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The purpose of this poster is to show an application of fractional * Assuming a time series trajectory Y, Yy 1,Y 5, ... Yi—p with p = E(Y,) = 0 and a lag operator:  Persistence is moderate in the attendance data (d = .27),
differencing (Beran, 1994), a recently developed technique to substantial in the River Nile data (d = .39);

analyze long-range irregular patterns in time series data, using B(Y,) = Y, q; B%(Y,) = Y, ;.. B*(Y,) = Y,_,

two illustrative datasets: 1. The annual discharge volume of the « The fractional differencing results suggest irregularity in both
River Nile from 622 through 1245 AD (a ‘classic’ dataset), and 2. data sets.

Daily attendance rates in one New York City high school from the fractional differencing model can be expressed as:

2010-2014. The main features of fractional differencing are
explicated, and it is shown how irregularity manifests itself in the (1+ @B+ @,B* + -+ ¢,BP)(1 - B)4Y,=(1+ 6;B+ 0,B* + -+ 0,B%e,. . .
time series and diagnostic autocorrelation function plots of Discussion
these data. The differencing parameter d is generated and

interpreted for both datasets. * The autoregressive component (at p lags) and long-range memory component, respectively, are on the left; the moving average

component (at g lags) is on the right. * Although short-range models also describe these data well,
the models relying exclusively on the long-range parameter
describe the data best in both cases indicating long-range
dependencies.

Rationale for the Study * We assume a stationary series, with — 0.5 < d < + 0.5.

* The differencing parameter d indicates long-range autocorrelation. A positive value denotes persistence, a negative value of d
* Irregularity in time series is suggestive of complex adaptive indicates anti-persistence (Sowell, 1992).
processes in the system of interest, with unpredictably
recurring cycles.

* The significance of the differencing parameters points to a
complex adaptive process in these systems that warrants

: : : : : further examination.
 As an extension to conventional time series anaIyS|S, ReSUItS
fractional differencing approaches are well within reach of Table 3
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* Interpretation of the parameter estimates.




