an

equal weight to the current. most relevant data, which could lead to a bias in the risk estimates.

e The covariance matrix needs to be positive definite. thus the covariance matrix has to be non-singular.

This property will ensure that the covariance matrix is invertible. which it is required to be for the
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optimization. For the matrix to he invertible, the columms of the matrix are reguired to be linearly
independent. The larger the dimensions of the covariance matvix. the larger the amount of historical
returns required to satisfv the invertibility condition [16]. Again. with the long history of retarns
required. even if it were available. the relevance of the historical dara is questionable. I the covariance

matrix were singular. the following condition would apply. and the following situations oceur [19].

Viar{iay Ry + ..+ axRy) = 00 for some (ap. ... ax) # (0. )

e There exists a viskless investinent strategy.

e One asset is a combination of other assets. i.e. the columns of the covariance matrix are lincarly

dependent.

¢ The market allows for arbitrage.

Fquation 3.19 shows how to estimate the monthly covariance matrix. but could be generalized to accom-
modate any time horizon or data frequency. e dailye quarter. vear. ete. The Hmitations discussed above
thus apply to all the sample data frequencies used. Due to the relatively shiort history of financial data that
s available. particularly within South Africa. when using longer time horizons. i.e. quarterly. yvearlv, ete.
one would require more observations than are available. This mav exacerbate the dimensionality problem

associated with the covariance estimation.

One wayv 1o overcome the problem of using longer time horizon data is to use higher frequeney datac 1.e.
dailv, weekly, ete. Sampling data at a higher frequency within a specitied given pertod. rather than just
extending the sampling period while keeping the sample frequeney constant. improves the accuracy of the
variance and covariance estimators [1. 1 one then wanted to caleulate the covariance matrix over a longer
horizon. one would have 1o aggregate the covariances of the higher frequency data. However. in order 1o
do this one needs 1o take into account the serial correlation between returns to construet the covariance
matrix for a longer horizon (e.g. monthlyv). As a result of the serial correlation one cannot estimate the
monthly covariance by just merely multiplving the daily covariance by the munber of husiness davs within

that month’.

The estimation of longer horizon covariance matrices using higher {requency data has been derived in
Modern Investient Management [153] and can be expressed in the following equation in matrix notation.
q

Sim) = p.Sold) + Z (p— W)[Sild) + Sp(d)'] (3.20)
k=1

Where Yo(d) is the dailv covariances between the daily assets returns (i.e. lag = 0). p is the number of
daily returns within the month. ¥,.(d) is the daily covariances between assets on different davs. e, lagged.
Fore.g. if b= 1. then Sy (d) = covlr g (d)ory ()] and Sp(d) = covri (d).r, o (d)]. kis the lag between

the assets returns (i.e. returns are davs apart). ¢ is the level of serial correlation assumed.

The equation expresses the caleulation of the monthly covariance from daily covariances. but could be

generalized for longer horizons. In the derivation of the above equation it was assumed that returns are

"Within the Finance industry the standard practice of annualizing monthly volatilities by multiplving it by the square root

of 12. makes the assumption that there is no serial correlation between returns.
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continuously compounded and thus in this example the monthly veturn for ecach asset is calenlated by adding
together the asset’s daily returns for thar month. An advantage of this method is that it accommmodates
for the existence of serial correlation in high frequeney data and the monthly covariance matrix generated
will he positive semi-definite. however the other limitations that pertain to Saanple covariance matrices. as

discussed earlier still apply.

The Observation Weighted Sample Covariance Matrix

The problem of the equal weighting applied to all the observations used in the estimation of the sample
covariance matrix. can be somewhat alleviated by modifving the above estimation method. This is done by
applyving weights to the observations used. Typically a weight of 1 is applied to the most recent observation
and the weights decrease for the preceding observations by some rate. called the decav rate (0 ). 1f wy is
the weight applied to the observation at time ¢, then the sequence of weights can be caleulated recursively
by wiop = (1= dyay. The observation weighted sample covariance matrix equation is given helow [13]. by

modifving equation 3.19.

I 1/2 — 9
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Again. this equation represents the estimation for monthly datac but may be generalized for other higher

frequency data or for longer horizons.

Also. equation 3.20 can be similarly modified to incorporate a weighting system for the ohservations.

q
Com) = p.Xold) + Z (p— I [Nntd) + X (d)'] (3.22)
k=1
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Where R(d) is the weighted daily returns.

Here. botlr the order of serial correlation (¢ ) and the decay factor (6 ) will have to be estimated in order

to estimmate the covariance matrix.

Although the observation weighted covariance matrix takes care of the problem of applyving the same weight
O o . o
to all the observations. it is still prone to the other limitations of the sample covariance matrix. as well as

the additional limitation discussed below.

e The observation weighted covariance method applies the same weights across the entire covariance
matrix. This could be problematic when evaluating a covariance matrix with different asset classes
(i.e. equity. bonds. ete) in that it may be desirable to allow for different weighting schemes or decay
factors for the various asset classes. Also even if looking within just one specific asset class. the same
weighting is applied to both the variances and correlations. Often however it is argued that although
volatilities tend to change quickly to market shocks and occur in clusters. correlations are more likely
to move slowly over time, and it would thus be more relevant to have different decay rates for cach

one [15].



This can be addressed. by decomposing the covariance matrix into its components. i.e. correlations and
volatilities. One can then estimate the volatilities and correlations using, different assumptions for their
decay rates. while still preserving the positive semi-definite nature of the covariance matrix. as shown below

[15].
Coclr(d).ri{d)] = corr[r(d). r{d)] = /var(r (d) s /yar(r, (d) (3.23)
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I this case the weights « and ¢ indicate that different decay rates were used in the cateulations.

GARCH Processes

As disenssed i detail in Risk Management and Analyvsis [1]. and briefly touched on here. GARCH s the
acronvm for Generalised Autoregressive Conditional Heteroscedasticity, The termn " Heteroscedasticity™
mav be quite a tongue twister but simply means. “changing variance™. The conditional lieteroscedasticity
of a data series is observed when periods of high (low) volatility tend to be followed by more periods of

high (low) volatilitv. 1.e. volatility occur in clusters.

The Autoregressive Conditional Heteroscedasticity model (ARCH) is based on a regression process that
8 . 5 !

captures the conditional heteroscedasticity of financial returns by using a moving average of the past squared

returns. The ARCH (p) conditional variance specification uses p time periods and is given by the following

equation,

2 2 2 9
op =aptaprp o tauy (3.24)

Where ag > 0.ay a, >0

The constraints ensure that the conditional variance is alwayvs positive,

The GARCH model. on the other hand. includes a conditional mean equation and an equation that models
the conditional vartance. Because the focus of GARCH is on the conditional variance. the conditional mean
cquation is usually simple. Thus. the generalization of the ARCH (p) model. into a vanilla GARCH model.
adds g autoregressive terms to the existing terms in equation 3.2:4. This gives rise to the GARCH (p. ¢)

model with conditional variance equation given below.

o7 =wAarg_ e+ (1,,1‘:‘1)-7[, + 30T e 0] y (3.25)

Where w > 0.0, ..., Ope 3y 3, >0

GARCH processes have become popular methods to estimate financial market volatility hecause they allow
for the variances of a series of data to be heteroscedastic by relating the variance. to the previous values
of the variance of the series. and to past "shocks™ in the series [19]. This conditional variance equation
provides an casyv analvtic form for the stochastic volatility process in financial returns. Taking the square
root of the GARCII conditional variance series and expressing it as an annualized percentage gives rise to

a time-varving volatility estimate.
The GARCH (1.1) process for the daily volatility on an asset can he expressed as:

rr;) = w+ m'%«,l + 3(7:‘;-71 (3.26)
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Where 3 the lag cocfficient captures the persistence in volatilitv. The closer it i~ to 1 the Jarger the
persistence. e shocks 1o conditional variance take a long time 10 die out. o the return coefficient reflects
the tendeney for volatility to adjust in reaction to market surprises. w is a constant that determines the
long term average level of volatility to which GARCH forecasts converge. It is sensitive to the length of the
data horizon wsed 1o estimate the model. The value will be high if a period of many vears. during which

there were extreme market movements, were used.

With this process. the volatility for the asset at time T depends on the volatility of the asset at time 77— 1

{1.c. the previous period) and on the squared return on the asset at time T — 1.

The 2 main considerations in choosing data for GARCH models are:

e the data frequency. and

o the data tine horizon.

Usnallv higher frequency data. like daily or even intra-day data is preferved to lower frequencey data. like
weekly or monthive ete. This is because convergence problems could he encountered on low frequency data
due to insuflicient ARCH effects. The choice of time horizon or lengtli of historical data used would directly
mtuence whether it would be required that the major market events of many vears ago should influence
vour current forecasts. Usually one or two vears of dailv data are necessary to ensure proper convergence

of the model H].

However the current estimate is not taken to be the forecast of volatility over all future time horizons.
By first estimating the GARCH model parameters. mean-reverting forecasts of volatility can be construct-
o Maximun Likelihood Estimation is used to estimate the GARCH model parameters. Based on an
assumption about the shape of the distribution of the data generating process. the parameter estimate that

maximises the likelihood of the data is chosen.

One advantage of GARCH is that the volatility and correlation forecasts for any horizon cau be construeted
from the one estimared model. The estimated GARCH model gives the forecasts of instantancous forward
volatilities. i.e. the volatility of ryi made at time T and for every step alicad. j. These forecasts are
calculated analvtically. shown for example in the GARCH (1.1) model below [4].

2 2 2
ap =wtary  + 3o

and the j-step ahead forecasts are computed iteratively as

(ﬁfﬂ =w+(a+ J’)(T:‘,'Aj . (3.27)
The volatility term structure is a plot of the volatility (),{ returns for v = 1.2.3.... where the returns
{logarithmic) at time T over the next n periods is rp,, = > ryy,. Thus.
J=1
n
Viary(rr,) = Z Vary(rpy) + Z Z Covp{ryy i orrag) (3.28)
i=1 i

The GARCH forecast of n-period variance is, as can be seen {rom the equation above. the sum of the
instantancous GARCH forecast variances and the double sum of the forecast autocovariances between the
returns [4]. However. in most cases the simple conditional mean equation in a GARCH model is merely
a constant. so the returns are independent and the double sum of autocovariances is zero. The n period

volatility forecasts are calculated by summing the j step-ahcad GARCH variance forecasts.
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The relationship between GARCH volatility and Implied volatility is used to prediet future price movements.
Implied volatilities are those volatilities that are implicit in the prices of options. and can be backed out
from the explicit option pricing formulac. like the Black Scholes formula. Sincee these volatilities are hased
on prevailing market prices rather than on the past history of retins. they are forward looking measures.
Tmplied volatilities are however different from statistical volatilities in that they are volatility {orecasts.
with a horizon given by the maturity of the option. rather than an estimate for carrent volatility.

Similarlyv, hnplied correlations ave those correlations that are implicit in the prices of options and can be
calculated from three implied volatilities by rearranging the formula for the variance of a diffevence. The

correlation between o and g 1s calculated bhelow. using their implied volatilities.

2 - )
g, ta, o5

I} DI
p= Y {3.29)
20,0,
There are only a limited number of ways to back out implied correlations from option prices however. and

thev mav be unstable.

Factor Models

A factor. as defined in Modern Investment Management [15]. is a random variable that. at a particular
point in time. can explain or account for the variation among a ser of asset returns, 1t can also be looked

at as. a variable that is commmon to a set of asset returns. influencing cach return through its factor loading.

Assets” retirns, however, do not necessarily depend on only one factor 1o explain how they vary, but may
relv o on a combination of factors. Thus a factor model provides the structure that allows the variation

among asset refurns to be explained in terms of this combination of factors.

Factor models. in general. are represented by the following mathenatical expression:
fel . te)
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k=1

Where r, () is the veturn of asset noat time 1. 3, is the loading (exposure) of asset n to factor £, f.(4) is

the return of factor & at time f. 2, () the disturbance term of asset v at time £,

IFactor models have been widely used within the investment management field to quantifv a portfolio’s
returnt and risk characteristies. For example. they mayv be used for performance evaluation and attribution
or for portfolio risk optimization. Factor risk models. in particular. are of interest in this chapter as they
allow the risk of a portfolio to be decomposed into various risk sources. represented by risk factors. The

variance matrix of the asset returns at a particular time. ¢, is given hy:

1, =By, B+, (3.31)

Where B is the N x A exposure matrix, Sigmay is the N x N covariance matrix of risk factor returns.

is the NV x N diagonal matrix of the disturbance term variances (assuming the returns are uncorrelated)

A major advantage of factor risk models is that they offer a betier solution to the “curse of dimensionality™
problem. in that their use significantly reduces the number of parameter estimates required to construct
the variance matrix.  Given the formula in cquation 3.31 for a multi-factor model. one would require
Kk +1)/2+ (n+k)+n parameter estimates, where k is the number of factors and n is the number of assets.

For example. in the case of a 100-asset portfolio and a five-factor model. one would require estimates for
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615 parameters. as opposed to the 5050 estimates required with the sample covariance matrix. as discussed

carlier.

The risk factors can be estimated nsing cross-sectional or time series estimation. and most often. by some
combination of the two. Within cross sectional estimation. it is assumed that cach asset has a measurable.
known exposure (loading) to the factors. These exposures may he. for example. industry classifications or
style exposures ete. The returns of each asset are then cross—sectionally regressed on the factor exposures
and repeated over time to obtain a time series of factor returns [1510 With tiwe series estimation. the
factor returns over time are pre-caleulated and assumed known. and the factor exposures are estimated on

a stock-hy-stock basis [16).

There ave fowr main tvpes of factor models. i.e. The Market model. Macroeconomic Factor models. Fun-
damental Factor models and Statistical Factor models. The Marker model and the Macroeconomic Factor
Models are examples of models that utilize observed factor returns. while the Fundamental and Statistical

Factor Models atilize factor returns that are unobserved. and therefore the returns need to be estimated.

The Market Model The market model is the most simplistic model in that 1t has only one factor. i.c.
the market portfolio return. In keeping with cquation 3.30. the following one-factor model describes asset

n's excess return (over the risk free rate) in terms of the market portfolio’s return. ar time ¢ .

ro(t) = () = 3,00 )~ ]+ ) (3.32)

Where 1, (1) is the veturn of asset o at time £ 27 (4) is the return on a risk-free asset at time £..3, (1) is
the loading (exposure) of asset n to the market. Tt is referred 1o as the Market Beta. and measures the
covariation between the market and asset veturn. "' (¢) is the return on the market portfolio at time 1.
=, (1) 1s the disturbance term of asset 1 at time 7. In this model 1t is assumed that it has a zero mean. as

it is uncorrelated to the market returns and is asset specific.

To estimate the risk of the asset the market heta needs to he estimated using time series regression. An R-
squared statistic measures how much the variation in the asset’s excess return is explained by the variation
in market returns. However. as mentioned carlier. the market return is not the only factor that may explain
movements in asset’s excess returns. and it has been shown that the market portfolio is in fact poor at

explaining mwovements in individual asset returns [15).

The Macroeconomic Factor Model  Given that the country’s economy and some other global economic
forces influence companies and subsequently their assets” returns. macroeconomic factor models utilize
these economic variables. as factors. to try to explain the variation in asset returns.  Examples of these
macrocconomic factors are. interest rates. exchange rates. inflation. growth rates in industrial production.
ete.
One wayv of interpreting macroeconomic factors is that they influence companies in addition to and in-
dependently of the effect of the market. If viewed in this light. the macrocconomic factor model would.
as in the case of the market factor model, comprise the market portfolio return as its first factor. The
macrocconomic factors would then, because of their independent impact on individual assets, be a part of
the disturbance term of cach asset. This is represented by the equations below.

"zz(’) - ’f(t) - ‘f”(t)[l"”(f) - rf(f)] + Ell(f) (333)

and fu(’) = A,"n.l(t)fl (f) + ﬁ/u.‘_)(f)fQ(t) RaIPPE, oo P N (f)fl\'fl (t) + Un(t) (33‘1)
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Where r, (1) 1s the retwrn of asset noat time .04 (1) ix the return on a risk-free asset at time 1. .3, (1) is the
loading (exposure) of asset p to the market, (1) is the return on the market portfolio at time 1, £, () is
the disturbance term of asset noat time £.In this model it s no longer assumed that it has a zero mean.
Sfi(1) is the return on the Ath macrocconomic factor at tiime 1. =, ¢ (#) is the loading of the kth factor on

the nth asset. o, (1) is the specific return of asset nat time 1.

Alternatively the macroeconomic model can be viewed as a multifactor model. with cach factor tryving to
explain a portion of the variation in asset returns. This would be represented mathematically by equation
3300 where [ (7) would be the returns of the relevant & macrocconomic variables. and 3, (). asset n's

respective loadings for cach factor at time .

Fundamental Factor Maodels Some examples of fundamental factors are size. growth. dividend yvield.
price to bhook. industries. ete. While the exposures to these factors are measurable. their returns are
unobserved. With unobserved {actor returns. the values need 1o he estimated using information on their
exposures and asset returns. Again. this can be done using ecither the cross section or the tine series of
returns. A lincar cross sectional model 1s a popular factor model where the unobserved returns are based

on fundamental variables. and is represented inomatrix notation below citeLitterman.

R(Y = B~ DE() + ult) (3.35)

Where (1) s the N vector of one period asset retwrn, B — 1) s the N x A matrix of asset exposures
to factors as of time. F (1) is the A vector of one-period factor returns. w(t) is the N vector of one period

specific retirns.

Statistical Factor Models These models use various maximum-likelihood and principal-components
hased factor analvsis procedures oir cross-sectional /timie series samples of asset returns to identify the
factors in returns [8]. As a result. one of the major eriticisms of statistical factor models is that it is
diflicult 10 relate the statistically derived factors to intuitive cconomic variables. However. it is possible
to model other “observed” or defined factors. like value. growth and size ete. within a principal component
model. This is useful for handling nicasured exposures and controling the risk of those exposures.

Principal Component Analvsis (PCA)L is a multivariate procedure that reduces matrices of data to orthogo-
nal factors. These factors are thus independent or uncorrelated with cach other. These uncorrelated factors
are essentially linear combinations of the original variables and are ordered by reducing variability. Thus
the Tast of these factors can be removed with a minimum loss of data. thereby reducing the dimensionality
of the data while still retaining as much information as possible [3]. For this. however. it still needs to be
determined exactly how many of the principal components are siguilicant. The first principal component
explains the greatest amount of the variation and the second principal component explains the next largest

amount of variation. but it is independent to the first principal component. and so on.

As discussed by Litterman in Modern Investment Management [153]. the standard principal component

method to estimate factors is shown helow.
Assuming that specific returns are uncorrelated. the variance of R(#) is

V() =DB(t—1)B(t - 1T + A1) (3.36)

Where V(t) the variance of the asset returns, B(7 — 1) is the N x A matrix of asset exposures to factors as

of time ¢ — 1. A(#) is the diagonal matrix of residual returns.
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Assuming A(t) is siall enough to ignore.
V=B -0 -1 (3.37)

To estimate the exposures matrix. a sample estimator of V(#) is

! 1T N
Vit = o YRR ) (3.38)

PRt

By decomposing V(1) in terms of its eigensystem. the exposures matrix. . can bhe found

V() = Pinewmra’ (3.39)
Where (1) is N x N matrix of eigenvectors and py, (1) represents the nth cohumm of P(#). O(1) is NV x .\
diagonal matrix of the eigenvalues 6, (1) (n = 1......... N} as its elements.
By substitution. from equation 3.37 and 3.39 it follows that

BB = rmemru!

and the factor exposures matrix.f3 . is determined by the K largest cigenvalues and their corresponding

clgenvectors: ie.
1 )
D=PrPe 2= [\/51/11 NV Gap2 ()] [V O pr(T)] (3.10)

Given the estimate of B{f — 1). the factor returns. F(#). can be estimated by regressing R{t) on 3. which
LIves:
1

F(t) = (13 13) B R(t) (3.41)

Or

AT R()

ity

1 7
) = (1) ()
Fy=| vrw (3.42)

Vﬁl'/((’)lﬁ(”

Where 1)1\'(1)1 R(t) represents the With principal component of returns. From equation 3.42 it can be seen
that cach estimated factor return is a weighted average of the asset returns, where the weights ave given

by its corresponding eigenvector.

Shrinkage Estimators

The shrinkage concept was first introduced by Professor Charles Stein in 1955, and is thus sometimes
referred to as the Stein Estimator. Subsequently, Olivier Ledoit has also rescarchied and written several

papers on the mechanics and benefits of this type of estimation. as explained later in this section.

The main objective of shrinkage estimators is to reduce estimation error implicit in the use of covariance
matrix estimators for portfolio optimisation. Given previous rescarch in this field it is intuitively believed.

within the Finance profession, that the best model lies somewhere between an unbiased estimator (which
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would have a lot of estimation error) and a biased estimator (with little estimation error). One wayv of
obtaining this is to simply take a weighted average of the Diased and unbiased estimators. thereby pulling

the unbiased estimator towards a fixed target (Shrinkage target) represented by the biased estimator [13].

As discussed earlier. the most common unbiased estimator is the sample covariance matrix and it is esti-
mated using historical asset returns. The sample covariance matrix estimation requires a large number of
variance and covariance parameters to be estimated. when a large number of assets are under consideration.
Should the historical data available not be sufticient. the estimation of these parameters is riddled with
crror. T this case the estimation of the most extreme coefficients of the covariance matrix tend to take on
extreme values. that are not necessarily a true reflection of the dara. hecanse the estimates ave distorted by
an extreme amount of error. These error-ridden estimates may thus completely distort the results of any

mean variance optimization.

The shrinkage estimator transforms the sample covariance matrix by pulling the most extreme cocfficients
towards more central values. thereby reducing the estimation ervor where 1t is at its maximun, This
“shrinkage” process would reduce the extremely high estimates, which contain positive error. and similarly
pull the extremely low estimates, which contain negative error. upwards. However the key to this process

is determining the shrinkage target and the optinal shrinkage intensity [14].

As discussed by Ledoit and Wolf [14]. a shrinkage estimator has 3 main components. i.e. an estimator with
no structure (i.e. unbiased (the sample covariance matrix)). an estimator with a great deal of stracture (i.e.
biased (the shrinkage target)) and the shrinkage constant. Shrinkage thus results in a covariance matrix
estimate that is a compromise between the sample covariance matrix and the highly structured estimator.

and which performs better than either extreme. This is represeuted by the equation below.

Eﬁ/u‘luk — (SF + (1 - (5>Sv (;ls)

Where X000 the shirinkage estimator of the covariance matrix. Forepresents the shrinkage target. S
represents the sample covariance matrix and d is the shrinkage constant and 0 < 8 < |

The choice of shrinkage target mayv vary depending on its appropriateness to the optimization problem at
hand. Some examples are. the single factor model (market model). the multi-factor model or as discussed by
Ledoit and Wolf [14] the constant correlation model. The single-factor model and the constant correlation
model are discussed briefly helow.

The formula for the single factor or market model is shown below using the same assumptions as deseribed

carlier in the previous section.
I'n (f) — '))n (”[’JH (’)] + fn(f)

The covariance matrix can he estimated by running a regression of asset n's returns on the returns of the

market to vield the following estimator.

F = s,,bb" + D (3.44)

Whiere s,, is the sample variance of the market returns, b is the vector of estimated market factor loadings
and D is the diagonal matrix of residual variance estimates.

The “constant correlation model™ assumes that all pairwise correlations are identical. The common constant
correlation is estimated by the average of the sample correlations. and together with the vector of sample

variances. forms the shrinkage target. This is shown formally in equation 3.45 helow.
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Let gy 1 <7 < N <t < T denote the return of asset 7 during period 1. Assuming that returns are

independent and identically distributed over time and that they have finite fourth moments. the sample
"

average of asset /s return is j; = 4177 > yir. The entries of the sample covariance matrix {5 ) are given
11

by s

The sample correlation hetween asset 7 and s caleulated

o i
I,‘J’ = —
and the average sample correlation
No1oN
. 2
= B ; § E I
{(N=1)A /
=1 ju=t

Thus the Sample constant correlation matrix. F.shown in terms of the sample variances and average sample

correlation is:
Jii = siand fip = PSS (3.45)

The advantage of using the constant correlation model is that it is casilv implemented: however a major
disadvantage is that the model is not appropriate if assets are in different asset classes. This is a particularly
significant disadvantage with respect to the Financial industry, in which Pensions Funds play a major role.
in that various asset classes are ivestigated and utilised during optimization exercises {or diversification
purposes. Some of the other highlv structured estimators. like the multi-factor model. can cater for assets

in different asset classes and may thus be hetter shrinkage targets in these cases.

The other important input for shrinkage estimation is the shrinkage intensitv. quantified hy the shrinkage
constant. . As scen inoequation 3430 the shirinkage constant is a measure of the weight given to the
structured (biased) estimator. i.e. the shrinkage target. The shrinkage constant can be values hetween ()
and 1. and any value in this range would vield a compromise between the sample covariance matrix and the
shrinkage target. However. there is an optimal shrinkage constant that minimises the difference between
the estimated covariance matrix. using shrinkage estimation. and the actual covariance matrix. There are
several statistical techniques that allow one to obtain this optimal shrinkage constant. and the technical

detail of these can be found in Ledoit and Wolf [13].

The discussion in this section Las outlined a variety of methods in which one can estimate a covariance
matrix.  Each method has its respective advantages and disadvantages. and in some cases. a method
builds on another method in an attempt to address some of that method’s disadvantages. Ultlmately, it
is important that one understands the ins and outs of the methods. so that one understands the strengths

and failings of the outputs. and thus makes informed decisions as to which method best suits one’s needs.

3.5.2 Expected Return Estimation

Another important input into the optimization process is the expected returns of the assets or asset classes
utilised. The future is uncertain, and unfortunately we all do not have a perfectly accurate “crystal ball”
with which to predict what it holds and how it will affect our investments. With the many influences
on asset returns. like the state of the economy. exchange rates, inflation. ete. it is difficult to know the
true future returns of assets. Similarly it is extremely difficult to forecast a manager’s return or even

more importantly for pension funds, a manager’s relative return, given the different sources of value-add
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that managers utilize. Therefore one has to utilise estimarion techniques i order to obtain some expected

Teturn.

However with estimation. there is the inhevent risk that the estimate of the returm mav be very different
froms what the true return is. This potential error when used in an optimization process could be further
exacerbated Dy the problems implicit with optimization techniques and thus lead to distorted results. It is
with these problems in mind that many methods to estimate expected returns have arisen i an attempt

to minimize the error implicit in the return estimation.

Some of the various wavs in which to estimate expected returns are discussed i this section.

Average/Mean Returns

The simplest estimator for expected returns is the average. This average may be calculated by using daily.
weeklve monthly, ete periods. The choice of analvsis period however will largely depend on the amount of

data that is avatlable.

Standard Historical Average With this estimator. the expected return of the next period is the long-

rerm average of all the retwrn data used. This is calculated using the formula shown below:

X,
- /2] .
Elft] = (3.46)

Where E{1,_ ] i~ the expected return for the next period. X, the return data points for each period /7. such

that 7 = 1...\.

This estimation method is very dependent on the amount of data used in its caleulation. One of the major
disadvantages of this though is ensuring that one has sufficient history over which to draw conclusions. Tt
can be argued that the more history that is used. the more likely the estimate is to heing close to the true

value.

From equation 3.46 it can be seen that the historical average calculation allocates an equal weight to cach
of the historical data points used. Another concern related to this is. even if one has suflicient historical
data. is the oldest data still relevant to carrent times. It could be that there mav have been structural
changes. over the period being used. that have either changed the returns for the better or for the worse.
Equally weighting all this data may. in this case. lead to an incorrect estimate. Also the average expected

return is also prone to error if there are just one or two extreme events. either large or small [18].

Weighted Historical Average The weighted average method assigns a weight to cach of the data points
uscd in the caleulation. By choosing appropriate weights. this method can alleviate the concern about the
relevance of the older data and the impact this older data should have on the expected return estimates.
For this method. the standard historical average method is modified as shown helow.
i
> (wiXy)
i1 ~
ElR] = = (3.47)
> owy
i=1
Where w; is the weight applied to the ith data point, E[Ry ] is the expected return for the next period.
i 8 1 +

X, the return data points for each period i, such that i =1....\.
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Typically the most recent ohservation (1) receives the highest weighting and the weights then decrease based
on some. decided npon. constant decay rate or by some fixed value. However if all the weights don’t sum
to L. the calenlation would not really he an average. and thus to corveer thise eacli weighted data point is

divided by the sum of the weights.

Moving Average Returns

The moving average return estimate for expected returns aims to address the issue of using too much of
o o o

the older. possibly rrelevant. data that is expericnced when using average retirns.

Standard Moving Average As mentioned previously. the use of older. irrelevant data would distort the
expected retury estimate [21]. The moving average method decides the data period over which to caleulate
the expected return in advance. It thus omits a certain period of the history. The {ormula used is shown

helow:

FRg] = 25 (3.18)

Where E[R;. 1] is the expected return for the next period. X the return data points for cach period 7. such

that /1 =1 — n ...t and n is the number of most recent data points included in the caleulation.

Weighted Moving Average  With the use of the standard moving average as an estimnator. the problem
of using older data is addressed. However. the standard moving average sull equally weights all the data
points 1t nses for the estimation.

Even thongh the chosen amount of data (1) may be relevant to the calendation of the expected return. it
mayv still he better to give the more recent points in this history more consideration. and thus a higher

weight. than the earlier data [21]. The formula for this weighting moving average is shown below.

!
S,
ElRp] =" (3.19)
S,
ot-on

Where w, is the weight applied to the 71k data point such that /i = f—n .t F[R ] is the expected return
for the next period. X the return data points for each period 7 such that 7 =1 — ...t and 1 is the number

of most recent data points included in the calculation.

Hereo also as with the Weighted Average return method. the Sum of the weighted returns is divided by the

sum of the weights to ensure that the weights sum to 1. so that the average can be calculated.

Exponential Smoothing Exponential smoothing, sometimes referred to as the Exponentially Weighted
Moving Average. is another method used to estimate expected returns. This method is in some ways like
the weighted moving average method, except that it only requires that one parameter. a. which is a value
between ) and 1. instead of the various w;, be chosen in order for the weighting factors to be calculated.
Also. with the weighted moving average methods the weights decrease over the chosen range of history (n

to t) and the rest of the history is omitted, i.e. the older data has a 0% weight). Exponential smoothing
3 ) I 8
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ot the other hand allows for a mare gradual decrease in the weighting factors [1]. The formula nsed 1o

calculate the expected return for the next period is shown helow.

ElRyj]=ax Xy + (1 —a)x FR, {3.50)

Where E[R,- ] the expected return for the next period. E[R;] is the expected return of the current period.

Ay s the actual return of the curvent period and a is the optimal weighiting factor.

Asis evident by equation 3.50. the expected return for the next period is a proportion of the current return
and the arrent expected return. This formula however is recursive in that the current expected return is
also a function of the previous return and the previous expected return. ete. Equation 3.50 can thus be

Fe-wWritten as:
}‘:[R/+1] = {1 * A\Y/ + (] - (l) * [(l * A\v{ 1+ (1 - (l) * ]:1))/ 1} (331)

By continuing to substitute the previous expected returns formulas into equation 3.51 recursively. and

rearranging the terms. we obtain the following equation:

ElRv)=a*xX +a{l =o)X, +a(l - AN, o all =o' Ny g4 (3.32)

From equation 3.52 it can be seen that the expected return for the next period is just a weighted smn of
the historical returns. The weights are represented by the a and (1 — ) terms. Since ais a value between
0 and 1. (1 — ) is thus also a value between O and 1. and by multiplving these numbers together. the

owtcone is a smaller munber. This results in the weights getting smaller exponentially [21].

Any value within the allowed range can be chosen for a 1o calenlate the expected return for the next period.
However an “optimal” a can be caleulated such that the sum of the squared errors are minimized. The error
for cach period is caleunlated by subtracting the expected return for period 7 from the actual return for
period 7.

Choosing o 1n such a manner results in the expected veturn for the next period being. deliberately. fitted to
the past or historical data. This may be risky. considering the tagline “past returns are not an indication

of future returns™.

Reverse Optimisation

Asmentioned previouslv. the estimation of the expected returns used in optimization problems is critical to
the results obtained from the optimization process. It has been noted that the optimal solutions are very
sensitive 1o the expected rerurn inputs used [19]. and as a result it s erucial to obtain the best estimate of
expected returns.

While the methods mentioned previously have been methods of estimating the expected return using
listorical data to make an assumption of future returns. the reverse optimization method estimates the
expected returns in an indivect way.

In standard optimization problems. the objective is to solve for the optimal weights. »*, given in equation

1 1 J 1 & : 8 |

3.53. This optimal solution assumes there are no constaints imposed on the weights.

P St (3.53)
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Where 7 s the optimal portfolio weighrs<. representative of the average investor. E[R] is the veetor of
expected return estimates for the assets, ris the risk {ree rate return. represented hy some know return for

cash. A is the risk aversion rate and ¥ is the covariance matrix. generated from historical data.

In order 1o establish these optimal weights it is required that the expected return and covariance matrix
estimatoes. the risk free rate and the risk aversion rate are given. and thus nsed as inputs in the optimization

procedure.

For reverse optimization however. as the name suggests. the optimization procedure is reversed. Of the
WO main inputs to an optimtsation procedure. i.e. the expected return and covarlance matrix estimates. it
is assumed that the covariance matrix estimates are easier to estimate and get right. Thercfore here. the
expected retwrns need to be determined. while the other information s assumed to be given or known. The
expected returns ave thus “hacked out™ using the optimal portfolio weights. the covariance matrix estimates
and the risk free and risk aversion rates as inputs. For this procedure. equation 3.53 can again be used and

by rearranging the rerms. the equation for the expected retims is given by equation 3.5-1.

(E[R] — r) = AN0" (3.54)

The reverse optimization method makes use of the “stare of equilibrium™ assumption associated with
the Capital Asset Pricing Model (CAPM). The "market”™. which is seen as the universe of investment
opportunities. is assumed to be efficient and in a state of equilibrium (i.e. no arbitrage opportunities exist).
This condition of efliciency is important since it allows for the assumption that assets are fairly priced. The
cquilibrinm portfolio (market portfolio) is. as a result of its efficiency. assumed to be an optimal portfolio.
and thus using reverse optimization. the equilibrium expected returns are determined using, the market

capitalization weights [11].

This method of calculating expected return estimates allows for the wse of expected returns iimplied by
the market conditions. However its drawback is that it makes explicit use of the CAPMN assumptions,
which mayv not be appropriate in practice. The expected returns generated in this manner may be more

appropriate if a better or more realistic choice of “optimal portfolio™ were used.

Black-Litterman Model

While the Black-Litterman model is not a method by which to explicitly estimate expected returns. it doces
provide a method by which expected return estimates may be adjusted in keeping with more intuitive or
subjective views on the returns estimates. These views may also avise from additional in-depth research

into the companies for which accurate expected returns ave required to be estimated.

While the Black-Litterman model can be implemented to adjust various tyvpes of expected returns. Black and
Litterman used the model to adjust the expected returns of assets. This was done so that an investor would
be able to obtain better results when trying to create an optimal portfolio. Mean-Variance optimisation is

tyvpically used as the optimisation procedure to establish these optimal portfolios.

However. the use of Mean-Variance optimisation. with its inherent probleius relating to its sensitivity to
its inputs. as discussed previously, has resulted in substantial time and cffort being dedicated in trying
to establish the correct method of estimating expected returns and constraining the optimisation in order
to obtain reasonable solutions. As discussed by He and Litterman [10]. in practice. many investors find
that the value added from tryving to obtain these reasonable solutions doces not provide adequate benefit.

Black and Litterman make use of equilibrium returns as a starting point for the expected returns. These



cquilibrium returns are bhased on assumptions associated with the Capital Asset Pricing Model (CADPN])
and are derived Dy the process of reverse optimisation. as described earlier. These returns reflect the
market perception of the assets and since these perceptions may not be entirely appropriate in the light of
additional rescarch or information. adjusting thenr according to the investor’s specific views increases their

value in the optimisation procedure by making the estimates more appropriate.

An important part of the Black-Litterman model is defining the views and the contidence levels that an
investor has in their views. The views may be stated in absolute terms. by specifving an assets expected
retwrn exactly, or in relative terms. by specifving the extent to which one asset mayv out or under-perform
another asset. In the specification of the view. the investor must also specify the level of confidence that
they have in the view., The extent of the view and the degree of confidence in the view then ultimately
affecrs the optimal solutions obtained. since the weight in an asset increases as an investor hecomes more
hullish on the view and also morve confident in their view. Also the greater the level of confidence in a view.
the closer the asset’s adjusted return will be to the view. while the views with lower confidence levels will

result in the asset’s adjusted retwrn being closer to the initial expected return estimate.

The Black-Litterman model enables an investor to only specify returns on which they have a view. since
it allows for all the other expected returns to be adjusted away {from their values in a mauner consistent
with their underlving covariances and the views being expressed [7]. While the investor need not have a
view for every asset. the number of views is required to he Tess than the number of assets as a result of the

mathematies imvolved.

As shown in Tdzorek [11]. the Black-Litterman formula for the adjusted expected returns is shown in

cquation 3.55.

ER] =[(zY) "+ 0 'y ey T+ P Q) (3.55)

Where. for a case with n assets and & investor views. E[R] is a vector of the adjusted asset retuwrns (nx 1), X2
is the covariance matrix of returns (v x #). 7 1s the scalar which measures the uncertainty of the covariance
matrix. P is the marrix identifving the assets in which the investor has additional views (b x p). 11 is the
vector of nentral or market equilibrium returns (0 x 1), Q ix the diagonal covariance matrix representing

the uncertainty of cach view (b x k). (0 is a vector of the views (A x 1).

In order to understand how the formula works and how the adjusted expected returns are obtained. some

of the terms of the equation are explained briefiy.

The Black-Litterman model assumes that the error terms assoctated with the views are random. independent
and normally distributed. with a mean of zero. The variance of cach of these ervor terms is indirectly
proportional to the level of confidence of the view. These variances form the diagonal element of € with

its off diagonal clements equal to zero.

The assets” views expressed in the (O vector are matched to the relevant assets by the 2 matrix. The PP
matrix consists of k. (1 x 1) row vectors. where for an absolute view the respective row vector consists of
a value of 1 for the asset on which a view is being taken and zeros for all the other assets. For a relative
view the respective row vector consists of a value of 1 for the out-performing asset and a value of -1 for the
under-performing asset. while all the other assets have a value of zevo. and the row thereby swns to zero.
Depending on the papers being consulted. for cases where there ave more than one out or under-performing
asset. their value may either be equally weighted. i.e. equal to 1/uumber of out or under-performing assets
or they may be weighted according to their market capitalizations as a percentage of the total market

capitalization of the out or under-performing assets [11]. The scalar. 7. should in general cqual the average
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value of the variance of crror termns divided by the variance of the view portfolio.

From equation 3.55 it can he seen that the lirst part of 1he equation. [(7Y) 1+ P'Q-'P]7 s responsible
for adjusting the the assets” underlving covariances 1o incorporate the uncertainty of the views which are
being imposed. and can be considered as an effective covariance matrix. The second part of the equation.
[(7¥) M1+ P'Q7 1)) is responsible for combining the view with the initial equilibrium returns. by adding
the implied weight associated with the view to the implied equilibrium weight to obtain an effective weight
for cach asset. The combination of these two parts of the equation. i.e. the cffective covariance matrix
multiplied by the effective weight! is an effective reverse optimization process. from which an adjusted

expected return for each asset is obtained.

Thus. the Black-Litterman model is a method whereby an assets” initial equilibrium returns are adjusted

by imposing views in a manner consistent with the asset’s underlving covariances
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Chapter 4

Application of Risk Budgeting in a

Pension Fund Environment

For the purposes of this study. the processes required to demonstrate how risk budgeting would he imple-
mented within the pension fund environment have been carried out. It is the objective of the risk budgeting
process to allocate a pension fund’s assets to its chosen asset managers in a manner that allows for the

Fund to optimally utilise its risk budget to achieve the highest possible active return.

For the purposes of this thesis. optimisation has been utilised to obtain the various optimal solutions
available for the differing levels of relative risk. Furthermore. various situations have been assessed in this
chapter so as to accommodate as many plausible real life situations as possible. aud to establish how the
different situations impact on the optimal solutions obtained. The vesults of the various steps in the risk

budgeting process and the different situations assessed will he discussed in this chapter.

4.1 Description of the Process and the Data used

The first part of the Risk budgeting process requires an Asset Liability Modelling (ALN) exercise be carried
out. One of the main objectives of an ALN study is to determine the pension Fund's asset allocation. by
contemplating the trustees risk tolerance. Part of this process is also 1o find an appropriate henchmark
that could be considered representative of. or at least a good estimate of the Fund's liabilities. This choice
may be determined by considering the extent of the expected veturns that would be required to cover the
liabilities.

I practice the ALM process would require that a detailed liability modelling exercise be carried out.
This would entail taking into account mortality. morbidity and many other statistics in order to obtain
an estimate of the true habilities. Since this exercise falls outside the scope of this thesis. a simplistic
ALAM exercise has been adopted with assumptions made about the liabilities. It has been assumed that the
pension fund trustees are mainly concerned with minimising price volatility and thereby minimising capital
loss. For this required capital protection the minimum risk asset class would he short dated. low credit risk
cash.

However. it has been further assumed that the trustees are more risk tolerant and are willing to introduce

further risk into the strategy for a higher expected return. This may be achieved by investing in the generally
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more risky asset classes, like equity and bonds. As such. the industry asset class indices have been assumed
to he appropriate asset class benelhimarks for the Fund. Also the universe of allowed investients has been
assimed to be domestic only. thus excluding international benchmarks from the total Fund benchmark.
The benchmarks chosen are as follows: Equity - FTSE/JSE All Share Index with 504 downweighting in
Resources shares {ALSIS0R). Bonds - BESA All Bond Index (ALBI) and Cash - Alexander Forbes Money
Market Tndex (AFNMND). These asset class benchimarks have heen chosen because they are regarded as good

barometers of the asset classes concerned.

The mouthly return data for these henehimarks. {or the 3 vear period ending October 2004, was obtained
from RisCura. These returns were used i an optimisation process in order to arrive at an optimal total
Fund asset class allocation. The results of the optimisation and the subsequent choice of asset allocation is
discussed in the 7 Asset Allocation Results”™ subsection. ie. 12,1, later. Also it was decided to utilise the
Mean Variance optimisation technique for the various steps requiring optimisation in the risk budgeting
process. While some. possibly better. types of optimisation techniques do exist. mean variance optimisation
was chosen because it tends to be the most widelv recognised and understood optimisation technique. The

Mean-Varlance optimisations were performed using the Solver add-in to Microsoft Office Excel.

The subsequent step implicit in the Risk budgeting process would require that the Fund decide on an
investiment strategyv. The Fund would need to decide whether it would try to achieve its objectives using
passive or active management strategies. Assuming that the Fund would be willing to ineur some risk to
achieve excess returns. it was assumed for the purposes of this thesis that an active management strategy

would he pursued.

Once the investment strategy is established. the next step is to find the asset manager allocation. i.e. the
proportions in which the Fund's assets would be split among the various asset managers. From hereon. the
Risk budgeting process comes into effect. bhecause the Fund's decision to allocate to active managers will

offset the Fund's implied risk constraints established during the ALNL

In practice. the next kev decision would be to decide whether to give managers halanced mandates or
specialist mandates. This decision would also impact the list of suitable asset managers available to the
Fuud. For the purposes of this thesis. both the bhalanced and the specialist mandate scenarios will be
looked at. Varving situations of cach of these mandate scenarios have been assumed as plansible real-life
situations. and liave been analvsed to show how these diflering situations influence the level of mismatch
and selection risk and return that is introduced into the Fund's overall investment strategy. The different
situations and their results are discussed in section 4.2.2 and section 4.2.3 for the balanced and specialist

mandates respectively,

Before mandates are allocated. in order 1o narrow down the list of all potential asset managers to a final
select few. an in-depth asset manager selection process is nsually carried out. In the absence of this manager
selection process. it was assumed that the list of chosen asset managers was narrowed down to three. These

three asset managers will henceforth be referred to as Manager AL Manager B and Manager C.

For each manager. their monthly specialist equity. bond and cash portfolio returns were obtained from
RisCura. for the 3 vear period ending October 2004, These returns would be used for the specialist mandate
cases. while for the balanced mandate cases. the three asset class returns of cach manager were combined to
obtain a balanced portfolio return for that asset manager. The active returns for each manager’s specialist

or balanced portfolios were calculated relative to their respective benchmarks.

In the final step in the risk budgeting process, the active return for each manager is used in an optimization



to establish the optimal Fund's allocation to these managers. given their respective risk and return char-
acteristics. Witlin cach mandate tvpe the differing scenarios have been used in order to demonstrate the
active and mismatch risks and returns that are incorporated in the strategy by choosing active managers
who may have differing weights to the Fuud's benelhiark or entively different benehimarks, The risk bud-
geting optiinisation formula that splits the risk and return into the mismateh and selections components
was used to show the impact the scenarios had on the levels of mismatelr and selection risk and return

introduced.

The entire (sunpliied) process looked at here can be summarized. showing the ineremental risk introduced
by each of the various steps. thereby nltimately making up the pension fund’s risk budget. This is shown

in Figure 4.1

The graphs illustrate the rand values (in thousands) of the cashiflows paid to members through time. denoted

by time periods 110 15.

The first graph shows the cashflows of the true liabilities. While this is generally the stinting point for an
ALM study. these cashflows are actually only truly established as they oceur. and are snbject to real life
and the specifies of the fund. Some of the risks can be insured. and so the profile can be altered somewhat

at i COst.

The second graph shows the cashfiows generated by the estimation of the Habilities. "a” shows the in-
cremental risk introduced into the process at this carly stage as a result of the mortality, morbidity. ete
assumptions used in the estimation. The extent of “a” should be small provided that the best estimation

was obtained. It mayv be even smaller i re-insurance is introduced into the fund.

The third graph shows the cashflows of a risk neutral benchmark for the estimared liabilities. Due to the
flexibility of the swap and fixed interest markets. their cashflows are very similan 1o the estimate and the

risk introduced by thix process. as indicated by DL is potentially neghgable.

The cashflows of the fourth graph. show the result of the asset allocation selected Dy the trustees and could
differ significantly from that of the risk neutral benchinark. This strategic benchmark nay include more
risky asset classes like equities and bonds and thus the risk introduced. “¢’. could be expected to be vary

depending on the trustees risk rolerance.

The final graph shows the cashflows obtained from the final investment strategy implemented by the
trustees. If this strategy were purely passive its cashflows could be expected to be very similar to that of
the strategic benchmark., On the other hand. should an active management strategy be implemented. as
is done for this thesis. it is crucial to ensure that the risk introduced at this stage. "d’. bhe minimised by
optimising the manager allocations such that the mismatch components of risk and return intvoduced are

kept low.

Each step in the process introduces further risk relative to the original or true lability strueture of the
fund. The risk budgeting process attempts to quantify and classify these risks. as well as allocate the total
risk to buckets of risks in each step to an extent that the trustees are comfortable. This will in cach case
be determined by the nature of the specilic risk, and the extent to which it can he estimated and profited
from. In this thesis we have simplified some of these steps.

Monthly returns have been used throughout the process in order to calculate the inputs for the optimization

process. it was thus decided that the results would also be represented using monthly numbers. While in

practice a Fund would generally look at annualised estimates. there is no need to do so here as a comparison
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can be made on the monthly estimates. The vesulting monthly estimates could. if required. be changed to

represent annual estiimates.

4.2 Analysis of Risk Budgeting Results

Before getting started with the actual risk hudgeting process. detailed analvsis was done to assess the effeets
of the varions tvpes of covariance matrix and expected return estimators on Mean-Variance optimization.
This initial analysis was performed so that a choice could be made. from the various estimators assessed.
ax to which would be most suitable and stable to use in the application of the Risk budgeting process. This
analvsis and the discussion of the results thereof have been included in the appendix. The expected return

and covariance matrix estimators chosen for use in the risk budgeting process are discussed below,

From this analysis it was decided that weighted average returns. with a Black-Litterman adjustment would
he used as the expected return estimator. The weighted returns were chosen because it would he more
appropriate to give more credence to the most recent returns rather than the older returns. For example,
a manager could have undergone major structural changes over the period being analvsed. which could
thus nullify the existence of any exceptional or poor returns that may have existed previously, The linearly
weighted retwrn methodology with the constant decay factor of L‘ shown Dy equation A1 and used for
Seenario 2a. was utilized for the entire risk budgeting process. The weights derived from this were applied

across all asset ¢lass benchmarks and for all the individual manager retinrns nsed.

The Black-Litterman model has. here again. heen adapted to apply to the adjustinent of the expected
returns for asset managers. The inclusion of the Black-Litterman adjstment allowed for the inclhision
of a4 view which mayv be based on gualitative or other subjective information. thereby providing a better
estimation for the manager’s all round skill. The various views used for the different situations looked at

will he discussed as they arise.

The Ledoit covariance matrix was chosen as the preferred covartanee matrix estimator for the Risk Budget-
ing, process. This was as a result of it heing able to address the dimensionality problem associated with the
Satple covariance matrix estimates and for heing a generally more stable estimator. Also. as established
by the analvsis performed. the optimization is more sensitive to the expected return inputs and thus it was
decided that it would not be necessary to weight the returns used for the covariance matrix estimate. since

the expected return estimates were to be weighted in any case.

As explained in the previous chapter. the function used in the optimization to determine the optimal allo-
cation to the chosen managers is broken down into its mismatch and seleetion risk and return compounents.

This function. as shown in equation 3.18. has been replicated below.

MarUy =[N =y + 0 a = A4 X = hySe " N =0y 4+ 07y

Where a, is the vector of managers’ expected selection alphas. ¥ represents the covariance matrix of
sclection alphas. Ay is the risk-aversion factor to active risk. rp is the vector of expected returns for the
asset class henchmarks, g vepresents the covariance matrix of asset class benchmark returns. X is the
matrix of managers” asset class benchmark weights. by, is the vector of Fund’s benchimark weights and £ is

the vector of Optimal Managers™ weights, arrived at and solved for during the optimization process

Please note that in the following sections that describe and discuss the results of the asset allocation and

manager allocation steps of the risk budgeting process. the results are shown as monthly estimates. and
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thus show smaller risk and return results than would be expected hiad the results been annnalised.

4.2.1 The Asset Allocation Results

Using the input estimators chosen. and mentioned above. an optimal asset allocation was required. This
sections discusses the results obtained and the ultimate optimal solntions chosen. As mentioned previously.
the Fund's underlving strategic asset class benchmarks were chosen 1o be the ALSIS0R as the equity
benehmark. the ALBIT as the bond benchmark and the AFNMN as the cash benchmark.,

The iputs used for the optimization are shown in Table 1.1 and Table 1.3, while the optimal results obtained
from the optimization are shown in Figure 4.2 by the efficient frontier and the area graph. showing the

various optimal asset class allocation solutions.

ALSI50R | ALBI AF]W\I}
159% | 1209 | 0.8a0 |

Table 4.1: Expected Retwrn estimates for Asset Allocation

The Black-Litterman views applied to these expected return estiiates are reflected in Table 120 These are

the same views as applied to and discussed for Scenario 3a.

View | Confidence
Equity outperforms Bonds | (/. /()i 60.007%
Equity outperforms Cash (. 7(7’/ 70.00%
Bonds outperform Cash 0.304 0000

Table 1.2: Black-Litterman Views applied for Asset Allocation

For the Ledoit covariance matrix estimator. the single factor market model was again used as the estimator

towards which the sample covariance matrix estimates would be shrnk. as scen with Scenarvio .

ALSIS0R ALBI AN
ALSIS0R 0.002546  —0.000056  —0.000019
ALBI —-0.000056  0.000425 (1.0000DOS
AFNN] —(LO0O00TY  0.00000K 0.000003

Table 4.3: Covariance Marrix estimates for Asset Allocation

The use of these inputs in the optimization gives rise to the optimal asset class allocation options and their

respective risk and expected return estimates shown in Figure 4.2,

The most appropriate asset class allocation should be chosen from the various optimal solutions obtained.
This allocation would serve as the Pension Fund's strategic benehmark. the basis upon which the Fund's
investment strategy would be built.

For the purposes of this study. an optimal solution that included an allocation to all 3 asset classes was
chiosen to represent the Fund's strategic asset class allocation. This allocation choice and its accompanying

portfolio risk and return levels are shown in Table 4.4.
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F]’ortfolio Risk \ Portfolio Return | Equity Allocation \ Bond Allocation | Cash Allocation \
| s 1.27% 24019 | 68.8.1% 7.16% |

Table 4.4: The Fund's chosen Optimal Asset Class AHocation & Tts Expected Risk and Return Character-

Istics

Having decided on the optimal asset class allocation. the next step is to decide how to allocate mandates to
the assot mwanagers so as to best achieve the objectives implicit in the choice of the strategic benchmark. As
mentioned earlier during the outline of the process. it was decided to investigate the effeet of allocating hoth

active balanced. as well as active spedialist mandates to a pre-approved selection of three asset managoers.,

The percentage allocation of the total Fund's assets to the managers would be decided on via an optimization
process. o as to minimize the mismatch and selection active risk included into the strategy with the
incorporation of the managers™ active management stvles. The same asser class allocation (as shown in
Table 1.4) will be used as the Fund's strategic benehmark allocation for both the balanced mandate and

specialist mandate sitnations that are assessed.

4.2.2 Balanced Mandate Results

This section assumes that a pension fund would consider allocating halanced mandates to all its chiosen asset
managers. In order to establish the optimal allocation to cach manager given the balanced portfolio that
they propose the Fand invest in. five different situations were assessed to establish the levels of mismateh
and selection active risk and return that are introduced by cach. This analvsis will enable a pension fund
to allocate its assets in a manner that would vield the best possible return for the amount of additional

risk that it is willing to take on.

As mentioned carlier. in order to obtain a balanced fund return for cach of the chosen three asset managers.
their specialist asset class returns were combined. Similarly, to obtain a balanced henchmark return for
cach manager. the relevant asset class henehmark returns were combined. The allocations used to combine
the managers” specialist returns and the managers” henchmark returns have been varied 1o produce the
different situations. The asset allocations used will be shown when discussing the relevant situation in more

detail.

In the caleulation of cach manager’s balanced retuwrm. for every month of the analvsis period. the same
asset allocation was used to calculate that month’s balanced return. This results in the assumption that
the managers” asset allocations were rebalanced monthlv to the chosen allocation. Similarly the managers’
benchmark asset allocations and the Fund’s henclunark asset allocations were also assumed to be rebalanced

monthly.

The expected return estimate for cach manager was calculated from the monthly weighted active returns
for cach manager. First. each manager’s monthly specialist asset class returns and their respective asset
class benchmarks returns were weighted according to the weights derived from using the linear weighting
methodology deseribed in detail in the appendix. These weighted manager and manager benchmark asset
class returns were then combined. using the different asset allocations for each situation. to obtain the
monthly weighted balanced manager and manager benchmark returns. The monthly weighted active mau-
ager returns were calculated from these returns, by taking their geometric differences. The sum of these

monthly weighted active returns vield the expected return estimates.

(11
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The geometrie differences were caleulated as shown in equation 4.1.

14+ MR
ActiveReturn = y _

(1+ BR) t1)

Where M I represents the manager’s return percentage and BR represents the benchmark return percent-

3

age.

The expected return estimates were then also adjusted by imposing the Black-Litterman views. The same

Black-Litterman views were used for every balanced mandate situation. and arve shown in Table 1.5,

View | Confidence
Manager A outperforms Manager B | 0.0/ 80.00%.
Manager A outperforms Manager C | 0.704 70.004
Manager B outperforms Manager C | .30/ 50.00%

Table 4.5: Litterman Views taken for all the Batanced Mandate Situations

The covariance matrix estimates for managers was derived from the monthly original balanced active returns

for cach manager. as discussed carlier. These were used to calculate the Ledoit covariance matrix estimates.

As an overview. hefore the results of cach situation are discussed. the efficient frontiers obtained for the
five balanced mandate situations were plotted on the same graph so that their respective optimal solutions’

active risk and return profiles could be compared. This can be seen in Figure 4.3,

It is immediately obvious from Figure 1.3 that the differences in the construction of the situations result in
different optimal solutions for the most part. The reasons for the optimal solutions differences will hecome

clearer during the analvsis and discussion of cach situation’s results.

In the following situations where the managers asset allocations and their” henehimark asset allocations have
been varied. please note that the allocations used have been avbitrarily chosen for illustrative purposes in
order to show their impact on the final optimal results. The allocations could well be entirely different in
practice. but. for explanatory purposes. the allocations used were chosen so as to provide differing plausible
sitnations. It is important to note that the results obtained for each sitnation are thus depeudent on the

allocations used. and could bhe entively different should the allocations be drastically alteved.

Situation A

For Situation A, the manager asset allocations and their benchmark asset allocations were chosen to be
exactly the same as the Fund's benchmark asset allocation {see Table 4.4). All three managers and their
benchmarks were assumed to have the same allocations as those shown in Table 4.6, Also it has been
assumed that the managers” henchmarks are composed of the same underlving asset class bencehmarks as

the Fund's.

Situation A

Equity Allocation

Bond Allocation

Cash Allocation

U’lying Bench

Managers allocation

24.01%

68.83%

7.16%

Managers

allocation

Benchmark

24.01%

68.83%

7.16%

same

Table 4.6: Manager and Manager Benchimark Asset Allocations for Situation A
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The expected retinrn and covariance matrix estimates used in the optimization are shown in Table 4.7 and

Table 4.8 respectively.

Manager A | Manager B | Manager C
0.35% 0.12% -0.13%

Table 4.7: Expected Return estimates for Situation A

Manager A Manager B AManager ¢
Manager A [ 0.00002030 0.00000421  —0.00000216
Manager B | 0.00000421 0.00001780  —0.00000059
Manager C \ =0.00000216  —0.00000059  0.00001819

Table 4.8: Covariance Matrix estimmates for Sttuation A

The active risk and return characteristies of the optimal solutions available for Situation A have heen shown
by the Efficient Frontier in Figure 4.4, while cach solution’s optimal manager weightings are shown by the
arca graph below it. The third graph shows the solutions™ total active risk hreakdown. by percentage. into
itx component mismatceh and selection risks. while the fourth graph shows the solutions breakdown. by
percentage of total active returi into mismateh and selection retuwrn. All these graphs Lave been drawn
using total active risk as thenr x-axis values. so that they may be comparable for cach level of total active

risk. The results for the other four balanced mandate situations will also be represented in this manner.

The optimal manager allocations for Situation A's lowest risk level are 30%. 30% . and 0% 1o Manager A.
Manager Booand Manager C respectively. As the risk levels inerease. Manager A'x allocation ncercases to
100% at the highest risk level. while the allocations of both Manager B and Manager O decrease 10 04 at

this same risk level.

Sinee Situation A uses exactly the same manager henchmark asset allocations and henchmark constituents
as the Fund it would not introduce any mismatch visk or return into the Fund’s investment strategy. This
situation will however still incorporate selection risk and retwrn into the Fund's straregy, as aoresult of the
managers active investment philosophies. The selection visk and veturn generated for this situation would
account for only the managers” stock selection skills since the asset allocation effects are omitted since the

managers and their benchimarks™ allocations arve the same.

It is important 1o remember that while this situation does not contain any mismatch risk relative to the
Fund's strategy. the selection risk introduced is still an additional risk that the Fund is required to manage.
The Fund may choose to do so by imposing restrictions on exposures or by setting risk limits in the mandate
that it ultimately gives to the managers. The managers are then compelled to carry out their investment
decisions within those guidelines in an effort to contain the levels of active risk introduced into the overall

Fund strategy.

Situation B

For Situation B. like Situation A, the manager and manager benchmark asset allocations were chosen to
be exactly the sane as the Fund’s benchimark asset allocation (see Table 4.6). All three managers were
assumed to have these same asset allocations. The only difference between Situation B and Situation A is

that Situation B uses the FTSE/JSE All Share Index (ALSI) as its managers” equity benchmark instead
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Figure 4.4: Situation A’s Optimal Solutions and their Active Risk and Return Component Breakdown
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of the ALSISUR. 1is hond and cash nunderlving henehmarks. i.e. ALBI and AFMNL are the same as those

used for the Fund. and also Sitnation A.

In practice. a Fund would not necessarily only choose an asset manager where the manager’s internal
benelmark exactly matches the Fund's. Should this kind of limitation exist. and assuming that only
a small number of managers with the required benchmark exist. it would be impractical since it would
severely reduce the overall number of asset managers available from which the Fund could choose. Further.
this liniitation could also possibly unnecessarily prejudice the Fund's return potential by excluding a large
nunber of potentiallv excellent asset managers. With this in mind it was decided to introduce a different

cquity benchmark as o means of establishing the extent to which the optimisation results could he affected.

Tables 4.9, 410 and Figure 4.5 show the inputs and the subsequent results obtained for Situation 13.

Manager A | Manager B | Manager C "

0.44% 0.21% NV

Table 1.9: Expected Return estimates for Situation B

Manager A NManager 3 Manager €
NManager A 0.00003269 0.00001522  —(L.OOGOO 193
Manager B | 0.00001522 0.00002842 - 0.00000391
Manager C\ —0.00000493  —0.00000391  0.00000257

Table 4.10: Covariance Matrix estimates for Situation 3

From Figure 1.3 it can be seen that the risk and return ranges of Situation B's optimal solutions are wider
than those of Situation AL as a result of the inclusion of a different equiry henehmark 1o the Fund. Also on
comparison of the optimal manager allocations for Situation A and Situation B. it can be seen that there
are very distinet differences. as a result of the diflerences in the expected return and covariance matrix

estimates for the situations.

This is expected given that we have already establishied that the optimisation is very sensitive to changes

in its inputs. particularly its expected return estimates. The managers” beneliark would, i this situarion,

have different monthly and weighted average returns to those in Sitation Ao As a result. the managers’
B [}

active returns. used to caleulate the expected return inputs for the optimization. are very different to those

i Situation AL and thus give rise to different expected return estimates,

For Situation B. the manager allocations at the lowest risk level (much lower than that of Situation A)
are 11V 9% and &0Y to Manager AL Manager B and Manager C respecetively. Manager A's allocation
imcreases to 100%0 as the risk increases to its maximum. while the other two managers” allocations decrease
to Y. Also for Situation B. Manager C has a significantly greater weight and Manager B a significantly
lower weight at cach risk level than they have in Situation A.

For Situation B the introduction of the different equity henchmark affects just the selection component
of active risk and return. since the mismateh component is only affected hy changes in the asset class
allocations. The underlving benchmark change thus does not affect the total active risk and total active

return’s component composition, and it remains at 100% in the selection component of cach.
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Figure 4.5: Situation B’s Optimal Solutions and their Active Risk and Return Component Breakdown
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Situation C

For Situation C. the manager and manager benchmark asset allocations were chosen to be ditferent to the
Fund’s benchmark asset allocation. but the managers were assumed to have the same asset allocations
as their benchmarks., Al three managers were assumed to have the same asset allocations as shown in
Table 111, Also. sinee the effect of having a different underlving benehmark to the Fund has heen seen in
Sitnation B. for the rest of the situations it has been assumed that the managers” benclinarks ave composed

of the same underlving asset class benchmarks as the Fund's.

Equity Allocation B(;l Allocation | Cash Alloca;ion U’lying Bench

30.00% 60.00% ] 10.00%
30.00% 6000 10.00%

Situation C

Managers allocation

Managers Benchmark same

allocation

Table 4.11: NManager and Manager Benehmark Asset Allocations for Siruation €

For this situation. it has been assumed that the Fund has allocated mandates that have a different manager
benehmark asset allocation to the Fund's henchmeark. This tvpe of mandate will introduee a component of
mismatch risk and return into the Fund's strategy, in addition to the selection risk and return that exists
as o result of the managers” active investment styles,

Tables 1.12. 1,13 and Figure -1.6 show the inputs and the subsequent results obtained for Situation C.

\Y A l\lanage;‘*Bv ’

Tanager Manager C
. o H .
0.39% 0.13% | 0145

Table 4.12: Expected Return estimates for Situation ¢

Manager A Manager BB Manager ¢
Manager A 0.00003064 0.00000458  =0.00000463
AManager B 0.00000458 0.0000207%  =0.00000208
Manager O\ —0.00000H63 - 0.00000208  0.00002775

Table 4.13: Covariance Matrix estimates for Situation ¢

From Figure 4.3 it is apparent that Situation (s optimal solutions all have higher risk levels than those
of Situation A. and in fact they share no common risk level. At Sitnations C's lowest risk level solution.
which ix already higher that Situation A's highest risk level. the manager allocations arve 27%. 37% and
37/ 1o Manager AL Manager B oand Manager C respectively. At Situation C's highest risk level solution

the optimal allocation is 100% ro Manager AL

In keeping with its higher risk levels. Situation C also has higher return estimates than Situation A for each
of its optimal solutions. This is expected given that the Fund would expect 1o adequately compensated. in
the form of higher returns from Situation (s solutions. since these solutions introduce higher active risk
levels into the Fund's overall strategy.

Thus far all three of the situations that have been looked at have had 100% allocation to Manager A at
their respective highest risk levels. This would indicate that Manager A is the most risky asset manager of
the three used in these analyses. This is also evident from its higher variance estimates in the covariance

matrices. Manager A is however providing good returns for the Fund. as evident by its high expected return
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estimates, From this it can be concluded that Manager A is providing hetter risk-adjusted retwrns at the
higher risk levels relative to the other managers. thereby explaining, its inereasing allocations at the higher

risk levels of cach situation.

Also. when looking at the results shown in Figure 1.6 1t is immediately obvious that Situation Cis different
from Situation A and Situation B in that its total active risk and return comprise both the mismateh and
sclection components. The mismatch risk and return components are introduced as a result of the difference

in asset allocation between the Fund's henchimark and the managers™ henchmark.

Looking at the visk components. it can be seen that mismatch visk is a significant portion of the total active
O o
risk for each of the optimal solutions. showing that the allocation differences between the managers™ and

the Fund's benchmarks should be an important consideration in a Fund's mandate construction.

For the return components however, the mismateh return component is fay smaller than the selection return
component. The results show that the differences in manager benchimark and Fund benchimark allocation

in Situation C does not affect the Fund's returns as much as the selection return component does.

Situation D

For Situation D. the manager and manager henchmark asset allocations were chosen to he dillerent o
the Fund's benchmark asset allocation. and in addition the managers” asset allocations were assumed to
be different to their benehmarks, All three managers were assumed to have the same asset allocations as
shown in Table 4.14. Also it has been assumed that the managers” benchmarks are composed of the same

underlving asset class benehmarks as the Fund's,

Situation D Equity Allocation | Bond Allocation | Cash Allocation | U’lying Bench
Managers allocation 45.00% B 50.00% 5.00% ]
Managers Benchmark J().(NN).% - 60009 10.00% sun;ﬁ
allocation )

Table 4.14: Manager and Manager Benchmark Asset Allocations for Situation D

For Situation D. like with Situation C. it has been assumed that the Fund has allocated mandates tha
have a different manager benclhiark asset allocation to the Fund's henchmark. The difference hetween
Sttuation €' and Situation D however. is that it for Situation D it has heen assumed that the managers’

asset allocations are different from their benchmark asset allocations.

This difference in manager and manager benelimark asset allocations will bring in an element of the man-
apers” asset allocation skills as well as their stock selection skills in attaining their active returns. In practice
the managers” asset allocations would be continually changing. in keeping with their views and market con-
ditions. and all managers would not typically have the same allocations. For this situation however. while
not cutirely practical. it is hoped that it will still be able to provide some idea of the returns generated

from the managers™ asset allocation decisions.

Tables 4.15. 4.16 and Figure 1.7 show the inputs and the subsequent results obtained for Situation D.

Manager A | Manager B | Manager C
0.55% 0.24% -0.09%

Table 4.15: Expected Return estimates for Situation D
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The expected return estimates for Sitnation D (in Table 4.13) are somewhat higher than those for Situation
C (in Table £.12). indicating that the change in the managers” allocations velative to their benchmark

allocations has contributed positively to the managers” active returns,

Manager A Manager B Manager €
Manager A f 0.00007372  0.00003214 0.00005734
Manager 31 0.00003214  0.00007551  0.00007968
Manager €\ 0.00005734 0.00007968  0.00019307

Table 4.16: Covariance Matrix estinates for Situation D

In Figure 1.3 it is apparent that Situation D’s optimal solutions all have higher risk and return levels
than those of Sitnation C. and in fact they share no common risk or return level. The change in the
managers” asset allocations relative to their henchmarks hias thus resulted in higher risk solutions with the

compensating higher return levels.

Another distinet difference between Situation D and Sitvation € is that Situation D's solutions have al-
located 0A to Manager C at every risk level. The optimal manager allocations are some combination of
NManacer A and Manager B for each risk level. The solutions range from an allocation. at the lowest risk
o o S
level, of 17% 1o Manager A and 53% 1o Manager B. and as the risk level inereases. Manager A's allocation
o Ie) o

increases to 100 at the highest risk solution.

On comparison of the results for Situation IY and Situation € it is noticeable that Situation D's mismatch
risk percentage is lower than Situation (s, This may be as a resulr of there being only two managers
included in the optimal solutions, The mismatch risk that would have been introduced with the third
manager is excluded. since its allocation is 04 for every level of risk. Also the selection components are
greater due to the large difference hetween the managers™ asset allocation and the managers” benchmark

asset allocation generating a greater deviation from the benchmark™s return. e a greater active return,

Situation E

For Situation E. the manager and manager benchmeank asset allocations were again chiosen 1o be different
to the Fund’s benchimark asset allocation. The difference between Situation D and Situation | is. for
Situation E cach manager’s asset allocation was asstuned to he different to their henclhunarks, The managers”
benchmark asset allocations were all assumed to be the same. in keeping with the assumption that the Fund
allocated to each manager the same mandate within which to applyv their respective skills. The managers
and managers” benchmark asset allocations are shown in Table 4.17. Tt has also been assumed that the

managers” benclimarks are composed of the same underlying asset class henchmarks as the Fund's.

Situation E Equity Allocation | Bond Allocation | Cash Allocation | U’lying Bench
| Manager A allocation 50.00% 15.00% 5.00%

Manager B allocation 40.00% 55.00% 5.00%

Manager C allocation 48.00% 50.00% 2.00%

Managers  Benchmark 43.00% 50.00% 7.00% same

allocation

Table 4.17: Manager and Manager Benchmark Asset Allocations for Situation E
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Tables 418 4.19 and Figure 1.8 show the inputs and the subsequent vesults obtained for Situation E.

‘ Manager A | Manager B w Manager C ‘
05 0175 | 024

Table 4.18: Expected Return estimates for Situation 12

Aanager A Manager B Manager ¢
Manager A/ 0.00006674  0.00000135  —0.00000258
Manager B [ 0.00000135  0.00003895  —0.00002102
NManager C\ —0D.00000258  —0.00002102  0.00009386

Table 4.19: Covariance NMatrix estimates for Situation D

When looking at the efficient frontier comparison (Figure 4.3). Situation E's optimal solutions all have
miuch higher risk levels and also a wider return range than the other situations and particularly Situation
D. The managers” henchmark asset allocation. whicl is quite different from the Fund’s benchmark asset
allocation. is a major contributor 1o this. Since the managers” henchmark incorporates far more equity.
which is considered the more risky asset ¢lass as a result of it's more volatile retwrns. and has less honds
and cash which are usnally considered less risky: it is understandable that the solutions risk levels should
be higher. In keeping, with the concept of the risk/return tradeoff. to compensate for the solutions” higher
risk Tevels the solutions return levels would also have to he higher. The managers” asset allocations which
are bets around their benchmanks, still also contain much higher allocations to equity than the Fund's

bencehmark asset allocation. and thus also contribute to the higher risk solutions obtained.

The solutions” optimal manager allocations start at the situation’s lowest risk level with an allocation
of 21%. 51% and 27% to Manager A Manager B and Manager C respectivelv, and as the risk increases
Manager A's allocation increases to 100% at the situation’s highest risk level, while the other two managers’

Hlocations decrease 1o 0.

On comparison of the results for Situation I5 and Situation D, it was noticed that the magnitude of the
misniatch for risk and return are greater for Situation 2. In Situation E. the mismateh risk is the largest
compounent of the solutions™ total active risk at every risk level solution. The mismatch risk percentage
in this situation is far greater than that of Situation D hecause all three managers have received positive
allocations for most of the optimal solutions.  Also the extent of the differences hetween the managers’
benchmark and the Fund's benclhinark asset allocations is greater for Situation I than for Situation D

thereby leading to a greater mismatch.

The mismatcel return component for Situation 12 may also he similarly atfected hy the positive allocation to

all three managers. and thus its greater mismateh return component than Situation D's is understandable.

Having discussed the impact of the different balanced mandate situations on the mismateh and selection
components of risk and return and the varying optimal solutions that the situations give rise to. the specialist

mandate situations and their impact on the optimisation results are now considered.

4.2.3 Specialist Mandate Results

Here it has been assumed that the pension fund would consider allocating only specialist asset class man-

dates to its chosen managers. For the specialist mandate option also. five different situations were looked at
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to establish their impacts on the optimal asset manager allocation in ters of how they affect the mismatch
and selection components of risk and retwn. The managers” specialist asset class returns were used in
the optimisation. The managers™ specialist asset class portfolio retirns represent the managers™ portfolio
managenent skill for the respective asset classes. e, Equity, Bouds and Cash. The key difference between
the specialist mandate situations and the balanced mandate situations is that the manager only receives
an allocation if one of its specialist asset class portfolios receives a positive allocation via the optimization

Process,

Also should any of a manager’s specialist asset class portfolios receives an allocation it implies that the
manager has been allocated a mandate to manage a portfolio of assers in that asset class onlv. I a manager
receives for example. an allocation to two of its specialist asset class portfolios. the manager is obligared
to manage the money from cach of these allocations entirely separately in their respective asset classes.
The manager may not use or combine the money it receives for specialist portfolios to manage a balanced

portfolio.

The expected return estimates for cach manager’s asset class portfolio was again calculated from the monthly
weighted active returns for cach manager. Each manager’s monthly specialist asset elass returns and their
respective asset olass benchmarks returns were weighted according to the weights derived from using the
lincar weighting methodology deseribed previously. The monthlv weighted active manager returns were

calculated from these returns. by taking their geometric differences.

The sum of these monthly weighted active returns vield the expected return estimates. The expected return
estimates were then also adjusted by imposing the Black-Litterman views, The views will he discussed

during the detailed analvsis of the situations” results.

The covartance matrix estimates for the managers were derived from the monthly original (unweighted) ac-
tive returns for each manager. The geometrice differences of the managers” and their respective benchmark’s
monthly returns resulted in the managers” monthly active returns. which were used to caleulate the Ledoit
covariance matrix estitnates for the optintsation. In order to cater for the Managers™ specialist portfolio
iaunes. a shorter naming convention was used. Manager A NManager B oand Manager C ave represented by
their associated letrers oo AL B and C which appears before the asset class tvpe of the specialist portfolio.
Leo Equitv. Bonds or Cash. For example. NManager A's specialist equity portfolio is called "A-Equity™ and
<imilarly Manager (Vs specialist cash portfolio is called "C-Cash’. This notation has been used thiroughout

the discussion on the specialist mandate situations.

Since cach manager’s asset class portfolios are specialist portfolios. their benehiarks are also specialist
asset class henclimarks, and not a combination of different asset class benchmarks.,  For example. for
the managers” specialist equity portfolios. the portfolio benehmarks will be 100% equity. T the specialist
mandate situations. depending on the optimal manager allocation chosen. the significant differences between
the managers” portfolio benchmarks and the Fund's strategic benchmark allocation (as shown in Table 4.4)
may introduce significant mismatch active risk and return into Fund’s strategy. These mismatches will he

assessed via the optimisation results.

The efficient froutiers obtained for the five specialist mandate situations were plotted on the same graph

(Figure 4.9) so that their respective optimal solutions” active risk and return profiles could be compared.

From the comparison in Figure 4.9 it can be scen that the differences in the construction of the situations

result in different optimal solutions.

For Situation 1. Situation 2 and Situation 3 it has been assumed that all the managers are skilled in all
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three asset classes. As such. cach one of the three asset managers specialist asset class portfolios have
heen included as possible specialist portfolio choices for the Fand's strategy. The optimization for these

situations is therefore required to provide an optimal allocation across nine specialist portfolios.

The Black-Litterman views used to adjust the expected return estimares for Situation 1. Situation 2 and

Situation 3 are shown i Table 4.2().

View | Confidence
A-Equity outperforins C-Equity | 0.50% 80.00A4
A-Equity outperforms B-Equity | 1.40% Go.00%

B-Equity outperforms C-Equity | ).40% 70.004
B-Bonds outperforms A-Bonds | 0.20% 60004
B-Bounds outperforms C-Bv()uds 0.35% 70.004 -
C-Cash outperforms A-Cash 0.15% 70.004
C-Cash outperforms B-Cash 0.10% G5.00%

A-Equity outperforims B-Bonds | 0.60% 70.00%
B-Equity cutperforins B-Bonds | 0.30% 60.00%

Table 4.20: Black-Litterman Views for Situation 1. Situation? and Situation 3

For Sitnation 1. the three chosen asset managers are assumed to be skilled in only two of the three assert
classes. The choice of the asset classes in which they are skilled is assumed to be have heen established during
the manager selection process. This optimization is therefore required to provide an optimal allocation

across six specialist portfolios.

To incorporate further manager selection into the process. for Situation 5 cach of the chosen asset mianagers
i~ assumied to be skilled in the management of onlv one asset class. For this investigation it has been assumed
that each manager is a specialist in a different asset class. <o that no two managers obtain a mandate for
the same asset class. and so that all three asset classes are covered. The optimization is thus required to

provide an allocation across three specialist portfolios.

The situations have heen broadly outlined here. but the assumptions used for cach situation will he discussed
in more detail with the individual results. Here again it is important to note that the results obtained for
each situation are dependent on the assumptions made. and the results could be entively different should
the assumptions be changed. These particular situations have been chosen so as to provide some idea of

sitnations that mayv arise in practice.

As with the balanced mandate situations, the results of the various specialist situations have heen repre-
sented ina similar manner. The active risk and return chavacteristies of the optimal solutions available for
the situations have been shown by an Etficient Frontier: while cach solution’s optimal manager weightings
are shown by the arca graph below it. The third graph shows the solutions™ total active risk breakdown.
by percentage. into its component mismatch and selection risks. while the fourth graph shows the solutions
breakdown. by percentage of total active return. into mismatch and selection return. However, for the
specialist mandate situations” a fifth graph has been introduced. showing the optimal asset class alloca-
tions. represented as an area graph. The total asset class allocations have heen derived by summing each
solution’s relevant asset class portfolio weightings. All these graphs have been drawn using total active risk

as their x-axis values. so that thev may be comparable for each level of total active risk.



Situation 1

For Situation 1. cach manager's asset class portfolio is considered a specialist portfolio and thus has irs
respective specialist asset class benchmark. i equity. bonds or cash. For this situation it has been assumed
that the specialist asset class portfolios have the same benelunarks as the underlyving asset class benchmarks
of the Fund's strategic benchmark. For eguity the benchmark used is ALSISO0R. for bonds the ALBI and
for cash the AFNAL

The expected return and covariance matrix estimates used in the optimization are shown in Table 4.21 and
Table 4.22 respectively. Please note that the covariances are shown in millions to accommodate the very

small values. The optimal solutions for Sitwation 1 are shown. as deseribed earliers in Figure 4.10.

A-Bonds | A-Cash

B-Equity | B-Bonds [ B—Cashm [C-Bonds C-Efasl)
0.04% 0.02%

0.2 0064 | ooy | o2 | ooid | o

A-Equity
(0.84%

Table 1.21: Expected Return estimates for Situation |

The expected return estimates in Table 1.21 incorporate the Black-Litterninan adjustinent with the views

as shown in Table 4.20.

A-Equity  A-Bonds  A-Cash B-Eqguitv - B-Bonds  B-Cash  C-Eqguity - C-Bonds  (-C'ash

A-Equty 332.19 0.20 —0.70) 31.20 .15 2.32 —-85.71 —-0.18 0.57
A-Bonds .20 2.80 0.06 —3.05 1.02 —0.31 11.81 0.35 —0.09
A-Cash —0.70 0.06 0.33 —0.75 0.17 —0.05 1.99 0.06 0.02
B-Equity 31.20 —3.05 —0.75 149.00 2.61 1.36 —45.70 —2.96 0.05
B-Bonds 715 1.02 0.17 3.61 16.75 0.67 10,46 0.36 0.79
B-Cash 2.32 —0.31] —0.05 1.36 0.67 0.69 —4.10 —0.13 0.38
C-Equity —R5.71 11.81 1.99 —45.70 10.46 —4.10 290.06 1.63 —2.00
C-Bouds —(0.18 0.35 (.06 -2.96 0.36 —0.13 1.63 0.67 0.05
(-Cash 0.57 -0.09 0.02 0.05 0.79 0.38 —2.00 0.05 (.68

Table 1.22: Covariance Matrix estimates for Situation 1 (x107%)

It Ix interesting to note that while cacli manager’s specialist asset class portfolios do receive a positive
allocation in at least some of the optimal solutions generated. none of the optimal solutions. for this
situation. have a positive allocation to cach and every manager’'s specialist asset class portfolios. This
shows that in this situation it 1s not optimal for the Fund to allow ecach manager to manage assets in
every asset class. itrespective of the size of the allocations. This finding. while not without its lmitations.
contributes 1o the case for Fund's allocating specialist mandates rather than balanced mandates to their
chosen asset managers. Of course this will also depend on the particular skills that have been identified for

the mdanagers.

Another interesting observation is that while the Fund’s strategic henchmark is balanced. there exists

Tyyye . N e . . . . g B P R crs o, .
optimal solutions for this situation where one or more of the asset classes receive a 0% allocation. For
instance. some of the solutions with a total active risk level of less than 0.5% have varving allocations to all
three asset classes. but as the risk increases hevond this risk level. and for the majority of the situation’s
solutions. the optimal allocations have a positive weighting to only equity and bonds. In fact the highest

risk level solution has a 100% allocation to equity.

In keeping with these allocation changes it is also understandable then that the mismatch risk and return
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percentages increase as the solutions” risk levels incerease. The mismatch risk and return increases as the
solutions” allocations change to be only in equity and bonds and increases further as the bond allocation

dwindles 1o 0% . while the equity allocation is 100%.

As the differences between the Fund's strategic benchmark allocation and the optimal solution’s asset class
allocations inerease the mismarch component of risk increases drastically. while the mismateh component
of returns ncreases far less drastically, In fact the retwrns are dominated by the selection component. even

when the risk is dominated by the mismatceh component.

Also when looking at the manager allocations is was noticed that for the most part the equity allocation
and bond allocation is entively to Manager A's specialist equity portfolio and Manager B's specialist bond
portfolio respectively. This shows that the combination of just these two portfolios provides the hest possible

active return for the given level of active risk.

Situation 2

Situation 2 is similar to Situation 1 except that the managers” specialist equity portfolios have been assumed
to have a different henclinark to the Fund's strategic underlving equity benchmark. The managers” equity
portfolios” benchmark is assumed to be the ALSL while the Fund's strategic cquity henchmark is the

ALSIS0R. The managers” other asset class henchmarks have heen assumed to be the same as the Fund's.

The expected return and covariance matrix estimates used in the optimization are <hown in Table 1.23 and

Table 4.24 respectively. The optimal solutions for Situation 2 are shown in Figure 1.11.

C-Cash
0.02%

A-Cash ‘ B-Equity ‘ B-Bonds A B-Cash

mr—Equity ’ A-Bonds
vy | ugsy | veeu 0.00%

‘ 102% ] 0.04%

C-Bonds
nary

C-Equity
0,084 ;

Table 1.23: Expected Return estimates for Situation 2

Axa result of the managers” different equity benehmark. it can be seen that the managers” specialist equity
portfolios” expected return estimates have been atfected relative to Situation 1< Heve again the expected
return estimates in Table 4.23 incorporate the Black-Litterman adjustment with the views as shown in

Table 4.20.

A-Equity - A-Bonds  A-Cash B-Equity  B-Bonds  B-Cash  C-Equity - C-Bonds  (-Clash
A-Equity 608.76 —-9.47 -2.13 279.05 0.65 .51 —-96.11 -1.31 1.7
A-Bonds —9.47 2.80) 0.06 —12.40 4.19 —-0.34 3.18 0.38 -0.09
A-Cash —2.13 0.06 0.33 —2.12 017 —0.06 (.86 0.06 0.02
B-Equity 279.05 —12.40 —-2.12 371.12 -0.10 1.43 —69.87 —1.34 1.08
B-Bonds .65 1.19 0.17 —0.10 16.75 0.72 1.05 .39 .84
B-Cash 5.54 —0.34 —0.06 1.43 0.72 .69 —-1.61 —0.14 0.11
C-Equity —96.11 3.48 ().86 —69.87 1.05 -1.61 34.16 0.70 ~1.20
(-Bonds —-1.31 0.38 0.06 —4.34 .39 —-0.14 0.70 0.67 0.05
C-Cash 1.70 —0.09 0.02 1.08 0.84 0.41 —-1.20 0.05 .68

Table 4.24: Covariance Matrix estimates for Situation 2 (x107%)

On comparison of Situation 1 and Situation 2’s efficient frontiers (Figure 4.9) it is apparent that Situation

2’s has wider return and risk range solutions than Situation 1. The change to the manager’s specialist
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equity portfolios benehmark has an impact on the expected return estinlates and the covariance natrix
estimates. thus affecting the optimal solwtions. 1t is also possible that the changes have occurred more as
a result of the change in the expected return estimates rather than the changes to the covariance matrix
estimates since we have carlier establishied that the optimization is more sensitive to changes in its expected

return estimates.

From Figure 4.11 other noticeable changes i the results can be seen in the optimal manager allocations
on the lower risk level solutions. e, lower than 0.5% risk. While the asset class allocations of Situation 1
and Situation 2. at these lower risk levels are somewhat sinilar. the allocations to the managers” specialist
portfolios. making up the asset class allocation. are quite different. For example for Situation 2°s solutions
with a risk level of less than 0.5% . the allocation to Manager (s equity portfolio is far more noticeable

than for Situation 1's solutions with similar risk levels.

Also. as with Situation 1. Situation 2°s mismatceh return and risk components increase as the solutions risk

levels increase. again as a result of the allocation being split between bonds and equity only. for the most
o O B .

part. Here too. Manager A's specialist equity portfolio and Manager B's specialist bond portfolio are the

portfolios of choice.

Situation 3

Situation 3 is =imilar to Situation 2 in that the managers’ spectalist equity portfolios liave again heen
assumed to have a different benchmark to the Fund's strategic underlving equity benchmark. Here too.
the managers” equity portfolios” benchmark is assumed to be the ALSIL while the managers™ other asset
class henelimarks have heen assumed to he the same as the Fund’s. However, the diference between these
situations is that for Sirunation 3 some additional minimum asset class weighting constraints have heen

imiposed on the optimization.

This has been done so that its effect on the optimal solutions mav be assessed. Also given that the Fund's
strategic benchmark is halanced so as to introduce sonie diversification into the strategyv. it mayv not he
prudent to allow an optinizer to allocate T00% of the Fund's assets to only one asset class. as is evident on
Situation 1 and Situation 2°s results. In practice the Fund may want to maintain some minimum amonnt
of diversification by setting minimum asset class allocations.

The minimum asset class allocation applied to the optimization is shown in Table 4.25. These minimum
allocations have been chosen arbitrarily but with the ultimate Fund's strategic benchmark allocation in

mind.

Allocation

Minimum Equity Allocation 10%
Minimum Bond Allocation 500

Minimum Cash Allocation SV

Table 4.25: Minimum Asset Class Allocations imposed on Situation 3's Optimisation

The expected return and covariance matrix estimates used in the optimization are shown in Table 4.26
and Table 4.27 respectively. The optimal solutions for Situation 3 are shown in Figure 4.12. As would he

expected the expected return estimates for Situation 3 are the same as those for Situation 2.

From Figure 4.9. it is again immediately obvious that the limitation on the minimum allocations. introduced

78



Efficient Frontier

o
o

o
o
T

o
N
T

Total Active Return (%)
o
N
T

0 0.2

Weight (%)

0 0.2

50

Weight (%)

0 0.2

Weight (%)

0 0.2

Weight (%)

0.4

04

0.4

0.4

0.4

0.6

0.6

0.6

0

0.6

0.8 1.2

1 .
Optimal Manager Allocations

1.2

0.8 1 .
Risk Components

0.8 1 1.2
Return Components

.6 0.8 1 1.2
Optimal Total Asset Class Allocations

0.8 1 1.2
Total Active Risk (%)

1.4

1.4

1.4

1.4

1.6 1.8

Bl Mismatch Risk
B Selection Risk

1.6 1.8

Bl Mismaich Return
Bl Selection Return

1.6 1.8

1.6 1.8

2
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A-Equity
Loz

C-Bonds
001

C-Cash
0.02%

C-Equity
-0.08%

Table 4.26: Expected Return estimates for Situation 3

g

A-Cash | B-Equity
0024

B-Bonds
0.06%

0.00%

A-Equity  A-Bonds  A-Cash B-Equity  B-Bonds  B-Cash C-Equity  C-Bonds  (-Cash

A-Eqnity 608.76 —-9.47 —-2.13 279.05 0.65 5.94 —-96.11 —1.31 1.7

A-Bonds —0.47 2.80 0.06 ~12.40 1.19 —{.34 348 (.38 —0.09
A-Cash —-2.13 0.06 0.33 -2.12 0.17 —0.06 (.86 0.06 0.02
B-Equity 279.05 —12.40 —-2.12 371.12 —0.10 1.43 —09.87 —4.31 1.08
B-Bonds 0.65 4.19 0.17 -0.10 16.75 0.72 1.05 .39 .81
B-Cash 5.04 —-0.34 —0.06 1.43 0.72 0.69 —-1.61 —0.14 0.41

C-Equity —96.11 348 0.86 —69.87 4.05 —-1.61 34.16 0.70 —1.20
C-Bondx —1.31 (.38 0.06 —1.34 6.39 —{.14 0.70 0.67 0.05
("-Cash 1.70 —0.09 0.02 1.08 (.81 (.11 —1.20 (.05 .68

Table 1.27: Covariance Matrix estimmates for Sttuation 3 (x107%)

for Situation 3. has resulted in its optimal solutions having significantly narrower return and risk ranges

than those of Situation 2.

A~ a means of comparison. the optimal manager allocation ~solutions for Situation 2. which share the same
risk Jevels as Situation 3 are shown in Figmre 4.13. This allows the graphs to be compared on the same risk

seale for case of comparison.

By comparing the relevant graphs in Figure 411 and Figure 1124t is apparent that as a result of the
miinitmn allocations imposed. the total active returns. total active risk and the asset class allocations of
Situation 3 are different to those of Situation 2. These differences in turn have implications on the optimal
manager alocations. It can be seen from Figure 4.13 that the optimal manager allocations for Situation 3

and Situation 2 are also different to cachi other for the same levels of risk.

Looking at the highest mismatch risk percentages of Situation 3 and Situation 2 at their respective highest
risk level solutions. it is evident that while Situations 2's mismatch risk percentage is about 74% . Situation
35 mismatch percentage is about 534 . Here again the difference can be accounted for hy the assetl class
allocation differences for the situations relative to the Fund's strategic benchmark allocation at these visk
levels While Situation 2 has an allocation of 100% equity. Situation 3 has an allocation of 417, 50% and 3%
to cquity. bonds and cash respoctively as a result of the miniimum allocations imposed on its optimization

pProcess.

Situation 4

For this situation it has again been assumed that the managers” specialist asset ¢lass portfolios have the same
benchmarks as the underlyving asset class benchmarks of the Fund's strategic benchmark. i.e. ALSIS0R.
ALBI and AFNAI for cquity. bonds and cash respectively. Also no minimum asset class allocations have
been imposed for this situation’s optimization. However. Situation 4 differs from the previous three in
that it has itroduced a greater component of manager selection into the situation. This has heen done by
assuming that of thie three chosen asset managers. each manager is only skilled in managing assets in two

of the three asset classes underlving the Fund’s strategic benchimark.

80



Weight (%)

Weight (%)

100,

80

60

40r

20r-

100

80
60 [—

40

20

0.2

0.2

0.4

0.4

Situation 2-Optimal Manager Allocations

0.6

Situation 3—Optimal Manager Allocations

0.6

0.8

0.8

1

1

1.2

1.2

Total Risk (%)

1.4

1.4

1.6

1.6

g

o
g

O0O0OWWW» > 2

1.8

Equity
Bonds
Cash

Equity
Bonds
Cash

Equity
Bonds

COOWDWX> > >

Cash

1.8

Figure 4.13: Situation 2’s Optimal Manager Allocations relative to Situation 3’s

81




The managers selected as candidates for cacli asset class are shown in Table 4.28.

Choice 1 Choice 2

Equity | Manager A | Manager B

Bonds X]Elllélr"'(‘l' B A\Iilllél(“(‘l C
Cash .\]iHJZl}"(‘I' A _\Iélllélh"'(‘l' C

Table 4.28: Situation 4's Manager Sclection choices per Asset (lass

Given the elimination of some of the managers” specialist asset class portfolios. the Black-Litterman ad-

justment views were accordingly altered and the views imposed are shown in Table 4.29.

View | Confidence

A-Equity outperforms B-Equity | 0./04 60.00%
B-Bonds outperforins C-Bonds 0.354 70.00%
C-Cash outperforms A-Cash 0.154 .00%

A-Equity outperforms B-Bonds | (.60 T0.004
B-Equity outperforms B-Bonds | 0.30/ 60.00%

Table 4.29: Black-Litterman Views for Situation 4

The expected return estimates, adjusted according to the Black-Litterman views. and covariance matrix

estimates used in the optimization arve shown in Table 4.30 and Table £.31 respectively.

‘IA-Equity A-Cash | B-Equity | B-Bonds | C-Bonds : C—Cash‘
sy | wozw | 0asv 0.07% 0014 1 0029 |

Table 4.30: Expected Return estimates for Sitnation 4

The optimization performed for this sitnation would be required to provide an optimal solution by providing

an allocation to these six specialist portfolios. The results for Situation 4 are shown in Figure 414,

When comparing the efticient frontiers of Situation 1 and Situation 1 in Figure 1.9, it is apparent that
there seems to he very little difference between the risk and return ranges of these two situations” solutions.
Situation 4's efficient {rontier does however lie slightly above that of Situation 1. showing that it has shightly
higher return estimates for each level of risk. At first this may be disconcerting. but when the effects of the

additional manager selection are taken into account it hecomes more understandable.

The two managers selected as managers for cach asset class. were chosen as the best two of the three
managers available. These choices were also further enhanced by the Black-Litterman views expressing the
specialist asset class portfolio preferences. Assuming that the manager selection was done correctly and
accurately. it makes sense that the optimization process for Situation 4 need not worry about taking the
weakest manager for eacl asset class into account. This will allow for a better optimal allocation amongst
the strongest two managers for each specialist asset class without being distorted by allocations to the
weakest managers specialist asset class portfolios.

For equity and bonds. from Situation 4's optimal manager allocations. it is clear that the preferred specialist
asset class portfolios receive the majority of the asset class’s allocation. i.e. A-Equity and B-Bonds. For
cash though. of the allocation given to cash assets, 100% of the allocation was to A-Cash rather than

C-Cash. Even though these specialist portfolios have the same expected return estimates, the variance of
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Figure 4.14: Situation 4’s Optimal Solutions and their Active Risk and Return Component Breakdown
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A-Fqguity - A-Cash B-Equity - B-Bonds  C-Bonds  C-Casly

A-Equity 332.19 ~0.82 32.01 6.32 —0.24 0.6
A-Cash —().82 0.33 —0.84 0.17 0.06 .02
B-Equity 32.01 —0.81 149 5.39 -3.17 0.0
B-Bonds 6.32 0.17 3.39 16.75 .38 .84
C-Bouds —0.24 0.06 -3.17 .38 0.67 0.05
C-Cash 0.6 (.02 (.08 0.8 0.05 0.68

Table 1.31: Covariance Matrix estimates for Situation 4 (x10°%)

A-Cash is lower than that of C-Cash and thus the optimizers result is understandable.

Also for the majority of the risk level solutions. the hond and equity asset classes sharve the allocation. and
again the bond allocation decreases 1o 0% . while equity increases to 10% at the highest yvisk level solution.
Accordingly it is noticed that the mismatch components of risk and return increase as the risk levels of
the solutions increase and the asset allocation becomnes more biased to one asset class rather than some

combination of the three.

Situation 5

Situation 3 is similar to Sitnation 1. except that the specialist asset class portfolios have been further limited
1o one manager per asset classs rather than two. This situation thus assumes further relianee on an initial
manager selection process in order to narrow down the specialist portfolio choices. Here also the managers’
asset class benclimarks are assumed to be the same as the Fund’s underlving asset class benclimarks and

no mininnun allocations have bheen inposed on the optimization.

The manager selected for each asset class is shown in Table 1.32.

Chosen Asset class portfolio
Equity Manager A
Bonds Manager B
_-Cash Manager ¢

Table 4.32: Situation 5's Manager Selection choice per Asset Class

Again given the elimination of some of the managers” specialist asset class portfolios. the Black-Litterman

adjustment views were accordingly altered and the views imposed are shown in Table 1.33.

View | Confidence
A-Equity outperforins B-Bonds  ().40% 60.00%
‘ A-Equity outperforms C-Cash 0.60% 70.00%
‘ B-Bonds outperforms C-Cash 0.20% 70.00%

Table 4.33: Black-Litterman Views for Situation 5

Thie expected return estitates and covariance matrix estimates used in the optimization are shown in Table

4.34 and Table 4.35 respectively.

As a result of the increases manager selection assumptions the optimization performed for this situation is
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‘A—Equity B-Bonds C-Cash%

\ 0.77% 0.07% 0.024 |

Table 1.34: Expected Return estimates {or Situation )

A-Equity  B-Bonds  C-Cash

A-Equity 332.19 .83 .61
B-Bonds 5.83 16.75 0.87
(-Cash 0.61 0.87 .68

Table 4.35: Covarlance Matrix estimates for Situation 5 (x 10 %)

required to provide an optimal solution by providing an allocation to just these three specialist asset class

portfolios. The results are shown in Figure 4.15.

From Figure 4.9 it can be seen that Situation 5's efficient frontier lies below and to the right of Situation
4's. This implies that for a Situation 5 optimal solution with the same risk level as a Sitwation 4 optimal
solution. Sitnation 4's solution can expect a higher return. This would suggest that while Situation 5's

sohttions are optimal. Situation 5 is inefficient relative to Situation d.

This can be attributed 1o the fact that with Situation 5. because there is only one managers” specialist
portfolio per asset class. the optimizer is compelled to allocate to that managers” specialist portfolio if it
requires an allocation to the asset class. The asset classes” expected veturns are thus limited by the manager's
skill in that asset class and also the return benefit that could he achieved by varving the allocations to

managers. when there is a cholee of asset managers per asset class. has been removed from this situation.

Also for this situation. while the Fund does have some diversification in that it Lhas allocated its funds to
three different managers. when looking within an asset class: the Fund will not enjoy any diversification
benefits. This is another very relevant tvpe of risk that the Fund would have 1o be cognizant of in order to

make a sound investment strategy decision.

Looking at the results in Figare 4.15. it is obvious that the optimal manager allocation and the optimal
asset class allocation graphs will be identical due to there heing only one manager’s specialist portfolio per
asset class. While the asset class allocation initially contains all three asset classes at the lowest risk level
sohttions. the mismateh components of risk and retirn increase significantlv as the solutions” risk Tevels

increase and as the asset class allocation changes to being ultimarely 100 i equity.

4.3 Discussion of Results

For the purposes of this study a strategic benchimark allocation was chosen for the Fund and is shown in
Table 14, The corresponding expected monthly risk and return characteristics of this chosen allocation.
also shown in Table 4.4, amounts to an annualized expected risk and return estimate of 6.291% and 16.323%

respectively.

The expected return value shows the average return for the Fund's strategic benchmark. The risk value
gives us an indication of the percentage by which this average return may differ. by indicating the range,
above or below the average. within which the Fund’s strategic benchmark return could vary. Since the

risk value encapsulates the risk of a one-standard deviation event, we could expect the Fund’s strategic
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benchmark return 1o lie within this range 68% of the time.

Should the Fund chioose to invest exactly in its strategic beuchmark. it could expect to achieve a return of
16.323% per annun on average. but the Fund could expect its veturn 1o differ from this average by 6.291%
or lesso 680 of the time. This could result in the Fund's return estimate varving between 10.032% and
22,6144

It is important to realize that this return band does not encapsulate the Fund's hest and worst expected
return estimnates sincee it only deals with one standard deviation events. Should an event oceur outside the

one standard deviation range. it mayv result i an entirely different return estimate.

Given that it has heen assumed here that the Fund chooses to pursue an investment strategy that incorpo-
rates active asset managers. the Fund's total risk and return estimates mayv be affected by the active risk
and return introduced Dy the managers” active investment sivles. The extent to which the Fund's total
risk and retiwrn may he affected will depend on the ultimate mandare tvpe and the subsequent manager

allocation chiosen.

While some assumptions were required for the purposes of this study. of the various balanced mandate and
specialist mandate situations assessed i the previous section. all the situations were chosen to be plausible

situations. that in principle. mirror real-life. practical Pension Fund situations.

In all the balanced and specialist situations assessed it s immediately obvious that. the Fund's incorporation
of active managers o its investment strategy introduces active risk qand return into the Fund's strategy.
Thix ix evident from the positive active risk and return levels for cach of the various optimal solutions

eencrated.

Furthermore. when looking at the make-up of the active risk and active retirn generated. in some situations
the active risk and renorn comprised both the mismatceh and selection components. while at other times it
comprised just the selection component. As mentioned previously, the mismatceh component is introduced
when the managers” benchmark asset allocation differs from the Fund's benchmark asset allocation. The
sclection component is introduced inmnediately as a result of managers” active investment styvles and is thus

100% of the active risk when there are no benchmark asset allocation mismatches.

For the situations” optimal solutions where both the mismatel and selection components are evident. it was
noticed that even when an optimal solution’s mismatch conponent dominates its active risk. the selection
component alwavs dominates its active return. This implies that the difference in asset allocation hetween
the Tund’s benchmark and the managers” benchmark has a greater effect on active risk than it does on

ACLIVE return.

Looking at the optimal manager allocations for the various situations. for most of the balanced situations
there was alwavs an optimal solution in which all the chosen managers received an allocation to manage
a balanced portfolio. while for the specialist situations. none of the optimal solutions showed an allocation
to all three specialist asset class portfolios of all three chosen asset managers.  This observation may
contribute to the argument for the allocation of specialist mandates rather than balanced mandates to a
Fund's chosen asset managers. since even though the managers” specialist asset class returns were used to
create the managers” balanced returns the specialist mandate situations did not vield anyv solution that

allocated money to all three specialist portfolios for any of the chosen asset managers.

However. it must be recognized that this observation is specific to the balanced and specialist mandate

situations looked at here. Even though the same specialist asset class returns were used to create the
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managers’ balanced returns. the asset allocations arbitrarily chosen to combine these returns into balanced
returns may play a significant vole in the outcome of the oprimization and thus the resultant optimal
solutions generated. The cliosen asset allocations may have alveady heen implicitly Diased towards the
specialist asset class in which the managers demonstrated the most skill. thereby resulting in the optimizer

penerating positive allocations to all these managers.

When considering the role of preliminary manager selection in the Fund's mvestment process. for the
balanced mandate situations the manager selection process was limited to merely narrowing down the
nimber of all potential asset managers. while for the specialist mandate situations slightly more selection
was introduced in some of the situations. The preliuninary manager selection process was assuned to have

vielded the three asset managers used in the situations.

For the balanced mandate situations all three asset nianagers were used in every one of the five mnandate
~situations looked at. For the specialist mandate situations however. in three of the situations all three
specialist asset class portfolios for all three chosen asset managers were used and for Situation | and

Situation 5 the list was further narrowed down. as explained previously.

By comparing the results for Situation 4 and Situation 3 it was noticed that Sttnation 5's solutions. based
on a choice of just one specialist portfolio per asset class, mayv be sub-optimal relative to Situation 4's
since thev had lower active return levels for similar active risk levels. This may imply that narrowing down
the chotee of specialist portfolios too much. and in this case to just one managers” specialist portfolio per
asset class, may be counter-productive. Giving the optimizer a choice of managers for a particular asset
class mayv provide better active return and risk estimates for optimal solutions hy incorporating the added

benefit obtained {rom potential manager and style diversification.

The manager diversification could he obtained by just sharing 1he allocation amongst different asset man-
agers, within or even across asset classes. while the styvle diversification would depend on the particular
investinent stvles of the managers™ specialist portfolios chosen within an asset class. For example if a
Value manager’s specialist equity portfolio was chosen together with a Growth manager’s specialist equity
portlolio as the portfolio choices for the specialist equity mandates. the optimisation may provide a better
optimal solution in terms of its solutions” risk and return characteristics by giving both portfolios an alloca-
tion rather than being restricted to just one of them. Stmilar stvle diversification benefits may be obtained

i cach of the three asset classes bheing used.

hrrespective of the active risk and return level solutions obtained for the various situations it s important
to realize that the active risk and return of the chosen manager allocation solution will provide a tolerance
bhand around the risk obtained from the asset allocation process. Here the Fund's asset allocation risk
amounted to 6.291% annualized. The higher (lower) the active risk and return levels of the chosen solution.
the greater (less) the Fund's appetite is for deviating from its asset /liability matched risk and return profile.

thereby affecting the Fund's overall expected risk and return levels.

As an example. let’s Took at one particular manager allocation solution, i.e. Situation 1's optimal solution
that showed a 100% allocation to Manager A's specialist equity portfolio. This solution has a monthly total
active risk of 1.3% (or 15.7% annualized) with a corresponding expected total active return of 1.2% (or
1-1.9% annualized). This level of annualised active risk is considered extremely high and is usually associated
with very aggressive tvpe mandates. usually used as a satellite portfolio rather than a core portfolio in a
Core-Satellite Strategy. Further. since this solution has an allocation to just Manager A. the information
ratio calculated using the risk and return numbers vield an information ratio of 0.9. This implies that

Manager A can generate a return of 0.9 per unit of risk. This value is extremely high. given that in general
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the average manager is assumed to be able to provide an information ratio of 0.3, and hmplies that Manager

A ix an above average or highly skilled manager.

When this solutions risk and return characteristics are combined with the Fund’™s nnderlving strategic asset
allocation’s risk and return characteristics. we sce that the Fund’s total risk amounts 1o 16.9% and its total
expected return amounts to 17.523% . Given that this solution is considered a high risk solution. it may
not be practical as a solution for a Pension Fund based on the assnmption that the Fund is generally risk

AVOrse.
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Chapter 5

Conclusion

The aim of this thesis to give an overview of the various steps in the risk budgeting process and decisions
needed to ultimarely allocate pension fund assers in the most optimal manner to investment managers. The
thesis has demonstrated this approach for a variety of plausible situations that a fund may be confrouted

with.

Given that the detailed asset-liability modeling exercise is bevond the scope of this thesis. a simplistic
assumption was made with respect to the possible outcome of such an exercise. and hence we define the
needs of the pension fund in relatively simple risk and veturn terms. The asset class henchmarks to he
allocated 1o cach asset class were chosen to he the All Share Index with a 304 down-weighting to the
resources sector. the All Bond Index and the Alexander Forbes Money Market Index for equities. honds
and cash respectively, Following the assunption for the asset class benelunarks. it was required to establish
an optimal asset class allocation henchmark for the fund. in keeping with its particular risk tolerance. The
Mean-Variance optimisation technique. using Microsoft Excel’s Solver optimizer. was chosen to perform
this task. The results of this exercise provided a range of optimal asset allocation solutions for different

risk levels that the fund may he targeting.

After making an assumption of the pension fund 1rustees™ risk tolerance relative to the liabilities, it was
determined that a wonthly expected risk level of 1.82% (or 6.29% annualised) with an expected retinm of
1270 (or 16.32% annualised) was acceptable. This choice of risk tolerance gave rise to an optimal asset
allocation of 24.01% to equity. 68.83% 1o bonds and 7.16% to cash which was used as the fund’s strategic
benelunark allocation for the following steps in the risk budgeting process. It has heen noted however that
the solutions presented in this thesis are particular to the specifie situations. choice of techniques and inputs

and procedures utilized for this analvsis.

After the asset class benchmark and its specific allocations have been chosen. the next steps would be to
decide on the investment strategy and on how to allocate the fund’'s assets optimally to its asset managers
in order to get the hest possible returng while keeping within the conlines of the risk budget. Generally.
in practice. not enough attention is paid to this part of the process to the detriment of the fund and
its members by vielding a sub-optimal resultant structure. It is important to ensure that the investment

strategy decided on and the subsequent manager allocations are given the same amount of consideration.

The strategy decided on should best suit the needs of the fund and the manager allocations made should
be done in an optimal manner. Allocation should be carried out by keeping track of the mismatch and

sclection risk introduced into the process, as demonstrated in this thesis, and by ensuring that risk is kept
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to the minimum level possible given the fund’s pre-specified risk tolerance levels.

While for this analvsis only the active balanced and specialist management strategies were exploved. it
may be necessary. given the fund’s risk badget and certain strategios” cost implications with respect to
management fees. 1o look at passive management strategies also. or even some combination of active aud
passive management strategies. This would in turn iimpact on the choice of asset managers and thereafrer
the subsequent allocation made to the chosen managers. The results obtained in this thesis could also be
itnproved by using a better optimisation technique and improved estimates for the covariance matrix and

expected returns.

In this thesis. a variety of plausible situations were analvsed in order 1o assess the optimal manner in which
to allocate the fund’™s assets to the chosen asset managers. Using the risk budgeting objective function
deseribed. the different levels of mismateh and selection risk (and return introduced by cacli situation)
was assessed {or a variety of risk Jevels and the optimal asset manager allocation for cach established. By
approaching the task of allocating the fund’s assets to its chosen asset managers in this manner. the fund
could expect that its investinents will achieve the greatest return possibility relative to their indicated
tolerable risk level, Inr so doing the fund should be able to prevent becoming significantly nnder-funded and

thereby not being able to meet its habilities.
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Chapter 6

Glossary

Active Return (or Relative return) The diference hetween the actual return of o portfolio and the

corresponding benchmark return.

Active Risk This is a measiure of the volatility of a portfolio relative to a benchmark. which gives insight
into how much the return of the portfolio will vary over tiime relative to the corresponding henchimark.
This risk arises out of having different assets in the portfolio relarive to the benelimark. comprised of

market factors and specific factors related to the uniqueness of underlving asset bets.

Alpha Somectimes also called active performance. alpha is the expected residual retwm of a portfolio
independent of market or benchmark performance. In true form however alpha ditfers from active
performance due 1o a ‘Beta” or market affect. which ix subtracted from the active retwn. The two
caleulations then correspond only when the portfolio has no ineremwental sensitivity to either the

market or benchmark. viz. heta = 1.

Asset Allocation The Y0 weighting or exposure of assets in an investment portfolio among different asset
classes (equities. bouds. property. cash and overseas investments) Also known as Investment Mix.
This mix is usuallv the largest determinant of absolute risk or risk relative to the labilities of the

fund. guidelines for the structure generally being ascertained through an Asset Liability Study (ALN).

Benchmark A relevant reference portfolio for active or passive fund management. This benehmark will
capture the required performance and risk characteristies of the portfolio and indicate the universe

of available vet appropriate investients.

Bet Size (Bet) The Bet Size indicates the immpact of the positioning of the portfolio in terms of exposure
to a variety of assets and portfolio characteristics / classifications relative to the benchmark. Bet size
then arises wherever exposures differ and can be underweight (negative bet) or overweight (positive

bet)

Capital Asset Pricing Model (CAPM) The simplest version states that the expected excess return
on sccurities will be exactly in proportion to their systematic risk coefficient. or beta, The CAPM
implies that total return on any security is equal to the risk-free return. plus the security’s boeta,

multiplied by the expected market excess returi.

Efficient Frontier The set of portfolios, one for each level of expected risk. with maximum expected re-
turns. Investors would select the appropriate efficient portfolio given their risk/renewal requirements.

Different efficient frontiers exist for portfolios with different constraints e.g. legislation etc.
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Excess Return Return relative to the risk free (or commonly cash tvpe) return, Risk free assets are
determined by looking at government (or no {Jow) risk of defanlt) assets of appropriate term and

nature.

Information Ratio Commonly. the ratio of annualized expected relative return to relative risk. Informa-
tion ratios are most often used to measure a manager’s performance i terms of both risk and return
relative 10 a benchmark or other measure. e.g. the inflation vate. It shows the expected relative return

achieved per unit of active risk.

Modern Portfolio Theory (MPT) The theory of portfolio optimization. whicl accepts the risk/reward
tradeotf for total portfolio return as the crucial eriterion. Derived from Markowitz's pionecering appli-
cation of statistical decision theory to portfolio problems. optimisation technigues and related analysis

are increasingly applied to investments.

Monte-Carlo Simulation Iterative numerical process of determining outcomes to a random process.
Allows one to assess risk using pre-modeled distributions under a variety of scenarios. Particularly
useful when selecting the "hest of ™ strategy or portfolio Le. optimization. or assessing worst case risks

and scenarios for any given portfolio. Used extensively in optimization and ALN models.

Optimisation Finding the best solution among all the solutions available for consideration within a prob-
leny using an interactive or linear progrannning technique to consider the many potential solutions
available. In portfolio construction. given a certain view on returt and the cost of risk in pursuit
of return. optimization finds the fine balance of the correct portfolio where return is maximized for
cevery level of risk. This is achieved through selection of optimal portfolios given a risk aversion or

utility function.

Passive Management Managing a portfolio to match (not exceed) the return of a predefined benchimark.
consensus or market index. This form of management is generally low cost. efficient and allows stable
relative performance. Passive management generally involves fairly complex modelling. however is
venerally an objective replicable process. Choice of index or benehmark is crucial and carries with it

high benchimark risk. Also know as indexation.

R-Square A statistic usually associated with regression analvsis. where it describes the fraction of observed
variation in data captured by a model. R-square varies between 0 and 1 with a higher value usnally

indicating a model with higher explanatory power.

Residual Return (Specific Return) Return independent of the henchmark or marvket performance. An
asset s residual return equals historie alpha or its excess return minus heta times the benchmark excess

retunr.

Residual Risk (Specific Risk) The risk or tracking error {(annualized standard deviation) of the residual

return.

Risk Aversion / risk tolerance / risk appetite An investor's attitude to risk is influenced by the im-
pact of risk on the finances of the investor. as well as age. wealth. dependents ete. This quantifies the
ability and desire of an investor to take risk and is molded by the consequences of the risks actually
occurring. Best quantified by looking at the maxiimum loss an individual can bear. financially and

cotionally.
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Risk Free Return The return achievable with absolute certainty. including negligible risk of default. In
the ULS. market. short maturity treaswry bills exhibits effectively risk free returns. In South Africa

casli instruments exhibit most of these characteristics but do have an clement of default risk.

Sharpe Ratio A statistical measure which attempts to show the performance of a portfolio’s return in
risk adjusted terms. It is calculated by dividing the portfolio’s excess return (over the risk-free rate)
by the risk. ie. standard deviation of portfolio returns. The higher the Sharpe Ratio. the better the
portfolio’s return in risk adjusted terms. A Sharpe Ratio higher than one can be considered to be
very good: while & ratio below 0.1 shows that the portfolio has been poorlv rewarded for the risk

taken.

Sortino Ratio Similar to the ‘Sharpe Ratio’. except it uses downside deviation for the denominator.
whereas Sharpe uses standard deviation. Also reference point for retirn comparison and downside
deviation can be changed to any appropriate minimum return requirenient c.g. cash returns (as in

Sharpe Ratio). inflation. zero (capital protection) cete.

Standard Deviation A statistical measure of the dispersion of a set of numbers around the mean. If the
standard deviation is small. the frequency of distribution 1s concentrated within a narrow range of
values. For a normal distribution. about two thirds of the observations will fall within one standard
deviation of the mean. approximately 95 pereent of all onteomes fall within approximately 2 standard
deviations. and approximately 99 percent of all outcomes fall within approximately 2.5 standard
deviations. Standard deviation is a commonly used measure of risk hecanse the higher the standard
deviation the higher the uncertainty of the return. It therefore helps explain the distribution of

potential returns and allows one to create confidence intervals for retirn observations

Stock Selection The selection of an individual security within an asset class or sub sector of the asset
class. For example. stock selection in relation to cquity investients is made after analysing the
financial standing. future earnings prospects and vahiation of the shares of the company concerned.

Alone with asset allocation. stock selection is a kev wav in which investiment managers add value.
lal . . o

Systematic Return The part of the return dependent on the benchmark orinarket return. We can break
excess returis mto two cotmponents: svstematic and residual. The systematic return is the heta times

the henchmark excess return. See residual return.
Systematic Risk The risk (annualized standard deviation) of the svstematic return.

Tracking Error A measure of the closeness with which a portfolio follows a representative market index
(benchmark). Technically the tracking error is represented by the standard deviation of the differences
in return between the portfolio and the index (henchmark). Tracking error measures the likelihood.
based on historical data or an equity risk model. of actual returns differing {rom index (benchmark)

returns.
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Appendix A

Analysis of inputs used in the

implementation of the optimisation

A.1 The Optimisation Technique

It was decided 1o utilise the Mean Variance optimisation technique for the various steps in the risk budgeting
process. While some. possibly hetter: tvpes of optimisation techiniques do exist. mean variance optimisation

was chosen hecanse it tends to be the most widely recognised and understood optimisation technique.
The formula nsed for the optimisation. as explained in the previous chapter and shown by equation 3.6.
can be seen again helow,

MarU =pl s = \r!Sr

subject to el =1

An asset elass allocation optimization aims to establish the optimal weights required for each asset class.
represented above by the vector (). Inorder to establish these weights. the inputs. i.e. the expected return
(11} and the covariance matrix (X) are a key component of the optimization. as explained previously.

The asset class allocation optimization was used to establish the effect of the inputs on the optimization
results. Various tvpes of the input estimators. as discussed in chapter 2. were utilized so that the effect on
the optimal weights generated by the optimization could be demonstrated and the best estimators chosen

for the apllication of the risk budgeting process.

The inputs used in the differing scenarios are as follows:

Covariance Matrix Estimator Expected Return Estimator
Scenario 1 | Sample covariance mairix Average return

Scenario 2 | Weighted Sample covariance matrix | Weighted Average return
Scenario 3 | Sample covariance matrix Average return with Black Litterman

adjustment

Scenario 4 | Ledoit covariance matrix Average return

Table A.1: Breakdown of Inputs used in Optimisation Scenarios



The following 2 sections will deseribe the differences obtained while performing the asset class allocation

optimization using these different scenarios.

The Mean-Variance optimisations were performed using the Solver add-in 1o Microsoft Office Excel.

A.2 The Covariance Matrix

The effect of the covariance matrix estimator on the optimization was established by varving only the tvpe
of covarlance matrix estimator used. and then assessing the resulting optimal solutions that were generated.
The sample covariance matrix estimator was used as a hase case against which to assess the effect of some

of the different estimators mentioned in the previous chapter.

Three of the seenarios. as outlined in Figure A.1. are relevant to assessing the impact on the optimization by
changing the covariance estimator. The relevant scenavios that will be further discussed here are Scenario
1. Scenario 2 and Scenario J.

The Excel Data Analyvsis Toolpak was used to generate the Sample Covaviance matrices. The Obervation
Weighted Sample Covariance Matrix was caleulated from its formmla. using the velevant Excel functions.
The Ledoit Covariance matrix was generated using code as obtained from the Ledoit homepage [12]. This

o O o
code was implemented using Matlab functionality to gencrate the Ledoit covariance matrix.
Please note that for all the efficient froutier comparisons. only the efficient part of the curve is used. 1.e.

when A > 0.

A.2.1 The Sample Covariance Matrix and Average Return case output

Scenario T will be used as the base case against which to compare the other scenarios.

Scenario 1

Here the covariance matrix and expected returns inputs used for the mean variance optimisation are. the
sample covariance matrix and average returns respectively.

The average returns over the 3 vear period ending October 2001 for the three different asset elass benehmarks
arc given in Table A.2 and the sample covariance matrix generated from these asset class henehmark returns

is shown in Table A.3.

\ALSIsoR ALBI AFMM\
| r29% | rosu | 0sTa |

Table A.2: Table of estimated Expected Return Values for Scenario 1

ALSI50R ALBI AFNN
ALSIH0R 0.002476  —0.000093 —0.000020
ALBI —0.000093  0.000413 0.000009
AFMM —0.000020  0.000009 0.000003

Table A.3: The estimated Covariance Matrix for Scenario 1
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Based on the various risk tolerance levels, many optimal weighting solutions are obtained using these inputs.
The respective risk and return numbers for each of these optimal solutions are plotted to obtain an efficient
frontier, as shown in the first graph in Figure A.1. The second graph in Figure A.1 shows an area plot of
each of the optimal solutions obtained for the scenario’s various risk levels.

Efficient Frontier (Scenario 1)

13 L T I I

1.2

11F

Return (%)

0.9

0.8 1 | — |

Optimal Asset Allocations (Scenario 1)
100

B (o))
o o
T T

Welg ht (o/o)

0 1 2 3 4 5
Portfolio Risk (%)

Figure A.1: Efficient Frontier and Optimal Asset Allocation Solutions for Scenario 1

In keeping with the assumption that rational investors expect to be rewarded for the extra risk that they
take on, it can be seen from efficient frontier above that the expected return increases as the level of risk
increases. Also, as evident in area graph, the optimal weightings change from being 100% in Cash at the
low rigk level to 100% in Equity at the highest risk level.

A.2.2 The Covariance Matrix output comparisons
Scenario 2

This scenario differs from Scenario 1 in that Weighted returns and the Observations Weighted Sample

covariance matrix have been used for the optimization.

The Scenario 2 cases shown in this section, will demonstrate the combined effect of the observations weighted
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covariance matrix and the weighted expected return inputs.

For the weighted returns further distinetion is made regarding the type of weighting used. There are
different tvpes of scenarios. discussed below. which will he compared 1o cach other as well as to the hase
case. Scenario 1.

Scenario 2a makes use of a linear weighting methodology where the weights are decreased by the same

proportion every month. The monthly weights were caleulated using the following formula.

1
W,y =, - — A
11 1Tag (A1)
such that Wy, = 100X and t = 1.....36

The factor used to decrease the preceding monthly weights by, L' was decided on arbitrarily as a result
of the number for data points used. and any other value could he used in its place. This weighting factor

results in the weight bheing at 50% in month 18 of 306.

Scenario 2b. Scenario 2¢ and Scenario 2d make use of the exponential smoothing methodology.  This

methodology was described earlier and the {formula shown by Equation 3.52 is replicated helow.

ElRij=a« X, +a(l —a)N, ) +a(l - AN tall —a)y' N+

Ditferent values for o were used for cach of the seenarios. For Scenario 2h an “optimal” a. 3.35% . was
calculated using the equity benchmark historical returns as a base for the forecast values. The solition
for the “optimal” o value was calculated using Microsoft Excel Solver <o that the sumn of the squared error
terms was minimized. Similarly. the “optimal” a. 11.38% . for Scenario 2¢ was caleulated using the hond
benchmark historical retinns as a base. For Scenario 2¢ an arbitrary value for a. 0% was chosen so that

the weightings it generated were significantly ditlerent to the other two cases.

Figure A2 shiows the resulting optimal weighting solutions of the four Scenario 2 cases and the base case.
Scenario 1. The efficient frontiers of each scenario have heen plotted on the same graph for comparative
purposes and the area plots of each scenario show the optimal weighting changes for cach of the scenarios”

respective risk levels.

All of the graphs in Figure A2 have heen drawn on exactly the same risk scale. so that their values mav
he directly comparable. The optimal weighting sohitionus of the various Scenarvio 2 cases and the base case.
shown by the area graphs. can be compared for each risk value in the range. Also. the expected returns of

the optimal weighting solutions of cacly scenarvio can be compared on the efficient frontier graph.

Ax an example. for a chosen risk value of 3%, the optimal allocations and expected returns of Scenario 1

and the Scenario 2 cases have been compared in Table A .

Expected Return

1.20%
1.50%
1.00%
0% 1.90%
3.00%

At 3% Risk | Equity | Bonds
Scenario 1 59% f 41%
Scenario 2a | 63% ] I7H
Scenario 2b 62% 38%
1% 29%
82%

0%

Scenario

Scenario

Table A.d: Comparison of Optimal Allocations and Expected Returns at 3% Risk level
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Efficient Frontier Comparison

4 I - T | T T T T T T
= Scenario 1

g || = Scenario 2a |
;\8 = Scenario 2b
p=4 = Scenario 2¢
5 2| == Scenario 2d 7
&

1+ M 7

0 | | | | | 1 l 1 1

0 05 1 1.5 2 2.5 3.5 4 45 5

Scenario 1
100

Bl Equity
[ Bonds
Bl Cash

Weight (%)
[$3)
()

0
0 0.5 1 15 2 gSeebo2a 3 35 4 45 5
100
S
57 S0 Bl Equity [
g [ Bonds
Bl Cash
0
0 05 1 15 2 geefoos 3 35 4 45 5
2
=
=)
()]
=
0 0.5 1 1.5 2 gSeeraooe 3 35 4 45 5
100 '
£
E? S0 Bl Equity
é’ [ Bonds
Bl Cash
0 1
0 0.5 1 1.5 2 geerddozd 3 35 4 4.5 5
100 T 7
S
g S0 Bl Equity
g [ Bonds
Il Cash
0 | 1
0 0.5 1 15 2 2.5 3 3.5 4 4.5 5

Portfolio Risk (%)

Figure A.2: Comparison of the Efficient Frontiers and Optimal Asset Allocation Solutions of the Scenario

2 cases



The observations weighted covariance matrix and weighted expected return estimators are supposed to
be an improvement on the sample covariance matrix and standard average returns respeetively, This is
becanse they Tnnit the impact older data has on the optimization results by applving simaller weights to the
data. From the graphs in Figure A2 it is imanediately obvious that the Scenario 2 cases have a somewhat
smaller risk range and varving expected return ranges to the hase case. Scenario 1.

With the data ser used. the more recent return history is less volatile than the older return history from
carlier in the analvsis period. This can be seen in Table A5 which shows the actual historical annualised

volatilities {or cacly asset class henchmark for the different periods.

ALSIS0R | ALBI | AFMM |
lyear to Oct 04 .49 | 4310 | o
2years to Oct 04 10,454 4.97H 0.68%
3years to Oct 04 | 17.24%4 | 7.04% | 0.58%

Table A5 Annnalised Risk (Volatility) of the asset class henchmarks

Table A5 shows that for the equity and bond benchmarks. as the amount of historical data used was
increased. the volatility of the returns increased. while for the cash benchmark there was an increase in
volatilitv over the 1 vear to 2 vear period and then a deercase i the volatility from the 2 vear to 3 vear
period The 2 vear volatility for cash captures the decreasing returns from when the money market was at
the height of the interest rate evele. where interest rates were at almost their highest rates: to the current
low returns. This is as a result of the many interest rate decreases that we have experienced in South Africa
over the lTast yvear and a half. The 3 vear volatility for cashi captures the upward trend in veturns to the
interest rate peak in 2002 and then equally the downward trend in returns to the current lows. thereby

keeping the overall volatility over the period lower. due to the lower average return over the period.

The deercase in return volatilitv over the recent history would limit the range of risk possibilities for the
weighted covariance matrices. On assessment of the differing weights used for Scenario 1 and the Scenario
2 cases. the results shown in Figure A2 make more sense. Figure A3 shows the weightings for each point

in the analvsis period. for Scenario 1 and the Scenario 2 cases.

The weights used in this comparison were normalized to ensure that the sum of cach scenario’s weights
was 100% . Scenario 1 has the highest weighting for the initial data point. November "01. while Seenario 2d
has the lowest. Scenario 1 has a constant weighting to cach data point while the weights for Scenario 2d
decrease quickly from the highest weighting of 10% in October "04. to practically a zero weight in November
01, Given the change in the benchmark return volatilities as shown in Table A5 it is understandable that
with Scenario s constant weighting throughout the period and its subsequent higher weighting to the older
data points that it would have the highest risk range. On the other hand. Scenario 2d has the majority
of its weighting concentrated in the most recent history. and with the henchmark’s lowest return volatility
over this period: it would thus have the lowest risk range.

Similar explanations can be given to show why cach of the Scenario 2 cases’ risk ranges are lower than
that of Scenario 1. Also the Scenario 2 cases” weights may be compared to one another to explain how the

various weighting options have affected their risk ranges. given the henchmark return volatilities.

The effects on the risk ranges of the weighted scenarios demonstrates that the weightings applied to the
Scenario 2 cases has diminished the effect of the older data on the optimization results. as would have been

expected.
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Weightings Comparison
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Figure A.3: Weightings for Scenario 1 and the Scenario 2 cases.

However, as a result of the combined effects of the covariance matrix estimator and the average return
estimates, it is not entirely clear to what extent the weighting of the covariance matrix estimates has
affected the optimal solutions as opposed to the weighting of just the return estimates. The total effect of
weighted inputs relative to un-weighted inputs is clearly visible from the graphs in Figure A.2 though.

While the weighting of the data is beneficial in reducing the effect of possibly irrelevant data, as mentioned
earlier when describing the estimator, a major downfall of the weighted estimator is that it allocates the
same decay factor across all asset classes involved in the optimisation. This may be sub-optimal given
that 3 different asset classes were used in each optimization and that it may be better to allocate different
decay rates to each of them. For example, the effects of the different weightings that would be optimal
for different asset classes can be seen when comparing Scenario 2b and Scenario 2¢c. Scenario 2b uses the
‘optimal’ for equity while Scenario 2c¢ uses the 'optimal’ for bonds, and from the results shown in Figure

A2, it can be seen that the optimizations provide very different optimal asset class allocations and risk
and expected return ranges.

Scenario 4

In this scenario, the expected return estimator was kept the same as in the base case, i.e. average returns,
while the covariance matrix estimator was changed to the Ledoit Covariance matrix. For the Ledoit
covariance matrix, the market model (single factor model) was used as the biased estimator towards which

the sample covariance matrix (unbiased estimator) would be shrunk, as per the Ledoit methodology.

This methodology aims to pull the out lying error estimates that may occur with a sample covariance matrix
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towards more central values. thereby decreasing the error implicit in the covariance matrix estimation. Thus
the Ledoit covariance matrix provides a better estimate. which lies somewhere between the two extremes.
than would be obtained by using cither the sample covariance matrix or some other more structured. hiased

estimator (in this case the single factor market model).

Figure A.1 shows the Efficient frontiers of Scenario 1 and Scenario 4 as well as the optimal weighting
solutions of cach scenario at their specific risk levels, These oprimal solutions have again heen represented

i an arca plot.

In this comparison. the use of the Sample covariance matrix and the Ledoit covariance matrix produce
very similar optimal solutions. This can he seen in the area plots of the two scenarios and also from the
Efficient Frontier comparison. The Efficient Frontier comparizon shows that the risk and return spreads of
cach efficient frontier are very similar. The Efficient Frontier of Scenario 1 does however seem to lie just

slightlv above that of Sceenario 4 over most of the grapl.

This result may at first glance be very disconcerting given the argument that the Ledoir covariance matrix
should be a superior estimate. However. when the specifics of these particular optimizations are looked

into. the results become clearer.

The optimisations performed here. used 3 asset classes with 3 vears of historical return data. One of the
major drawhacks of using sample covariance matrix estimators is the dimensionality problem. as explained
carlier. In order to provide a good estimate the sample covartance marvix vequires 1 (0 + 1)/2 parameters
to be estimated. Where nis large. this becomes very problematic. but in this case n = 3 and thus only
SIX parameters are reguired 1o be estimated. Also there is sufficient historical data available with which 1o

perform this estimation.

In this case then. the estimation error which is generally problematic with the sample covariance matrix
estinator is not a major drawback. Hence. the Ledoit covariance matrix estimaror which aims primarily to
reduce estimation error will provide very similar results to those of the sample covariance matrix. as was

experienced here.

However. while the dimensionality problem may iave been somewhat averted for the purposes of this study.
it remains a very significant and real problen when dealing with sample covariance matrix estimators.
Therefore. the Ledoit covariance matrix will remain the covariance matrix estimator of choice. given irs

ability to reduce estination error and its resultant more stable variance and covariance estimatoes.

A.3 Expected Returns

The effect of the expected return estimates on the optimization was established by varving the type of
extimates used. and then assessing the resulting optimal solutions that were generated. The average return
estimate was used as a base case against which to assess the effect of some of the different estimates

mentioned in the previous chapter.

Three of the scenarios. as outlined in Table A.1. are relevant to assessing the impact on the optimization
by changing the expected return estimates. The relevant scenarios are Scenario 1. Scenario 2 and Scenario
3.

The inputs and results of the optimization for Scenario 1 have already been discussed in the covariance

matrix section. and will therefore be omitted here.
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Scenario 4 Efficient Frontier Comparison
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Figure A.4: Comparison of the Efficient Frontiers and Optimal Asset Allocations solutions for Scenario 4

103



A.3.1 The Average Return output comparisons

Scenario 2

As mentioned previously. Scenario 2 utilises weighted returns and the weighted sample covariance matrix
as the expected return and covariance matrix estimators.

Some of the following discussion will build on the previous discussion about the Scenario 2 cases. hut will
foens more on the differences in the Expected return estimates. The weighted expected return estimates

generated for cach of the Scenario 2 cases as well as Scenario 1 are shown in Table A6,

| ALSI50R | ALBI | AFMM
Scenario 1 1.29% 1059 0.87%
Scenario 2a 1.61% 120 0.834
Scenario 2b 1.09% 0.8074 0.5974
Scenario 2c¢ 2.214% 13/%— 0.74%
Scenario 2d 3217 1.90% 0.66% |

Table A.6: Comparison of the Expected Return estimates for the Seenario 2 cases

With a first look at the values here. no clear patteru can he determined for the weighted scenarios relative
to the un-weighted seenario. Some expected return estimates ave higher than those of Scenario 1 while
some are Jower. To obtain a clearer understanding of the reasons for the estimates that were obtained.
one would need to consider the monthly changes in the underlving henchmarks™ returns. velative to the

weiehtines applied for Scenario 1 and the various Scenario 2 cases.
o O

In order to do this. graphs of the monthly weightings for Scenario 1 and the Scenario 2 cases have been
drawn relative to the monthly retwrns of cacli of the asset class benchmarks., The graphs are Figure A5,
Fignre A6 aud Figure A.7. showing the weights relative to the Equity. Bonds and Cash bencliark returns

respectively.

To make the comparison casier. a few specific points in the analvsis period have been chosen so that the
exact weightings of the Scenario 2 cases at those points can he compared. These are shown in Table A7,

The weights here will give us some better idea of the values shown in the following graphs.

Oct 04 | Oct 03 | Oct 02 | Nov 01
Scenario 1 2.78% 2. 785 2.78% 2785
Scenario 2a | 5.41% 3.60% 1.80% 0.15%
Scenario 2b | 4.74% 350 | 2099 1.44%

Scenario 2¢ | 11.53% | 2.70% 0.63% 0.174
Scenario 2d | 40.00% | 0.07% 0.00% 0.00%

Table A.7: Scenario 2 Weights at yearly end points of the analysis period

The weighted expected return estimated for Seenario 2d. for example. can be explained by looking at what
its monthly weights were for every monthly period, relative to the Equity benchmark’s return in that month.
In October 04 alone, Scenario 2d has about a 3.5 times higher weighting to Equity than does Scenario 2c,
which has the next highest weighting at that point. The majority of estimated expected return for Scenario

2d is determined by the four most recent data points, i.e. July 04 to Oct "04. Also by April '03 the weights
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Weightings vs Equity Returns
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Figure A.5: Scenarios monthly weights relative to the Equity benchmark returns (ALSI50R)

for Scenario 2d are practically zero. This means that very little of the period over which equity had the
worst returns is taken into account when calculating the expected return for Scenario 2d. As a result of

the combined effects of these weightings, Scenario 2d has the highest expected Equity return estimate.

As another example, look at Scenario 1 relative to Scenario 2a. Scenario 1 has a constant equal weighting
to all the observations in the analysis period, While Scenario 2a’s weightings decreases by a constant factor.
For the period November ’01 to April 03, Scenario 1 has a higher weighting than Scenario 2a at every point,
in May ’'03 they have more or less the same weight, and then from June ’03 Scenario 2a has an increasingly
higher weighting that Scenario 1. Over the November '01 to April 03 period, during which Equity had
large negative returns, the higher Scenario 1 weights would thus incorporate more of the negative effects,
while over the May 03 to October ’04 period where Equity had mostly positive returns, Scenario 2a’s higher
weights would bias it towards the higher equity returns. It is therefore understandable that the expected
return estimate for Scenario 2a is higher than that of Scenario 1 for Equity.

As a means of explaining the differences in the Bond expected return estimates, it was decided to look at
Scenario 2c¢ relative to Scenario 1. Looking at the monthly weighting differences again, it is noticed that
Scenario 1 has a higher weighting than Scenario 2c¢ for the period November 01 to October '03. Over
this period Bonds have a short period of significantly negative returns, while for most of the rest of the
analysis period they have positive returns. This extremely negative period from December 02 to about
March '02 will affect the Scenario 1 estimate more than it would the Scenario 2c¢ estimate, since Scenario
2¢’s weighting was close to zero by then. From April ’02 to October ’03, the higher weighting in Scenario
1 would influence its estimate more positively than it would Scenario 2c. Scenario 2¢’s estimate would be

more influenced by the returns from November 03 to October 04, since its weightings were much higher
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Weightings vs Bond Returns

40.00% —— ——

— — ————r 8.00%

35.00%

30.00%

4.00%

25.00% {4

20.00%

Weight
o
[=3
[=]
B3
Returns

15.00% -

10.00% A

5.00%

0.00%

|
N
(=3

Jun-03 N
Dac-03 [
Feb-04 [

Nov-02 EE

L U, U, (B U [ i 1 Ll il Il
- - o~
55989898938 988988338388338¢8 3333333
> 0 Cc O 5 5 >C 353 DCy Q C QO > 5 O Q > 5 > c 3 D Q9
o o 8 © 8 & 3 < il & 3 1<) 2 a 3 S
2882=z=<23°>"28¢ ase = 223 z <323°24&0

Date
I Scenario 1 W Scenario 2a N Scenario 2b [ Scenario 2c [Z=m Scenario 2d —=u=Al Bl

Figure A.6: Scenarios monthly weights relative to the Bond benchmark returns (ALBI)

in a time when bonds had mostly positive returns.

Scenario 2¢’s expected bond return is higher than Scenario 1’s because its weightings have excluded it from
experiencing the negative returns to the extent that Scenario 1 would have. Also even though Scenario 1 had
a consistent weighting to the positive returns than Scenario 2 did, the significantly higher weightings that
Scenario 2¢ had to the most recent positive observations far out-weighed Scenario 1’s consistent weighting
which was also dragged down by the negative returns earlier on in the period. Another key reason for this
result would be that Scenario 2c’s weightings were specifically chosen so that its expected return estimate
was fitted best to the past returns. Since over most of the history bonds had positive returns, its expected

return estimate would to be more optimistic than Scenario 1’s which gave more weight to the negative
returns.

Using similar arguments to those for the previous two asset class comparisons, one can make sense of the
cash expected return estimates generated for the different Scenario 2 cases. Scenario 2d’s weights start at
40% (in October ’04) and decrease exponentially to close to 0% (in October ’03). Over this period the Cash
returns, while always positive, were at lower levels than previously. This is as a result of the structurally
different macro-economic environment in which South Africa currently finds itself. Interest rates have been
steadily decreasing for this entire period due to the Reserve Bank’s inflation targeting. Scenario 1, however,
with its equal weighting of the entire history, would have a bias to higher returns due to the returns being at

higher levels prior to October ’03. This would result in Scenario 1 having the higher expected cash return,

The Scenario 2 cases discussed so far have used weighted estimators for both the expected returns and the
covariance matrix. This however does not allow one to assess the individual effects of each weighted input

estimator. It was thus decided to run another Scenario 2 case, Scenario 2e, where just the expected return
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Figure A.7: Scenarios monthly weights relative to the Cash benchmark returns (AFMM)

estimate has been weighted, while the un-weighted sample covariance matrix was used.

For Scenario 2e, the linear weighting methodology of Scenario 2a was used. The Expected return estimate
for Scenario 2a and Scenario 2e are thus exactly the same. The sample covariance matrix was used for its
covariance matrix estimates and they would therefore be the same as those of Scenario 1. Scenario 2e will

thus allow us to assess the effect of just the weighted expected return estimates on the optimization.

For the purposes of the analysis, Scenario 2e will be compared against Scenario 1 to show the effect the
weighted expected return estimates have on the optimization, and it will also be compared against Scenario
2a so that the effect of the weighted covariance matrix estimates will be observable. The differing asset

class allocations and the efficient frontiers of the above mentioned cases can be seen in Figure A.8.

When assessing the results it was noticed that the risk ranges of Scenario 2e and Scenario 1 were exactly
the same, while the expected returns for Scenario 2e were, for the most part, higher than those of Scenario
1. This shows that using weighted returns to generate the expected return estimates has no impact on

the optimization’s optimal solutions risk ranges, but rather has a significant impact on the optimization’s
expected return outcomes.

When comparing Scenario 2e to Scenario 2a, it was immediately obvious that the only major difference
between the two was that Scenario 2a had a smaller risk range than Scenario 2e. It can thus be concluded
that the use of weighted returns to generate the covariance matrix estimates has a direct impact on the
optimizations optimal solutions risk ranges. In this case, as a result of the lower volatility in the more
recent history, as discussed previously, the risk range for the weighted covariance matrix case, i.e. Scenario

2a, resulted in a smaller risk range than the un-weighted covariance matrix case, i.e. Scenario 2e. This
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Figure A.8: Comparison of the Efficient Frontiers and Optimal Asset Allocations Solutions for Scenario 2e
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has also had an effect on the asset class allocations of the two cases. For example. at a risk lTevel of 1.5Y

Scenario 2a has a signilicantly Tower cash allocation and a higher bond allocation than Scenario 2e.

Alzo. apart from the noticeable difference in the risk ranges of Scenario 2¢ and Scenario 2a. there were only
very slight differences with respect to the expected return estimates. The efficient frontier for Scenario 2a
with both inputs weighted lav almost on top ol or slightlv above Scenario 2¢'s efticient frontier. showing
further that the weighted covariance matrix has a very slight effect on the expected return outcomes.

This observation shows us that the mean variance opthnization s much more sensitive to changes in the

expected refurn estimates than to changes in the covariance matrix estimates.

Scenario 3

Scenario 3 used the sample covariance matrix as the covariance matrix estimator. and the expected returns
have been estimared using average returns with a Black Litterman adjustment. The comparison between
Scenario T and Scenario 3 will allow for an assessinent of the effect of a Black-Litterman adjustment on the

optimization results.

Ax discussed previously. the Black-Litterman adjustment (B-L adjustment) allows for a subjective overlay
to the expected return estimates. While the Black-Litternnan model is normally used to adjust the expect-
ed returns of assets. {for the purposes of this investigation we have applied the Black-Litterman model's
principles to the adjustiment of the expected returns of asset classes. Hereo Sceenario 3a and Scenario 31
are cases that have used different Black-Litterman adjustmnents to iltustrate its effect on the optimization.
The views represent monthlyv out-performance numbers, since the entire optimization is based on monthly

numbers

Seenario 3a This case takes the following 3 views into account to be used as the subjective overlavs, The
views are based on the principles of the long run risk-return tradeoft. iie. that equity should outperform
bonds and cash given that it 15 scen as the riskier asset class relative to the other two. and also bonds
should outperform caslic given that it is riskier than cash. The return views are additive from the worst
performing asset class to the best performing asset class. so that they represent a risk premium of sorts
from one asset class to the next best performing asset class. i.e. Equity Return - Bond Revurn [ Cash

Return.

—
View | Confidence |

0.40: 60.004 |

0.70% 70.004

0.30% 60.004%

Table A.&: Black-Litterman Views for Scenario 3a

Equity outperforms Bonds

Equity outperforms Cash

Bonds outperform Cash

Scenario 3b In this case the return views have been altered in keeping with the outperforming asset classes.
For Scenario 3h it was assumed that honds were the hest performing asset class relative to the other two.
as was witnessed in the markets 2 vears ago. Also, it has heen assumed that cash out-perforis equity.
These views have resulted in the following expected return estimates for the respective optimizations, as
shown in Table A.10.

On comparison with the expected return estimates for Scenario 1. it can be seen that Scenario 3a’s views

has resulted in an increased expected return for equity while the other asset class returns remain almost
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Confidence
G000 |
T0.004

60.00% |

1

0.704
0.40%
0.30%

[ Bonds outperform Equity

Cash outperforms Equity

Bonds outperform Cash

Table A.9: Black-Litterman Views for Scenario 3h

ALSI50R | ALBI AFMMJ
Scenario 1 1.29% 1.05% 1.87A4

Scenario 3a 1.59% 1.05% .87 ﬁ

Scenario 3b 0.947% 1.10% 0.874

Table A.10: Expected Returns estimates for Scenario 3. adjusted by B-1 Views

unchanged. A possible reason for the unchanged estimates is that the views on bonds and cash were already

in keeping with the view alreads expressed by the original data. and thus a further change was not made.

When comparing Scenario 3h's estimates relative to Scenario 1's0it was noticed that Scenario 3b has a very
much decreased equity expected return and an increased bond expected return. while the cash expected
return was mosthv unchanged. The unchanged cash expected return estimate mayv he as a result of the
Black-Litterman adjustment heing made based on the Confidence level of the view and the asset classes
volatilitv. Although the cash view expressed was different o that reflected by the original data. the volatility
of cash was far less than the other two asset classes. and its required adjustinent was made to the equity

expected retwrn due to equity’s higher volatility,

The optimal asset class allocations and the eflicient froutiers for the Scenario 3 cases and Scenario 1oare

shown in Figure A.9.

The curve of the Seenario 3a solutions is steeper than that of the Scenario 1 enrve. This tells us that Scenario
3a’s optimal asset class allocation solutions provide a higher expected retwrn for every level of risk. The
additional optimism that was placed on the expected equity returns by the Black-Litterman adjustinent.
resulted in a higher equity return estimate being used in the oprimisation. As mentioned previously. the
optimization is sensitive to changes in the expected return estimates and thus we see a significant change

to the efficient frontier.

An incerease in the expected return estimates from the Black-Litterman adjustment. for a specitic level of
risk. would imply a lower risk tolerance level. Tt was thus noticed that the Scenario 3a optimal solution of
100% equity allocation was achieved at the same risk fevel but at a lower risk tolerance level (7) than the

Scenario 1 solution.

Scenario 3b. on the other hand. assumed that bonds were the out-performing asset class. From the results
it was noticed that the eflicient frontier for Scenario 3b has a gentler slope than that of Scenario 1 and a
much narrower risk range. This implies that for every risk level the Scenario 3b optimal allocation solutions
had a lower expected veturn than the Scenario 1 solutions.

From the relevant arca graphs in Figure A.9 it can be seen that Scenario 3b has 100% allocation to bonds at
its highest risk level. while Scenario 1 has 100% allocation to equity at its highest risk level. The resulting
narrower risk range for Scenario 3b is then plausible if one considers that. in general. bonds are considered

to be the less risky asset class relative to equity.
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Figure A.9: Comparison of the Efficient Frontiers and Optimal Asset Allocations Solutions for Scenario 3
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The area graphs also show that for every risk value common 1o both Scenario 3bh and Scenario 1. Scenario
30 has o lower equity allocation and thus a higher combined hond and cash allocation relative 1o Scenario
1. Considering the risk-reward tradeofl principle. and the fact that bonds and cash are considered to be the
less risky asset classes. it stands to reason that their expected return estimates should be lower than those
of the higher risk equity asset class. Given Scenario 3b's higher combined allocation to honds and cash at
overvy risk level it is understandable that this Scenario 3b would bhave lower expected return estimates than

Scenario 1.

This analvsis shows that the Black-Litterman adjustinent is effective in changing the expected return
estimates as a result of a subjective overlav. and i so doing atfecting the optimization results, The results

obtained are thus skewed in accordance with the subjective overlay provided.
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