Regimes, turbulence
and brittleness –
A new way of looking
at risk
Over time financial market relationships evolve and
change. These changes, or shifts, can have significant
impact on the expected risk and returns of various
investments. Traditional risk measures, such as volatility,
correlation and betas, have fallen short in timely
identification of these shifts. This paper focuses on a
new and more scientific way of identifying these shifts in
financial conditions and market dynamics.
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Allocating capital in a changing financial world

Economic history is replete with fads and phases, eras and epochs of growth and
inflation and the rise and fall of theories and policies. Markets have responded with
bubbles and crashes, while the invisible hand did battle with the not-so-invisible boot of
government policies. The changes that have spread through the world economy in the
last few centuries have also led to identifiable regimes of behaviour. To assume that the
immediate past, or even the past of a few decades, is the natural stationary state of
markets is falling prey to recency bias; just because things have been a certain way
recently does not mean they will stay the same. Yet this assumption is often baked in,
implicitly but deeply, most risk management and monitoring tools, and also plays a large
role in the framing of economic discussions and market outlooks. We need to disenthrall
ourselves from this bias, and do so in a systematic and disciplined manner.

The investment
challenge is to
monitor and
understand the
changing financial
landscape and
allocate capital
accordingly.

The investment challenge is to monitor and understand the changing financial
landscape and allocate capital accordingly. Shifts in market behaviour where
relationships change or no longer hold, which we would describe as a regime shift,
provide significant challenges to asset allocation.
As asset allocators we constantly monitor a large range of risk measures and indicators
with turbulence and brittleness being two measures of capital market structure.

Do you have the time?

Markowitz’s (1952) pioneering work in modern portfolio theory provided investors a more
scientific way to determine their asset allocation based on long-term assumptions
around equilibrium expected returns, volatilities and correlations. Over long timeframes,
this has served investors well; although as John Maynard Keynes puts it, “But this long
run is a misleading guide to current affairs. In the long run we are all dead. Economists
set themselves too easy, too useless a task, if in tempestuous seasons they can only tell
us, that when the storm is long past, the ocean is flat again.” So we can’t dismiss the
short-to-medium term or sequencing risks. While there is clearly no silver bullet, a
“set-and-forget” asset allocation approach often falls short due to the timing of harmful
capital market events relative to a particular investor’s time horizon.
So the pertinent question: is there a better way to achieve more consistent outcomes
than relying on equilibrium assumptions and time diversification? Harman et al. (2014)
provided a Dynamic Asset Allocation (DAA) framework that takes a shorter-term horizon
than Strategic Asset Allocation (SAA) reallocating capital as investment markets evolve
based on fundamental investment rationales. This paper focuses on non-traditional risk
management measures that can inform both the SAA and DAA investment processes.
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Risk is evolutionary, not stationary

The traditional measures of risk, such as betas, volatilities, correlations and Value-atRisk, provide forward-looking or historical point estimates of portfolio characteristics.
These measures arm the investor with estimates of the potential return distributions and
asset class interactions. These risk metrics are extremely useful in the identification and
assessment of unwanted portfolio features. This allows investors to tailor exposures to
their risk appetite. However, these metrics are sensitive to the (generally historical) inputs.
Large changes in the input assumptions can have a meaningful impact on the results
and resulting interpretations, or indeed if the future is unlike the past.
The chart below illustrates how risk measures, in this case correlation, can vary over time.
The historical correlation since 1990 between global equities and implied volatility (VIX
index) is -0.53. Although the average historical volatility is intuitive, the variation is not.
Indeed, adding a long position in volatility, which is typically used as a form of insurance,
to reduce investment risk would not be warranted based on the positive correlation of 0.41
– precisely what occurred in December 1995 with volatility and global equities.
Figure 1: Global Equities vs Implied Volatility (VIX)
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Global Equities is the MSCI World in USD. Implied Volatility is the CBOE SPX Volatility Index in USD.

See Lin, Engle, and Ito (1994), Karolyi and Stulz (1995), Bae, Karolyi, Stulz (2000) Ang and Chen (2002).

If future asset returns and co-variances need to be estimated, with an error term, then it follows that investors that
underestimate the extent of co-movements will have greater risk than intended.
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Although time-varying correlations and volatilities might provide a challenge to the
traditional risk models, they do provide DAA opportunities. Ang and Bekaert (2001)
evidenced the benefits of dynamically hedging foreign exchange exposure and
introducing a risk-free asset into the portfolio as correlations and volatilities increase. The
rationale for dynamic reallocation of capital is reinforced by Longin and Solnik’s (2001)
findings that correlations asymmetries are exacerbated amongst small, value and
negative momentum stocks.
The benefit of being able to identify changes over time in capital markets should be
higher risk- adjusted returns, through increased return potential and the preservation of
capital. If we believe that we are experiencing ‘normal’ or ‘average’ capital market
behaviour, then we may be able to rely on long-term historical averages or expected
equilibriums. However, long-term allocations are highly likely to be suboptimal if we are
not experiencing ‘normal’ capital market conditions.

Which ‘normal’? Old normal, new normal or abnormal?

A significant challenge to portfolio construction and risk management is the concept of
regime shifts. For example a shift could be caused by unanticipated changes in growth,
inflation, monetary policy, regulation, brittleness of the financial system or other secular
shifts. The challenge for investors is to be able to identify regime shifts and determine
the appropriate action, which could be a conscious decision of no-action.

Any shift in market
conditions,
especially a regime
shift, has significant
consequences for
investors’ optimal
portfolio allocation.

Any shift in market conditions, especially a regime shift, has significant consequences
for investors’ optimal portfolio allocation.
Glodfeld and Quandt’s (1973) suggested a Markov switching regression to characterise
changes in parameters of an autoregressive process which Hamilton (1989) later applied
to the US business cycle. These early insights have been further refined as the
applications are wide ranging in financial markets.
Regime shifts result in different asset returns, volatilities and asset correlations (not to
mention autocorrelations). To help us monitor regime shifts, we first need to determine
an appropriate measure of abnormality in data or process for the identification of outliers.
Mahalanobis (1927, 1936) defined a distance measure that was prompted by requirement
to compare the similarities, or lack thereof, of human skulls. We use this measure to
calculate the degree of uncharacteristic behaviour within financial markets, capturing
extreme price movements and changing relationships. Kritzman and Li (2010) coined the
application of this measure to financial markets ‘Turbulence’4. We believe this represents
an appropriate and vernacularly intelligible description of the distance measure when
applied to financial markets and will refer to the Mahanlaobis distance as turbulence for
the remainder of the paper.
As the foreign exchange market is the world’s largest and most liquid market it provides
a great lens to view historical events. So when have we observed financial turbulence in
foreign exchange markets? As we can see, turbulence in foreign exchange markets
could be seen during the major events of: the British government being forced to
withdraw the pound sterling from the ERM, Russia devaluing the Ruble; defaulting on
their debt, and the Global Financial Crisis.

4

Turbulence is calculated as Mahalanobis distance of recent sets of returns compared to their history.
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Figure 2: FX Monthly Turbulence
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Source: Bloomberg, Internal Propriety Models. Data to 30 September 2014.

– Arthur Cecil Pigou

1 .0
Although
historical identification of crises is informative, it would be more useful to identify
0.9 a regime shift occurs. This allows for a timely review of any assumptions, such as
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We now focus on the identification of regime shifts. The aim is Lehman
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change the information content to a probabilistic interpretation of market behaviour. This
is helpful for two reasons: identifying when market behaviour is no longer ‘normal’, and
secondly, to identify when markets return to normal.

Regime Probability

“The error of
optimism dies in the
crisis, but in dying it
gives birth to an
error of pessimism.
This new error is
born not an infant,
but a giant.”
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To determine foreign exchange regimes we apply a two-state hidden Markov model to
the foreign exchange turbulence. A four-state model is proposed by Guidolin and
Timmermann (2006) to model the economic cycle of crash, recovery, slow growth, and
bull. We acknowledge that a two-state model could oversimplify the behavior of financial
markets, although given the options of simple or complex we recognise Occam’s razor5.

	Occam’s razor is a problem-solving principle that gives precedence to simplicity; among competing hypotheses, the one with
the fewest assumptions should be selected.
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Figure 3: Foreign Exchange Regimes
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Posit
1 00 that market activity can be characterised at any point in time as being in either one
of two states: stable with low volatility, or alternatively fragile, with corresponding lower
average
return and higher volatility6. This is the basis for our two-state model with the
90
first state being ‘normal’ and the second state being ‘ex-normal’.
The chart provides the graphical probabilities, where a probability of 0 indicates 100%
likelihood of being in the ‘normal’ regime and value of 1 indicates 100% likelihood of
being within ‘ex-normal’ regime.
This matches our view of market participants’ behaviour. For the most part market
participants act rationally and try to maximise their risk-adjusted returns. However there
are times where high emotions take control – leading to large scale panic. If we identify
these shifts, then the challenge is to identify the allocations or positions that would
perform well in the new environment, and to do so in a timely manner.
It is important to recognise that turbulence is not designed to identify cheap vs. rich
valuations in asset markets. Valuation is a very different topic from changing market
behaviour and we shouldn’t conflate the two. So far we have only investigated foreign
exchange regimes. The benefit can be extended to equities, commodities, sovereign
bonds, as well as investment subsectors and indeed even market factors, such as those
identified by Fama and French.

Contagion: are my exposures unified or diversified?

In a utopian investment world we would be able to identify all the factors that drive our
potential performance and risks. This would provide us with a much better macro level
view of our ex-ante risk decomposition. Many investors have had the right thesis but the
wrong positions.
The holy grail of asset allocation is the identification of uncorrelated compounding assets.
So being able to find uncorrelated return and risk drivers would be significantly meaningful.
Or in a risk context, the reverse would be informative: how unified are my exposures?

	Strictly speaking, the two states could also correspond to “higher average with higher volatility,” and “lower average with lower
volatility,” although this is less common. The determination is done by the two-state hidden Markov model.
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Numerous studies have published suggested measures of financial integration or
segregation7. For example Forbes and Rigobon (1999) investigate shifts in the variancecovariance matrix to test for contagion whereas Eiling and Gérard (2007) calculate the
extent of integration using global and regional factors. Pukthuanthong and Roll (2008)
put forward an R-squared integration measure by regressing country returns on prior
calendar year’s principal components.
We use principal components analysis (PCA) to decompose the variation in returns into
uncorrelated factors that explain as much of the variation in returns as possible. This
quantifies the degree to which performance is explained by the first n factors. Kritzman
et al. (2011) used the moniker of ‘Absorption’ to describe the application of PCA to
financial market returns. We prefer ‘Brittleness’ as a more intuitive description. The
quantum these n factors can explain is called the brittleness ratio. As the brittleness ratio
increases capital markets become more fragile, increasing the likelihood of shocks
propagating through markets as fewer factors drive returns.
As the brittleness ratio declines capital markets become more resilient, implying that
isolated shocks are less likely to cascade and become terminal. In the illustration below we
see how much the first five and ten factors are driving the asset returns and ultimate risks.
Figure 4: Global Assets Brittleness - 5 & 10 Factors
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Source: Bloomberg, Internal Propriety Models. Data to 30 September 2014.

Taking
the brittleness ratio we again use regime shifts to provide us with a quantitative
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of the unification of financial markets. This provides us with another layer of
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capital market information. It also allows us to identify a number of
historical
Regime
shifts back events.
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When capital markets become coupled, broad portfolio protection strategies and tail risk
0.7
strategies
are likely to become meaningful. In the eye of the storm everything becomes
a burden (or saviour in the case of insurance).
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Segregation being the opposite of integration.
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Figure 5: Global Assets Probability - 5 Factors
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If the investment
landscape shifts so
does our thinking.

Why do we care?

Although there may be strong fundamental reasons underlying an investment thesis.
At times the macro environment is going to dominate: momentum can grow; cheap
assets can get cheaper; and expensive assets can continue to rise in value. It is very
difficult to design a portfolio based on irrational behaviour, although, it is possible to
ensure that it is resilient.
The reason why we monitor turbulence and brittleness is to capture an additional
dimension of risk. As asset allocators we closely monitor valuations, carry, momentum
and other meaningful inputs such as supply and demand; central bank action and the
political landscape to name a few. But these are only useful if we can understand them in
the current market context.
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