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ARIMA: AutoRegressive Integrated Moving Average
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Summary of rules for identifying ARIMA models

Identifying the order of differencing and the constant:

« Rule 1: If the series has positive autocorrelations out to a high number of lags (say, 10 or more), ther
« Rule 2: If the lag-1 autocorrelation is zero or negative, or the autocorrelations are all small and patter
autocorrelation is -0.5 or more negative, the series may be overdifferenced. BEWARE OF OVERDIFF

« Rule 3: The optimal order of differencing is often the order of differencing at which the standard devia
differencing can also be corrected with AR or MA terms. See rules 6 and 7.)

« Rule 4: A model with no orders of differencing assumes that the original series is stationary (among ot
the original series has a constant average trend (e.g. a random walk or SES-type model, with or withc
series has a time-varying trend (e.g. a random trend or LES-type model).

* Rule 5: A model with no orders of differencing normally includes a constant term (which allows for a n
not include a constant term. In a model with one order of total differencing, a constant term should be

Identifying the numbers of AR and MA terms:

« Rule 6: If the partial autocorrelation function (PACF) of the differenced series displays a sharp cutoff a
"underdifferenced"--then consider adding one or more AR terms to the model. The lag beyond which t

« Rule 7: If the autocorrelation function (ACF) of the differenced series displays a sharp cutoff and/or th
"overdifferenced"--then consider adding an MA term to the model. The lag beyond which the ACF cuts

* Rule 8: It is possible for an AR term and an MA term to cancel each other's effects, so if a mixed AR-M
fewer MA term--particularly if the parameter estimates in the original model require more than 10 iter
MA TERMS IN THE SAME MODEL.

« Rule 9: If there is a unit root in the AR part of the model--i.e., if the sum of the AR coefficients is almc
order of differencing by one.

« Rule 10: If there is a unit root in the MA part of the model--i.e., if the sum of the MA coefficients is alr
order of differencing by one.

« Rule 11: If the long-term forecasts* appear erratic or unstable, there may be a unit root in the AR or |

Identifying the seasonal part of the model:

« Rule 12: If the series has a strong and consistent seasonal pattern, then you must use an order of sea
fade away over time). However, never use more than one order of seasonal differencing or more than

« Rule 13: If the autocorrelation of the appropriately differenced series is positive at lag s, where s is the
the autocorrelation of the differenced series is negative at lag s, consider adding an SMA term to the n
which should be done if the data has a stable and logical seasonal pattern. The former is likely to occu
seasonal pattern is not stable over time. You should try to avoid using more than one or two seasonal
the data and/or problems in estimation.

*A caveat about long-term forecasting in general: linear time series models such as ARIMA and expon(
period-ahead forecasts and plugging them in for unknown future values as they look farther ahead. For exar
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Time Timeseries ID  Target Features | [ | [

i Date Item ltem_Sales Store_1 Foot Traffic Item Website Clicks Promo Color Price
Jan-01-19  Widget_1 297 437 172 0 Blue 25
:Jan-02-19 Widget_1 223 105 116 0 Blue 25
Jan-03-19  Widget_1 222 192 42 0 Blue 25
'Jan-04-19 Widget_1 280 143 93 0 Blue 25
Jan-05-19  Widget_1 264 252 92 0 Blue 25 ﬁ f 0) 7—_“_ ﬁ

LN

Feb-02-19  Widget_1 353 121 171 0 Blue 23

: Feb-03-19  Widget 1 286 132 85 0 Blue 23
Feb-04-19  Widget 1 215 419 83 0 Blue 23

'Feb-05-19  Widget_1 343 232 144 0 Blue 28
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