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l. Abstract

In this report, | apply the standard PCA model to
extract and examine the relevant factors driving the cur-
rency market. In section Il and Ill, | discuss and present key
benchmarks for each important® principal component. Af-
terwards, | introduce my findings, in section Ill and IV, on
the use of PCA in modelling time-varying volatility and co-
variance. An example use-case of forecasting daily value at
risk within the context of an FX portfolio is presented. |
conclude the report and discuss some of my personal opin-
ions on the caveats of applying PCA analysis.

1. All vs. Localized Pairs

Running PCA on all pairs as well as on two subsets
of currencies (USD and EUR), | first found that the unique
factors are more concentrated globally versus the Euro and
US dollar. Indeed, in order to explain about 87% of variance
in all three sets, only 10 independent factors are required
for all 171 pairs while almost half of all PCs within USD and
EUR are required (See exhibit 1). To examine whether the
PCs are spurious, | plotted a six month rolling window of
percentage of total variance explained (TVE) for all three
sets of significant PCs (Exhibit 2). With the exception of
Global PCs, total explainability breaks down from the start
of 2013 to 2015, implying that more important and unob-
served factors started to emerge during that time. Further-
more, | speculate that the PCs are becoming less relevant
due to constantly changing global economic conditions.

11. Economic Factor Search

In order to search for a single relevant benchmark
that best characterizes each principal components, | calcu-
late both the Pearson’'s and Spearman’'s . While as-
sumes linearity in correlation, uses rank correlation and is
more robust to non-linear relationships between variables.
As a simple heuristic, when = | a more non-linear rela-
tionship may exist between the PC and the underlying fac-
tor, vice versa. Lastly, the disparity between currency and
equity close times were treated by aggregating all data on
a weekly frequency.

Examining the global currency set (all pairs), the
story here becomes evident. The first three principal com-
ponents can be characterized as the three global economic
powerhouses: EM/Europe, U.S and Russia respectively (see
exhibit 3). The first PC is closely tied to stock market
prices within the emerging market segment. The PC is
composed of simply being long on the US dollar and short
the Euro. One interesting relevant factor shown is the semi-
strong negative correlation between US dollar and Gold (

Exhibit 1. PCs required from specific subsets of currency crosses
at a approximately 87% of total variance explained

FX Group PC Required % of Variance
All 10/171 (5.8%) 87.3%
usD 8/18 (44%) 86.8%
EUR 9/18 (50%) 87.7%

Exhibit 2. Total variance explained over time for Euros, USD and
All pairs (Global)
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Exhibit 3. Top Four Correlation Statistic between principal
components within global currency set and benchmarks

For PC1 (EM Play)

ACWYX (Large/Mid Cap Non-U.S Equities) 77% 67%
VEU (All-World ex-US Equities) 77% 69%
EDZ (Emerging Market Bear 3X) 71% -64%
EUM (Short MSCI Emerging Markets) 76% -66%
T Forbca (U Py
EUO (UltraShort Euro) 61% @ 62%
UUP (US Dollar Bull Index) 58%  59%
GLD (Gold) -25%  -25%
FXE (Euro Trust) -56% | -57%
e PGS (Russia Play)
RUSL (Russia Bull 3x) 46% | 59%
UWTI (Long Crude 3x) 34% | 39%
UVXY (Ultra VIX Futures 2x) -26%  -37%
DWTI (Short Crude 3x) -33%  -37%

L Asa general heuristic any component with less than 10% variance explained will not be considered in the analysis



25%). | attribute this to mainly the fact that gold is de-
nominated in US dollars and any strong relative changes
would cause the other to move inversely. Lastly, the third
PC points towards the Russians due to its positive correla-
tion with both Russian equity and Crude oil prices. We
should expect the commodity correlation since Russia is the
world’'s second largest Crude oil exporter. It is also im-
portant to note the non-linearity between the third principal
component and its Russian counterparts due to the large
spread between their rank and linear correlation.

Applying the same methodology to the other two
subset of currencies, | find very similar results where Euro
pairs are driven by negative US equity (-25%) and dollar (-
55%) performance. US pairs are primarily driven through
strong US equity performance (50%) - specifically the
Dow30 and S&P 500 — as well as poor Emerging Market
returns (-70%) — that is to say, US dollar and emerging
market returns are negatively correlated. | postulate the
reason being that when US markets enter into a strong bull
rally, foreign investors rush to exchange their currency to
try to own a piece of the pie and thus further appreciating

Exhibit 4. GARCH(1,1) parameter estimates for each principal
components within the global currency set (* indicates
significance at the 5% level)

the USD. Likewise, when EMs are within a risk-off envi- ! 0.0091* 0.0788* 0.9121*
ronment, investors see US treasuries and dollar as a flight 2 0.0070 0.0361* 0.9578*
to safety and reallocate their portfolio within those areas. 3 0.0052 0.1409* 0.8591*
4 0.0153* 0.0651* 0.9182*

V. Further Application: Volatility Model- 5 0.0078* 0.0560* 0.9358*
ling 6 0.0128* 0.0501* 0.9367*

One of the most widely used risk models within fi- 7 0.0127 0.0735* 0.9215%*

nance by both academics and practitioners is the standard 8 0.0151* 0.0628* 0.9236*
GARCH(p,q) model. Indeed, it would be prudent and prac- 9 0.0080 0.0711* 0.9280%
tical for managers to model the volatility clustering effect 10 0.0133* 0.0475* 0.9390%*

and anticipate changing risk many periods ahead. However,
one of the many issues that volatility models face is param-

eter estimation especially with a large  and small . Con-
sider a standard univariate GARCH(1,1) model

2= 4+ 2.4 2,
applied on our global currency set for all pairs (*,”, ) x

1 7 for a total of 513 parameters. Using PCA and reducing
dimensionality to only 10 factors, we only have to estimate
30 parameters, significantly reducing estimation error as
well as computation time. This effect is also exacerbated
when it comes to more complicated multivariate models
where covariations need to be considered. PCA model is
able to overcome the issue through only having to provide
univariate estimates?.

Exhibit 4 shows the first ten components (87%
TVE) from the global currency set fitted with the univariate
GARCH(1,1). Indeed, all PCs tend to exhibit significant
squared residual autocorrelation (= 0) and thus would
make the time-varying volatility model attractive to use.

2 Methodologies I've researched into and considered here are from Alexander (2002) and Burns (2005)



http://papers.ssrn.com/sol3/papers.cfm?abstract_id=248132
http://www.burns-stat.com/pages/Working/multgarchuni.pdf

Using the original factor loadings from PCA, we can re-
rotate the variable space and form a time-varying covari-
ance matrix. Exhibit 5 plots the forecasted volatility process
for four Euro FX pairs made from the PCA-based
GARCH(1,1) model. As shown, the model is able to cap-
ture the volatility clustering and decay within the currency
pairs especially during the periods between 2008 and 2010.

Investment risk managers should be especially in-
terested in analyzing changing risk regimes over time for
their portfolios. One use-case is to apply the PCA-based
GARCH model to forecast the value at risk (VaR) for any
FX portfolio. In exhibit 6, | plotted both the one period
daily 5% nominal VaR forecast and cumulative performance
of an equally-weighted $1m Australian Dollar portfolio. The
VaR metric tends to spike whenever there are sudden large
drawdowns within the FX portfolio. Managers should be
able to use this tool to constantly anticipate for changes
and adjust their portfolio accordingly.

V. Conclusion & Caveats

In this report, | applied PCA on three different sets
of currency pairs to extract and identify various independent
factors driving returns variation. Using simple correlation
measures, | found that the top factors that drive global cur-
rencies stem from the three major economic players: US,
Europe and Russia. These factors are often proxied by a
mix of both equity and commodity returns.

| then used the extracted PCs to integrate into a
standard GARCH(1,1) model to capture time-varying vola-
tility and covariation. The main benefit of this approach is
utilizing PCA’s orthogonality for quick and computationally
efficient estimates of multivariate volatility models.

While results shown here are promising, | still be-
lieve there exists a degree of both data mining and overfit-
ting bias within the PCA model. Indeed, when in-sample
TVE (exhibit 2) is volatile over time, the true efficacy of
PCA out-of-sample is probably negligible. Furthermore, one
should always be wary of reversing the process of quantita-
tive research by curating the data ad-hoc and then weaving
a cognitively dissonant narrative to fit the numbers.

Exhibit 5. PCA-based GARCH(1,1) annualized volatility
estimated for four major Euro FX pairs
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Exhibit 6. Cumulative AUD Portfolio Performance (blue; left-
axis) and in-sample estimate of daily 5% nominal VaR for a $1
million dollar portfolio (orange; right-axis)
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