Using Time Series Models to Analyze Large Financial Data Sets

Over the years, finance has become more and more complex. Quesitlon :
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the ARCH and GARCH model. For ARCH(1) we have the following results according to different values of

1. These results indicate that the procedure works properly for ARCH(1). On

the other hand, this approach to measure leverage 1s not good for AR(1) model,
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Autoregressive-moving-average (ARMA ) models provide a parsimonious (v 0.1 ()2 (0.3 () 4 ()5 (0.6 (.7 ()8 0.9
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mials, one for the auto-regression and the second for the moving average. For
example, AR(1) model is defined as
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Table 1: ARCH(1) with ag = 1 and different values of o

where Z; 1s a white noise.
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A (G)ARCH sequence is used to model and predict volatility (of e.g.
stocks, XE rates etc.), based on historical values through model fitting. Recent
data 1s given more significance than older data. For example, ARCH(1).
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Leverage usually understood as a negative dependence between previous re]ectlon probablllty less

returns and future volatility. This means that large negative returns should than signiﬁcance level) for
usually be followed by high volatilhity. There are many ways to represent lever- ARCH(].) However. we

age. One can think of it as a covariance coefficient, or as the conditional tail

probability have large rejection
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one should not use the test
for linear time series
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VEm XX We applied our test to two data sets: Swiss/USD exchange rates and Yuan/USD) | both data sets. The results

Under the appropriate assumptions, this test statistics 1s asymptotically stan- we got indicate that there

o ol exchange rafes, dpecifically, for two data sets displayed, we computed log- is no leverage in both data

Theoretical properties: for ARCH(1) or GARCH(L,1) or AR(1), there 1s no . | D - | sets..
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eto) allowed to use our test. In both cases we rejected the presence of leverage.
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