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ABSTRACT
The synchronised and accommodative policies employed by various monetary policy authorities 
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period. If this environment persists, then active managers will need to dig deeper in search 
of innovative ways to deliver value for their clients. We find that innovative risk management 
techniques can contribute positively to investment returns. Therefore, active managers who 
implement robust risk management frameworks, that are well integrated within their investment 
processes, are the ones most likely to outperform their benchmarks despite the non-conducive 
environment.
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1. INTRODUCTION
In 1974, Keith Ambachtsheer – currently a professor of finance at the University of 
Toronto – made the following observation: “active management is under serious 
attack because as evidence knows, it has produced not overperformance but under-
performance.” Forty-five years later, and this statement still rings true. Active 
management finds itself under significant pressure from passive funds because the 
majority of active managers have underperformed their benchmarks in the long-run. 
The competition from passive funds is forcing active managers to justify not only their 
fees but also their existence. Table 1 highlights data from the SPIVA scorecard of the 
S&P Dow Jones indices. Innes and Bezuidenhoudt (2018) use this data to illustrate 
the percentage of funds that have underperformed their respective benchmarks over 
various time horizons. For example, in the South African equity unit trust category, 77% 
of active equity funds underperformed the S&P South Africa Domestic Shareholder 
Weighted (DSW) Capped Index in the five years ending June 2018.

Table 1  Percentage of South African funds that underperformed benchmarks as of 
June 2018

Fund category Comparison index 1 year 3 years 5 years
South African equity S&P South Africa DSW Capped Index 51% 61% 77%

South African equity S&P South Africa DSW Index 84% 86% 89%

Global equity S&P Global 1200 82% 87% 97%

Short-term bond STeFI Composite 13% 15% 22%

Diversified/aggregate bond S&P South Africa Sovereign Bond 1+ Year Index 70% 41% 51%
Source: S&P Dow Jones Indices LLC, Morningstar. Data for periods ending 30 June 2018. The study determines 
outperformance using equal-weighted fund counts and uses total returns measured in ZAR currency.

A similar picture emerges when we consider the performance of global equity 
funds. The overwhelming majority of active managers have struggled to outperform 
their respective benchmarks. We show that the compression of excess returns from 
active managers in South Africa is cyclical and is similar to global trends. Also, we 
demonstrate risk management techniques that active managers can incorporate into 
their portfolio construction process, to enhance their probability of generating alpha 
regardless of the prevailing market environment.

2. LITERATURE REVIEW
2.1 The relationship between the market environment and manager alpha
There is limited research on the impact that the market environment has on the excess 
returns generated by active managers. Strongin et al. (2000) argue that a failure to 
properly deal with a massive concentration of stock-specific risk in a small number 
of large-cap stocks explains the poor outcomes from active managers. The lack of 
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breadth within equity benchmarks constrains the ability of active managers to deliver 
positive alpha. Besides this reason, we have found that most of the global literature on 
this topic focuses on low dispersion as one of the significant factors contributing to 
the delivery of poor outcomes from active managers. Gorman et al. (2010) show that 
there is a relationship between the cross-sectional dispersion of US equity returns and 
the dispersion of active manager alpha. Raubenheimer (2011) finds that higher cross-
sectional volatility presents more significant opportunities for active risk-taking in 
the South African equity market. Reibnitz (2015) shows that active strategies perform 
better during periods of high dispersion.

However, describing the market environment through one variable is not ideal, 
given the complex nature of financial markets. Parikh et al. (2018) conduct a more 
comprehensive study where cyclical factors such as market performance, volatility, 
and dispersion are used to define the prevailing market conditions. They argue that 
the lack of positive alpha generation is a global phenomenon. Using data from the 
US equity market, they attribute the compression in active managers’ excess returns 
to cyclical market factors. Low market returns combined with low dispersion or low 
volatility are detrimental for active manager alpha. It is one of many reasons that 
explain the poor performance of active managers over the last decade. Parikh and 
Fabozzi (2018) extend this analysis to fixed income markets and find that excess 
returns generated by active managers in this asset class are dependent on volatility 
and dispersion. An environment with high implied volatilities and increased cross-
sectional dispersion of returns is conducive for positive alpha generation for active 
fixed income managers.

In most of the literature above, the conclusion is that active risk-taking should 
be lower during periods where the market environment is non-conducive. Multi-
managers and asset consultants should tilt their allocation towards lower risk 
managers when market conditions are unfavourable, and active managers should 
consider the use of a variable active-risk target in their portfolio construction process. 
However, Bali et al. (2014) find that active managers have limited macro-timing ability. 
We, therefore, demonstrate how the use of two risk management techniques, during 
portfolio construction, can be used to enhance the manager’s ability to generate alpha 
regardless of the prevailing market environment.

2.2  Techniques that active managers can use to improve alpha, despite non-
conducive environments

The generalised fundamental law of active management described by Clarke et 
al. (2004) is a useful starting point for investors when attempting to find ways of 
improving outperformance.

  ( ) ( ) * * *  p b p AE R R E IC n TCa s- = =  (1)

where 



4 | B KHUZWAYO & T TSOTETSI ENHANCING THE PROBABILITY OF DELIVERING ALPHA

ACTUARIAL SOCIETY 2019 CONVENTION, SANDTON, 22–23 OCTOBER 2019

( )p bE R R-  = expected portfolio excess return vs. benchmark

IC = information coefficient

n = number of independent active weights

σA = active risk (tracking error) 

TC = transfer coefficient

From equation (1) we can deduce that the expected alpha ( ( )p bE R R- ) of a portfolio 
is a function of:

 — The information coefficient (IC), which is the correlation between the expected 
and realised excess returns. This term measures the forecasting skill of an active 
manager,

 — The number of independent active weights (n) in a portfolio, which is a term 
that indicates the frequency of active risk-taking within a portfolio,

 — The tracking error, which is a measure of the active risk the manager takes 
relative to the benchmark,

 — The transfer coefficient (TC), which measures the correlation between the 
expected alphas and active weights. This term measures how efficiently a 
manager has transferred their views into an investment portfolio.

Using this equation, we find that there are two necessary prerequisites for a manager 
to generate positive alpha, namely a positive information coefficient (good forecast 
skill) and a positive transfer coefficient. We exclude an analysis of active manager 
forecast skills from this study and focus on the terms in the equation relevant to 
portfolio construction to find ways through which active managers might enhance 
their probability of delivering positive alpha. Although the list is not exhaustive, 
we focus on two techniques that may assist active managers in dealing with non-
conducive environments as a result of weak benchmark breadth and low market 
dispersion.

Strongin et al. (2000) suggest that active managers should incorporate an element of 
passive investing within their investment process. They propose that active managers 
should consider compensating for the stock-specific risk that exists in large-cap stocks 
by holding passive positions in the problematic stocks. Using data from the US equity 
market, they find that this technique substantially improves both the control of active 
risk and the consistency of outperformance from an investment portfolio. They argue 
further that it is impossible to address the lack of breadth in a benchmark through an 
intense focus on stock valuation methods, and that bottom-up fundamental-driven 
portfolio managers should use passive offsets to improve their ability to outperform 
benchmarks more consistently.
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Heywood et al. (2003) outline a practical risk budgeting method that can be used 
for equity portfolios and show that this can produce superior results when used in 
conjunction with a deeper understanding of benchmarks through cluster analysis. 
They argue that unintended portfolio positions and uncompensated exposures to 
risk are often the result of a lack of comprehension of the complexity that underlies a 
benchmark, and that this may adversely affect the performance of an active manager. 
They apply cluster analysis to a European equity benchmark and find that this technique 
provides a better view of the risk structure of the market, relative to traditional sector 
classification approaches.

3. THE PURPOSE OF THIS STUDY
Firstly, we attribute the compression in active managers alpha in South Africa to cyclical 
factors. We replicate the analysis conducted by Parikh et al. (2018) to show that, similar 
to the global environment, quiet markets that have relatively undifferentiated stock 
returns provide limited opportunities for active managers to differentiate themselves.

Secondly, we demonstrate that by incorporating the use of passive offsets and 
cluster analysis in the portfolio construction process, active managers can enhance the 
probability of generating alpha regardless of the prevailing market conditions in the 
South African market.

4.  ALPHA GENERATION IN DIFFERENT SOUTH AFRICAN EQUITY 
MARKET ENVIRONMENTS

International literature has shown that the ability of active managers to generate alpha 
is significantly impacted by prevailing market conditions (section 2). To test if the 
international findings hold true in the South African equity market we used the FTSE/
JSE Africa All Share index (ALSI) return and constituent data over the period January 
2000 to December 2018. The fund return data was obtained from Morningstar over 
the same period.

In Figure 1 we show the average alpha of the South African equity managers (net-
of-fees) relative to the ALSI benchmark. From this chart it is evident that from 2002 to 
2018 the average active equity manager has underperformed the market. The degree 
of underperformance varies over time and the goal for us is to uncover if this variation 
can be attributed to cyclical or structural factors, similar to Parikh et al. (2018) and 
Strongin et al. (2000).

Following Parikh et al. (2018), we partition the South African equity market into 
distinct environments (high, medium or low) based on the three cyclical factors: 
volatility, dispersion and market return. In addition to these three factors, we also 
partition the South African equity market using market breadth as defined by Strongin 
et al. (2000). We then calculate the excess returns generated by active equity managers 
in these environments to determine if the excess returns experienced can be linked to 
these market factors.
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4.1 Market return
Parikh et al. (2018) found a strong inverse relationship between manager alpha and 
market return. They found active manager alphas to increase during periods of poor 
market returns and vice versa. This implies that the benefits of active management 
may not be apparent during bull markets. On the contrary, active management tends 
to add the most value during periods of market turmoil. Consistent with Parikh et al. 
(2018), we also found an inverse relationship between market return and the alpha 
generated by the average active manager in the South African market as shown in 

Figure 1  Average 36-month alpha of SA active equity managers (January 2002– 
December 2018)

     Source: Lima Mbeu, Morningstar

Table 2  Average manager alpha in different market environments (January 
2000–December 2018)

Average alpha
Low return 2.2 Medium return –1.8 High return –5.0
Low volatility –1.0 Medium volatility –2.1 High volatility –0.9
Low dispersion –3.1 Medium dispersion 1.0 High dispersion 2.7
Low breadth –6.7 Medium breadth 3.4 High breadth –2.4

    Source: Lima Mbeu, Morningstar, Bloomberg
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Table 2. We found active manager alpha to be the highest during the low market return 
environment and vice versa. We conclude that, in the South African environment, 
active management has proven itself to be most useful in times of market turmoil, 
consistent with the findings in international markets.

As can be seen from Figure 2 (Panel A), the market return has been decreasing over 
time and currently we find ourselves in a low return environment. On its own, this 
environment has proven itself to be a good one for active management.

4.2 Volatility
From Table 2, in the South African market, historical volatility on its own does not 
seem to do a good job at differentiating active manager alphas. The average alpha 
generated in the low and high volatility environments is the same. Parikh et al. (2018) 
also tested volatility regimes in conjunction with the market return environment in 
the US market and we also perform this test in the South African market in a later 
section.

Parikh et al. (2018) argue that the synchronised and accommodative policies 
employed by various monetary policy authorities globally have suppressed market 

Figure 2 SA equity market environment partitions over time
     Source: Lima Mbeu, Iress
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volatility. As seen in Figure 2 (Panel B), the South African market has not been an 
exception and has also experienced falling volatility levels over this period.

4.3. Market dispersion
Using cross-sectional volatility, Parikh et al. (2018) measured market dispersion 
and found active manager alpha to have a strong positive relationship with market 
dispersion. They found that periods of high market dispersion resulted in abundant 
stock picking opportunities which resulted in active managers delivering positive 
alphas and vice versa. We performed a similar test in the South African environment 
and our findings were consistent with these. From Table 2, the relationship between 
active manager alpha and dispersion is very strong in the South African market. 
The most conducive environment for active management is when dispersion is at its 
highest and vice versa.

In the South African environment, dispersion is relatively medium by historical 
standards as can be seen in Figure 2 (Panel C). This environment is neither conducive 
nor detrimental for alpha generation by active managers as per Table 2.

4.4 Market breadth
Parikh et al. (2018) only consider the three factors mentioned above (i.e. market 
return, volatility and dispersion). Strongin et al. (2000) argue that a very important 
consideration for the conduciveness of active management is the benchmark breadth. 
They argue that highly concentrated benchmarks (i.e. those with limited breadth) 
possess too much stock-specific risk and the largest stocks add more stock-specific risk 
than they diversify away. Our findings in the South African market, as seen in Table 2, 
are consistent with the argument of Strongin et al. (2000). We found a low breadth 
environment to be very detrimental for active managers and coincided with very 
poor alphas being generated by the average active manager in South Africa (–6.7% 
annually). The average active manager fared better in the environment characterised 
by the highest market breadth and reduced their underperformance to –2.4% annually 
net-of-fees. While this alpha is still negative, one should bear in mind that this depicts 
the average active manager. Thus, a skilled active manager could have generated 
positive alpha in this market environment.

The breadth of the ALSI has fallen from around 25 stocks in 2016 to around 
18 stocks as at December 2018, as seen in Figure 2 (Panel D). By historical standards 
this breadth is very low for the South African equity market and is a detrimental 
environment for active managers as argued by Strongin et al. (2000).

4.5 How is alpha generation impacted under more nuanced market conditions?
To understand how alpha generation is impacted under more nuanced market 
conditions, Parikh et al. (2018) considered joint relationships between the above-
mentioned market factors. As an example, they found a low return environment which 
coincides with low market dispersion to not be conducive for active management; 
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whilst a low return environment which coincides with high market dispersion is 
very conducive for active management. We have tested the conditional market 
environments introduced by Parikh et al. (2018) in the South African market and the 
results are depicted in Table 3.

Table 3  Average manager alpha during low vs. high return joint environments

Environment Alpha Occurrence

Lo
w 

ret
urn

Low return & low volatility 0.2 10%

Low return & low dispersion 0.2 11%

Low return & low breadth –6.9 10%

Low return & high volatility 1.4 8%

Low return & high dispersion 5.4 7%

Low return & high breadth 0.7 4%

Hi
gh

 re
tur

n

High return & low volatility –1.7 14%

High return & low dispersion –6.5 12%

High return & low breadth –6.8 10%

High return & high volatility –11.3 8%

High return & high dispersion –12.0 7%

High return & high breadth –4.4 14%
   Source: Lima Mbeu, Morningstar, Bloomberg

From Table 3 there is a strong negative relationship between manager alpha and 
the market return environment. Active managers in the South African market have 
tended to deliver substantial negative alphas in a high return environment (bottom 
half of Table 3), regardless of the other conditional environments (i.e. alphas are 
negative in all the high return environments, regardless of volatility, dispersion and 
breadth environments). On the other hand, they have delivered the best alpha in an 
environment of low market return combined with either high volatility or high market 
dispersion or high market breadth. A low return environment combined with low 
market breadth has proven to be very poor for alpha generation in the South African 
market. These findings are consistent with international literature and point to the fact 
that the current market environment is not conducive for active management.

Given the current market environment (low benchmark breadth), Strongin et al. 
(2000) argue that the benefits of improving valuation models (which can improve 
manager forecasting skill) are very limited. Therefore, investors must look elsewhere 
to improve the probability of generating positive alpha. One such area that promises 
to enhance alpha generation is sound portfolio construction which, at its core, entails 
robust risk management.
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5.  ENHANCING THE PROBABILITY OF OUTPERFORMANCE USING 
RISK MANAGEMENT TECHNIQUES THAT ADDRESS BENCHMARK 
CONCENTRATION

We use JSE indices data over the period January 2003 to December 2017 for the 
constituents of the following JSE benchmarks over time:

 — FTSE/JSE Africa All Share index (ALSI)
 — FTSE/JSE Africa Shareholder Weighted All Share index (SWIX)
 — FTSE/JSE Africa Capped SWIX All Share index (Capped SWIX)

The breadth of these benchmarks over time is depicted in Figure 3. The ALSI has 
persistently had low breadth due to its high concentration over time. The SWIX used 
to possess significantly higher breadth than the ALSI. However, this has been on a 
consistent decline since 2013 and it now has less breadth than the ALSI. The high 
concentration in the SWIX implies that it now has a high degree of stock-specific risk 
according to the argument of Strongin et al. (2000).

Some of the main drawbacks faced by active managers trying to outperform 
concentrated benchmarks using the traditional top-down risk methods are that:
a.  they misdirect stock selection towards large-cap stocks where active management 

is, in general, less effective, and
b.  it causes managers to concentrate stock selection risk into too small a number of 

positions to allow for consistency of outperformance.

Figure 3 Breadth of different JSE benchmarks
      Source: Lima Mbeu, JSE, Bloomberg
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Strongin et al. (2000) argue that to increase the probability of outperforming 
a benchmark, the active manager should neutralise the stocks that are causing 
concentration problems. Their argument is that if a weight of a stock in a benchmark 
is greater than a certain cut-off point, it introduces too much stock-specific risk to the 
detriment of benchmark diversification. They then show that this cut-off point can be 
determined using the formula below:

  
2   

1
C

N
=

+
 (2)

where  2
 1

1

=

=
å

n
ii  

N  
 w

 and wi = the weight of stock i in the index.

They show that by neutralising the stocks causing benchmark concentration issues, 
an active manager can improve their outperformance as they can focus their efforts 
on the areas where skill has been shown to be more effective. We test to see if this 
result is also prevalent in the South African market by performing a back-test over 
the period December 2003 to December 2016. Following a Monte-Carlo simulation 
approach, we performed a back-test of the performance that a highly skilled manager 
(information coefficient of 0.15) would have generated relative to the SWIX. In 
Figure 4 we plot the average rolling 36-month alpha of the highly skilled manager who 
has not addressed the benchmark concentration (i.e. Concentration-Naïve). This is 
contrasted with a manager who has followed the risk management concept to address 
benchmark concentration as suggested by Strongin et al. (2000) (Concentration-
Aware). In Table 4 we present more characteristics of the concentration-aware relative 
to the concentration-naïve portfolios. The main goal of this analysis is to understand 
whether incorporating a robust risk management framework can help improve an 
active manager’s probability of outperforming their benchmark.

Table 4 Portfolio Stats

Portfolio statistic Concentration – naive Concentration –aware
Average alpha (%, p.a.) 0.5 0.8

Tracking error (%) 11.1 8.6

Information ratio 0.05 0.10

Probability of outperformance (3-yr rolling) (%) 59.0 69.7
Source: Lima Mbeu, Bloomberg

From Table 4 and Figure 4, it is evident that the probability of outperforming the 
benchmark on a rolling 36-month basis has improved markedly as a result of the risk 
controls introduced. A concentration-naïve skilled manager with no risk controls 
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has a 59% probability of outperforming the benchmark on a rolling 36-month basis. 
The introduction of risk controls to address benchmark concentration would have 
increased this probability to 70%. The average alpha would also have improved by 
0.22% p.a. Also, very importantly, these risk controls would have helped reduce the 
tracking error from 11.1% to 8.6% resulting in an improvement in the information 
ratio from 0.05 to 0.1. These findings in the South African market are consistent with 
those of Strongin et al. (2000).

6.  ENHANCING THE PROBABILITY OF OUTPERFORMANCE USING 
CLUSTERING TO UNDERSTAND THE CORRELATION STRUCTURE 
OF THE MARKET

Gorman et al. (2010) conclude that the dispersion of returns has two main drivers. They 
find that dispersion is positively related to the average volatility of individual securities 
and negatively related to securities’ average correlation. For example, if correlations 
approach 1, return dispersion can decline as asset returns become increasingly similar. 
Due to the effect it has on dispersion and consequently on the ability of active managers 
to generate alpha, in this section we look at the correlation structure of the benchmark 
and how it can be used improve the probability of generating alpha.

To construct portfolios, one of the main considerations by the portfolio managers 

Figure 4 Rolling 36-month simulated alpha in the South African equity market
      Source: Lima Mbeu, Bloomberg
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is the classification of stocks constituting the benchmark into sectors or industries. 
The JSE uses the Industry Classification Benchmark (ICB) to classify stocks according 
to industry, super sector, sector and sub-sector based on their fundamental and 
economic drivers. Generally, prices of stocks grouped within the same sector/industry 
are expected to move together. This is valuable information and is crucial to the process 
of portfolio construction as it assists with active risk budgeting. For example, do you 
source the risk budget for an active position in a given stock from the same sector or 
a different sector?

As an alternative to the JSE’s ICB classification system, we uncover the correlation 
structure of the ALSI index by following the cluster analysis approach applied by 
Heywood et al. (2003). Cluster analysis is a widely used statistical technique for 
grouping objects (stocks in this case) in such a way that the members of each group 
are similar, and members from different groups are dissimilar to each other. We use 
cluster analysis techniques to answer the following three critical questions:
a. how different are the statistically derived clusters from the JSE classification?
b. how stable are the clusters over time?
c.  is there a benefit to using information about the benchmark’s correlation 

structure in portfolio construction?

6.1  How different are the statistically derived clusters from the JSE classification?
To answer this question, we apply a cluster analysis technique called K-means 
clustering to find three groups of similar stocks. The K-means method classifies stocks 
into K groups (i.e., clusters), such that stocks within the same cluster are as similar as 
possible whereas stocks from different clusters are as dissimilar as possible. The clusters 
were created on a 6-monthly basis starting June 2006 to June 2019 using rolling 7-year 
monthly stocks’ returns. Similar to Musmeci et al. (2015), we show the similarity of 
the clusters and the JSE’s three broad sectors (financials, industrial, resources) using 
the adjusted Rand index method (Appendix 3). The index measures the similarity 
between two different partitions on the same stocks. It ranges from 0 (no similarity) 
to 1 (complete identity).

In Figure 5 below, we plot the adjusted Rand index between the JSE’s three sectors 
and the three K-means clusters over time. Overall, the index suggests that the two 
classifications are generally dissimilar with a maximum index value of only 0.35 over 
the study period; perfect similarity occurs at an index value of 1. We also observe 
a general decline in the similarity over time suggesting that the two classification 
systems are increasingly differing on how stocks in the South African market are 
related. One of the key differences between the two classifications is that, unlike 
the JSE classification, the clustering method generally groups ‘Rand hedge’ stocks 
together. This decline in the similarity might indicate that the JSE’s three sector 
classification is becoming a less reliable tool for risk diversification; i.e. the results 
suggest that JSE’s 3 sector classification is increasingly grouping together stocks that 
do not behave the same.
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6.2 How stable are the clusters over time?
To study this, for the period starting June 2006 to June 2019, we apply cluster analysis 
to the stocks’ risk factor exposures from a multifactor risk model (Appendix 2) and 
generate quarterly dendrograms. These dendrograms demonstrate how stocks making 
up the benchmark are statistically linked together from a risk factor exposure point 
of view. Using the stocks’ exposures to the different style factors, the dendrogram is 
estimated using the Euclidean distance between pairs of stocks; i.e. stocks with shorter 
distances amongst them, based on their factor exposures, are grouped together. This 
essentially captures how stocks are related based on their exposures to different risk 
factors. It helps us uncover risk-based classifications of stocks that can be used in 
conjunction with qualitative classifications such as the JSE’s sector classification in the 
construction of portfolios.

Due to the changing nature of the stocks’ exposures to the risk factors over time, 
the stocks will from time to time move from one cluster to another. To assess how 
persistent the clusters are, we visually contrast dendrograms from different periods. 
Figure 6 is a graphical representation of the correlation structure of the ALSI index 
using the June 2008 and the December 2018 dendrograms. We observe that the 
correlation structure of the ALSI index during the 2008 crisis was less compact with few 
identifiable groups of stocks. This behaviour of the market is to be expected as macro 
shocks have the potential to affect stocks very differently resulting in dislocations of 
stocks’ relationships from a risk exposure point of view. In a less volatile environment, 
like the one experienced over the last few years, it is more likely that the structure 
will be more compact with stocks that have similar systematic risk drivers grouping 

Figure 5 Adjusted Rand index
      Source: Lima Mbeu, Bloomberg
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together. The December 2018 structure shows several identifiable groups of stocks: 
for example, the group of banks and insurers, a group that consists mainly of retailers, 
a group of property companies etc. In conjunction with the qualitative classification 
such as the JSE sectors, the clustering techniques can be very good risk management 
tools. In an environment where the market is not tightly structured such as in 2008, 
portfolio managers must exercise caution in taking active risk. For example, managing 
risk of an overweight in Anglo American (AGL) by underweighting Billiton (BHP) 
would have been a risky decision as the two stocks were not very similar in terms 
of their risk exposures during that period (see the June 2008 dendrogram above). 
However, implementing the same position at the end of 2018 would have been less 
risky as the two companies were very similar in terms of their systematic risk exposure 

Figure 6 Dendrogram of the ALSI in June 2008 and December 2018
      Source: Lima Mbeu, Bloomberg
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(see the December 2018 dendrogram above). This demonstrates the importance of 
paying close attention to how the correlation structure of the benchmark is changing 
over time.

Additionally, we provide a more general picture showing how persistent the 
correlation structures of the ALSI and the S&P 500 indices have been over time. 
Similar to the approach used by Heywood et al. (2003), we calculate the Spearman 
rank correlation of the adjacent quarter-to-quarter distance matrices. For example, 
if the distance matrix of the dendrogram generated at Q1 2006 is exactly similar to 
the distance matrix of the dendrogram generated at Q2 2006, the correlation will 
be 1. Thus, the correlation structure of the benchmark for the two quarters can be 
thought of as perfectly similar. The lower the Spearman rank correlation is between 
the correlation structures of the subsequent quarters, the less similar the correlation 
structure is. Figure 7 plots the correlation of the adjacent dendrograms to demonstrate 
how stable the correlation structure of the benchmarks has been over time. It is 
evident that the risk structure of the ALSI index has generally been less stable than 
the correlation structure of the S&P 500 index over time. The ALSI’s correlation 
structure was particularly less stable during the 2008 crisis. The implication for active 
management is that portfolio managers who manage their portfolio relative to the ALSI 
benchmark must monitor and manage risk more closely as the correlation structure 
of their benchmark is more susceptible to changes in the underlying risk structure. 
Failure to do this in a disciplined fashion can expose the portfolio to unintended risk 
exposures.

Figure 7  Spearman rank correlation of the adjacent quarter-to-quarter distances 
between dendrograms

     Source: Lima Mbeu, JSE, Bloomberg
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6.3  Is there a benefit to using information about the benchmark’s correlation 
structure in portfolio construction?

Of critical importance is to find out whether an active manager can use the above 
information (i.e. knowledge about the correlation structure of the benchmark and the 
changes in the structure over time) to improve the probability of outperformance.

To answer this question, we performed simulation exercises over the period June 
2006–June 2019 to study whether constructing sector-neutral portfolios (portfolios 
whose sector weights match the benchmark’s sector weights) using dynamic grouping 
of stocks (k-means clustering) results in a better probability of outperforming the 
SWIX index compared to using the more static JSE sectors. To test this, we ran two 
simulation exercises.

The first simulation exercise used the JSE’s three sector classification (financials, 
resources, industrials) to generate 1000 random sector-neutral optimal portfolios that 
maximise the ex-ante information ratio at the end of each month, assuming a highly 
skilled active manager (information coefficient of 0.15). The return of the ‘simulated 
optimal portfolio’ for each month was calculated as the average return of all random 
sector-neutral optimal portfolios for the month.

The second simulation exercise followed the same approach with only one 
exception; the simulation used the three dynamic clusters generated six monthly using 
the K-means clustering method.

Table 5 provides a summary of the results, comparing the performance of the optimal 
sector-neutral portfolio generated using the JSE sectors versus the performance of the 
optimal sector-neutral portfolio generated using the K-means clustering method. The 
results show that constructing sector-neutral portfolios using the K-means clustering 
results in better probability of outperformance; for example, on a rolling 3-year basis 
the clustering method shows a probability of outperformance of 77% compared to 
70% for the strategy that uses JSE sectors. The material improvement in the probability 
of outperformance is a by-product of the higher average alpha (return in excess of 
benchmark) that the clustering method managed to generate at a realised tracking 
error (TE) that is very similar.

Table 5 Simulation results

Portfolio statistic JSE based sectors K-means clustering
Average alpha (%, p.a.) 0.3 0.5
Tracking error (%) 3.0 3.0
Information ratio 0.08 0.15
Probability of outperformance (3-yr rolling) (%) 69.7 77.0

Source: Lima Mbeu

The results indicate that using data-driven risk management tools such as the 
K-means clustering method can greatly assist in capturing the correlation structure 
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of the benchmark more appropriately. That is, relative to a strategy that relies on 
JSE classifications, the clustering strategy does better at uncovering the correlation 
structure of the benchmark in order to exploit diversification benefits and to generate 
improved returns. Furthermore, the dynamic clustering of the K-means method assists 
in capturing the changes in the risk structure of the benchmark quicker. This in turn 
assists in the quicker repositioning of the portfolios to reflect the new environment.

7. CONCLUSION
The majority of active equity managers in the South African market have under-
performed the ALSI, SWIX and Capped SWIX benchmarks on a rolling 36-month 
basis. This underperformance can be attributed to the following cyclical factors: market 
return, dispersion and volatility. We show this underperformance to be a consequence 
of the low breadth inherent in the ALSI and SWIX benchmarks. These findings in the 
South African market are consistent with global literature.

We have demonstrated that by incorporating the use of passive offsets and cluster 
analysis in the portfolio construction process, active managers can enhance the 
probability of generating alpha regardless of the prevailing market conditions in 
the South African market. We find that skilled active managers can improve their 
probability of outperformance on a rolling 3-year basis from 59% to 70% by embracing 
the use of passive methods to address benchmark concentration. We also find that 
skilled managers can improve their probability of rolling 3-year outperformance from 
70% to 77% by using K-means clustering for stock classification rather than the JSE 
sectors.
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APPENDIX 1

Table A1  Concentration of active risk in the largest shares

Portfolio statistic Concentration – naive Concentration –aware
Average tracking error concentration (%) 7.6 6.5

Largest 10 stocks contribution 63% 24%

Largest 20 stocks contribution 79% 46%

Largest 30 stocks contribution 86% 56%

Largest 40 stocks contribution 90% 63%
Source: Lima Mbeu, Bloomberg

From Table A1 it is evident that the concentration-naïve portfolio with no risk controls 
has much higher active risk concentration (7.56 vs. 6.47), which is consistent with the 
argument of Strongin et al. (2000). In addition, they also argued that the active risk 
is concentrated in the larger shares. As seen in Table A1, in the South African market 
63% of the active risk is attributed to the largest 10 shares. However, by introducing 
risk controls this gets reduced to only 24%. The last row of Table A1 shows that 90% 
of the active risk is concentrated in the 40 largest shares in the concentration-naive 
case. This compares with 63% for the portfolio with the risk controls as introduced by 
Strongin et al. (2000). They argue that the diversification of risk in the risk-controlled 
case should help improve the probability of outperforming the benchmark albeit 
highly concentrated.
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APPENDIX 2: DESCRIPTION OF THE MULTIFACTOR RISK MODEL

The multifactor risk model is based on the idea that a stock’s return is driven by two 
components:

 — A set of systematic risk factors (common factors that drive risk in a market as a 
whole)

 — Idiosyncratic risk (risk specific to a particular stock)

Mathematically the stock’s return can be decomposed as follows,

  
1

 
K

nt nKt kt nt
k

r X F e
=

= +å  (A1)

where

rnt = return of security n over period t

XnKt = exposure of security n to factor k at the beginning of period t

Fkt = factor return to factor k over period t

εnt = residual return of security n over period t

There are N assets, K factors, and T time periods

To capture the systematic risk inherent in any stock and ultimately in the portfolio, 
the model uses the following style factors (these are accounted for by F in equation A1 
above):

a. Momentum,
b. Value,
c. Dividend yield,
d. Size,
e. Trading activity,
f. Earnings variability,
g. Profitability,
h. Volatility,
i. Growth,
j. Leverage.
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APPENDIX 3: ADJUSTED RAND INDEX

Following the notation of Wagner and Wagner (2007), let us call X the set of N objects. Y 
is a partition into communities of X or simply a clustering: that is, “a set { }1, , kY Y Y= ¼  
of nonempty disjoint subsets of X such that their union equals X” (Wagner & Wagner, 
2007). Let us also say we have another clustering Y ¢. We call the matrix { }ijM m=  the 
“contingency table”, where

  ,ij im Y YÇ ¢º

i.e, the number of objects in the intersection of clusters  iY  and jY ' . Let a be the number 
of pairs of objects that are in the same cluster in both Y and Y ¢, and let b be the number 
of pairs that are in two different clusters in both Y and Y ¢. Then, the Rand index is 
defined as the sum of a and b, normalised by the total number of pairs in X:
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We can assume a generalised hypergeometric distribution to be the null hypothesis 
associated with two independent clusterings. The adjusted Rand index is defined as 
the difference between the measured Rand index and its mean value under the null 
hypothesis, normalised by the maximum that this difference can reach:
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It turns out that [ ] 1,1 , adjR Î -  with 1 corresponding to the case of identical clusterings 
and 0 to two completely uncorrelated clusterings. Negative values instead show 
anticorrelation between  iY  and jY '  (that is, the number of pairs classified in the same 
way by  iY  and jY '

 
is even less than was expected assuming a random overlapping 

between the two clusterings).
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