Chapter 1

Performing Descriptive Methods
Analyses

Background Information

Statistical techniques for analyzing time-series data can range from straightforward
to very complex; however, the first step in an analysis is always to identify the
characteristics of the data. ldentifying the characteristics, such as seasonality,
provides a clear picture of the data and helps determine any seasonal effects, cyclic
changes, trends, errors, outliers, or turning points. In turn, this helps in choosing
appropriate smoothing and forecasting methods.

STATGRAPHICS Plus provides various techniques you can use to adjust or
transform data to improve the results of an analysis. The Descriptive Methods
Analysis allows you to perform statistical calculations that reveal correlations in the
data, to test for nonrandomness of the data, and to produce various plots that reveal
trends and cycles as well as data errors and outliers.

Some of the methods available to help you analyze time-series data are the
following.

Autocorrelations

Autocorrelations help to determine whether the data are random or have a pattern.
STATGRAPHICS Plus calculates the correlation coefficients in a time-series
variable and values for earlier time periods as well. You can display a table of
estimated autocorrelations, standard errors, and upper and lower probability limits
for each lag. For a single time series, it is very useful to compare the observation at
one time period with the observation at another time period; similarly, it is possible
to compare the series with itself, lagged two periods, three periods, and so on. You
can also display the autocorrelation as a graph, which makes it easier to determine
if the data have a pattern. In the graph, the height of the bars represents the
amount of correlation.

Tests for Randomness

You use tests for randomness to obtain metrics that indicate whether data are
random or nonrandom. STATGRAPHICS Plus performs two runs tests and a Box-
Pierce test. The Runs Above and Below the Median test counts the number of runs
that are completely above or completely below the median and ignores the values
that are equal to the median. If the test statistic is large (corresponds to a p-value
less than .05), you can conclude that the values occur in a nonrandom order. The
Runs Up and Down test counts the number of times a sequence rises or falls. This
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test is sensitive to long-term cycles. If the test statistic is small (corresponds to a p-
value greater than .05), you can conclude that the values occur in a random order.
The Box-Pierce test verifies whether the autocorrelation is equal to 0. If the test
statistic is large (corresponds to a p-value less than .05), the autocorrelation is not
equal to O.

Time Sequence Plots

A Horizontal Time Sequence Plot creates a connected lineplot for the time-series
variable against time. The plot shows important features such as trend, seasonality,
discontinuity, and outliers. The existence of a trend in the data means that
successive values will be positively correlated. Seasonality is a pattern that repeats
itself over fixed intervals of time. Discontinuity is an abrupt change or shift in a
pattern, and outliers are extreme values in the data.

Periodogram Table and Plot

A periodogram is a plot of frequency and ordinate pairs for a specific time period
you use to construct a frequency spectrum. A periodogram can be helpful in
identifying randomness and seasonality in time-series data, and in recognizing the
predominance of negative or positive autocorrelation — help that you often need to
identify an appropriate model for forecasting a given time series. If the
periodogram contains one spike, the data may not be random and you may need to
use a periodogram table to determine the seasonality. A periodogram table includes
a column of ordinates and a column of periods. The table also shows the cumulative
sum and integrated periodograms for each period.

To access the analysis, choose SPECIAL... TIME-SERIES ANALYSIS... DESCRIPTIVE METHODS...
from the Menu bar to display the Descriptive Methods Analysis dialog box (see
Figure 1-1).

Tabular Options

Analysis Summary

The Analysis Summary option displays a summary after the program constructs
various statistics and plots for the variable. The summary includes the name of the
variable, the number of observations, the start index, and the sampling interval (see
Figure 1-2). If you provided estimates for missing values, the summary also
displays those values.

If you made adjustments to the data using either the Descriptive Methods Analysis

dialog box or the Adjustment Options dialog box, the summary lists those
adjustments.
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Figure 1-1. Descriptive Methods Analysis Dialog Box
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Figure 1-2. Analysis Summary
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There are five types of data adjustments. If you choose more than one adjustment,
the data are adjusted in this order: inflation, math, seasonal, trend, and
differencing.

Use the Adjustment Options dialog box to choose options for each of the
adjustments.

Data Table

The Data Table option displays a table that lists the adjusted values for each period
and the values for the original data (see Figure 1-3). The values are adjusted
according to the sampling interval and options you chose.
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Figure 1-3. Data Table

Autocorrelations

The Autocorrelations option displays a table of the estimated autocorrelations
between values of the variable at various time lags (see Figure 1-4). The lag k
autocorrelation coefficient measures the correlation between values at time t and
time t - k. If the probability limits at a particular lag does not contain the estimated
coefficient, there is a statistically significant correlation at that lag. You can use
the correlation coefficients to test for seasonal patterns or as a preliminary step in
determining an appropriate model for the data.
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Figure 1-4. Autocorrelations

Use the Autocorrelation Function Options dialog box to enter values for the
maximum number of lags for which the program should estimate autocorrelations
and for the confidence level. Typically, the number of lags should not exceed the
number of observations divided by 4.

Partial Autocorrelations

The Partial Autocorrelations option creates a table of the estimated partial
autocorrelations between values at various lags (see Figure 1-5). The lag k partial
autocorrelation coefficient measures the correlation between values at time t and
time t + k , accounting for the correlations at all lower lags. The table is also useful
in judging the order of an autoregressive model needed to fit the data. If the
probability limits at a particular lag do not contain the estimated coefficient, there
is a statistically significant correlation at that lag.

The table shows the partial autocorrelations, the standard errors, and the upper
and lower probability limits for each lag. Use the table to test for seasonal patterns,
or as a preliminary step in determining an appropriate ARIMA model for
forecasting the data.

Use the Partial Autocorrelation Function Options dialog box to enter values for the
maximum number of lags for which the program should estimate partial
autocorrelations and for the confidence level. Typically, the number of lags should
not exceed the number of observations divided by 4.
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Figure 1-5. Partial Autocorrelations

Periodogram Table

The Periodogram Table option creates a table that shows the frequency and
ordinate pairs for a period, as well as the cumulative sum and integrated
periodograms (see Figure 1-6). The table is often used to identify cycles of fixed
frequency while the pairs are used to plot the amplitudes and frequencies estimated
from the data.

A periodogram is constructed by fitting a series of sine functions at each frequency.
The ordinates are equal to the squared amplitudes of the sine functions. Because
the sum of the ordinates equals the total corrected sum of squares in an ANOVA
Table, a periodogram is often thought of as an analysis of variance by frequency.

Use the Periodogram Table Options dialog box to indicate if the mean should be
subtracted from each observation and if the beginning and end of the time-series
data should be tapered by using a split cosine-bell window. For example, if you
enter a value of 10, the first and last 5 percent of the data are tapered. See
Bloomfield (1976) for a discussion of the tapering method.

Tests for Randomness

The Tests for Randomness option creates the results of two runs tests and a Box-
Pierce test, which determine if the chosen variable is a random sequence of numbers
(see Figure 1-7). A time series of random numbers is often called white noise
because it contains equal contributions at many frequencies.
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Figure 1-7. Tests for Randomness
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The first test counts the number of times the sequence was above or below the
median; the second counts the number of times the sequence rose or fell; and the
third test is based on the sum of squares of the first n autocorrelation coefficients.
Because all three tests are sensitive to different types of departure from random
behavior, failure to pass any of the tests indicates that the time series may not be
completely random.

Crosscorrelations

The Crosscorrelations option creates a table of results used to estimate the
crosscorrelation at lag k. The estimate is created by measuring the strength of the
linear relationship between the value of the first time series at time t and the value
of the other time series k periods earlier (see Figure 1-8). The table is used to
determine if the second time series would help forecast the first.

E[] w 7] Ao B

Estimated Crosscorrelations for ggb with units

Ladoy Crosscorrelation
_E44 508
_E437EE
_EE134E
_EB3287E
_ETEO3E
_Eg7alE
. 304305
_318le7
.330149
_33galse
. 345775
_3E14E1
_367435

_3B14EF3
b
] f

Figure 1-8. Crosscorrelations
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Use the Crosscorrelations Function dialog box to choose the variable that contains
the second set of time-series data and to enter the maximum number of lags
necessary to calculate the crosscorrelations.
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Graphical Options

Horizontal Time Sequence Plot

The Horizontal Time Sequence option creates a connected line plot of the time series
against time (see Figure 1-9). The plot shows important features such as trend,
seasonality, discontinuity, and outliers.
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Figure 1-9. Horizontal Time Sequence Plot

Use the Horizontal Time Sequence Plot Options dialog box to indicate if points and
lines will appear on the plot.

Vertical Time Sequence Plot

The Vertical Time Sequence option creates a plot of the time-series variable in
relation to the baseline (see Figure 1-10). The plot contains a vertical line that
extends from the baseline to each value. Use the plot to identify the values that are
above and below the baseline.

Use the Vertical Time Sequence Plot Options dialog box to enter a value for the
point at which the baseline is to be drawn.

Autocorrelation Function

The Autocorrelation Function option creates a plot of the estimated autocorrelations
between values at various lags (see Figure 1-11). The lag k autocorrelation
coefficient measures the correlation between values at time t and time t - k. Also
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Figure 1-10. Vertical Time Sequence Plot
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Figure 1-11. Autocorrelation Function Plot
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shown in the plot are the probability limits. If the probability limits at a particular
lag do not contain the estimated coefficient, there is a statistically significant
correlation at that lag.

The plot contains vertical bars that represent the coefficient for each lag and a pair
of dotted lines at a distance from the baseline that are a multiple of the standard
error at each lag. Statistically significant coefficients appear as bars that extend
beyond either line. The plot is useful for testing seasonality or other cycles.

Use the Autocorrelation Function Options dialog box to enter the maximum number
of lags for which the autocorrelations will be estimated and to enter a value for the
confidence level.

Partial Autocorrelation Function

The Partial Autocorrelation Function option creates a plot of the estimated partial
autocorrelations among values at various lags (see Figure 1-12). The lag k partial
autocorrelation coefficient measures the correlation among values of lags at time t
and time t + k after accounting for the correlations at all the lower lags. If the
probability limits at a particular lag do not contain the estimated coefficient, there
is a statistically significant correlation at that lag.
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Figure 1-12. Partial Autocorrelation Function Plot

Each coefficient is plotted as a bar whose height is proportional to the value of the
coefficient. By default, the probability limits are plotted as dashed lines at plus or
minus 2, divided by the square root of the number of observations in the time series.
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The bounds are useful for indicating partial autocorrelations that are significantly
different from 0. Bars that extend beyond either line indicate significant
correlations. The plot is useful for judging the order of autogressive model that is
needed to fit the data.

Use the Partial Autocorrelation Function Options dialog box to enter the maximum
number of lags for which the partial autocorrelations will be estimated and to enter
a value for the confidence level.

Periodogram

The Periodogram option displays a plot that uses the ordinates to construct a
frequency spectrum (see Figure 1-13). The plot is constructed by fitting a series of
sine functions at each of the frequencies. The ordinates are equal to the squared
amplitudes of the sine functions.
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Figure 1-13. Periodogram

A Periodogram can also be thought of as an analysis of variance by frequency
because the sum of the ordinates equals the total sum of squares in an ANOVA
table. The plot is used to identify cycles of fixed frequency in the data.

Use the Periodogram Options dialog box to indicate if the mean should be
subtracted from each observation, if the observations should be plotted as points, if
lines should connect the observations, and if the beginning and end of the time-
series data should be tapered using a split cosine-bell window. See Bloomfield
(1976) for a discussion of tapering.
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Integrated Periodogram

The Integrated Periodogram option creates a plot of the cumulative sum of the
periodogram ordinates (see Figure 1-14). Also shown are the Kolmogorov-Smirnov
bounds. If the variable is a purely random time series, the integrated periodogram
should fall approximately along the diagonal line. If it crosses the outer 99 percent
bounds, the hypothesis that the series is random can be rejected at the 99 percent
confidence level.
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Figure 1-14. Integrated Periodogram

Use the Integrated Periodogram Options dialog box to indicate if the mean should be
subtracted from each observation and if the beginning and end of the time-series
data should be tapered using a split cosine-bell window. See Bloomfield (1976) for a
discussion of tapering.

Crosscorrelation Function

The Crosscorrelation Function option creates a plot of the estimated correlations
between a time-series variable at time t and a second time-series variable at time t
+ k as a function of the lag or time differential k (see Figure 1-15).

Use the Crosscorrelation Function dialog box to enter the second set of time-series

data and to enter the maximum number of lags for which the crosscorrelation
function should be calculated.
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Saving the Results

The Save Results Options dialog box allows you to choose the results you want to
save. There are six selections: Data, Adjusted Data, Autocorrelations, Partial
Autocorrelations, Periodogram Ordinates, Fourier Frequencies.

You can also use the Target Variables text boxes to enter the names of the variables
in which you want to save the values generated during the analysis. You can enter
new names or accept the defaults.

Note: To access the Save Results Options dialog box, click the Save Results button
on the Analysis toolbar (the fourth button from the left).
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Chapter 2

Performing Smoothing Analyses

Background Information

If time-series data involve a trend (an upward or downward direction) or a seasonal
effect (for example, strong sales of disposable tissues in winter months), or both a
trend and a seasonal effect, you need to use a smoothing method on the data.
Smoothing methods move through the known data, period by period, as opposed to
using all the past data in one model-fitting exercise.

When you smooth data you combine observations, which tends to reduce
randomness by allowing the positive and negative random effects to partially offset
each other. For example, when you analyze and plot time-series data, the values do
not always follow a straight line. Often the scatterplot you produce will have points
that are scattered more or less randomly, which makes it difficult to see cycles and
trends. To eliminate the randomness in the data pattern, you can combine two or
more observations from periods during which the causal factors were in effect to
achieve a smoothed value. The plot you create after smoothing the data will
produce a curve that more clearly shows the data's general pattern.

The Smoothing Analysis in STATGRAPHICS Plus applies up to two consecutive
smoothing methods to time-series data. After smoothing has been applied, plots are
created to reveal trends and cycles as well as data errors, outliers and residuals.
The analysis also provides several methods used to adjust or transform data to
make it more appropriate for an evaluation.

To access the analysis, choose SPECIAL... TIME-SERIES ANALYSIS... SMOOTHING... from the
Menu bar to display the Smoothing Analysis dialog box shown in Figure 2-1.

Tabular Options

Analysis Summary

The Analysis Summary option creates a summary of the analysis that shows the
name of the variable, the number of observations, the start index, the sampling
interval, and the names of the two smoothers you choose on the Smoothing Options
dialog box (see Figure 2-2). If you make adjustments to the data, the summary lists
those adjustments.

There are five types of data adjustments. If you choose more than one adjustment,
they are adjusted in this order: inflation, math, seasonal, trend, and differencing.
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In a trend adjustment, the trend is estimated and removed using unweighted
regression analysis. The analysis fits a linear or quadratic line, exponential power
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Figure 2-2. Analysis Summary
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curve, or an S-curve through the time-series data. Each of the four fitted models
estimates a function Z(t), where t represents the time index.

Use the Adjustment Options dialog box to choose the type of adjustment and
adjustment options that will be applied to the data.

Data Table

The Data Table option creates a table that shows the results of applying the chosen
smoother to the data. The table shows the values for the original data and the
smoothed and rough residuals for each period (see Figure 2-3).
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Figure 2-3. Data Table

Use the Smoothing Options dialog box to choose either Smoother 1 or 2 and its
corresponding options, to enter values for the length of the moving average, and the
EWMA smoothing constant for the chosen smoother.

Graphical Options

Time Sequence Plot

The Time Sequence Plot option creates a connected line plot of the chosen smoothers
applied to the variable (see Figure 2-4). Important features such as trend,
seasonality, discontinuity, and outliers are shown on the plot.
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Figure 2-4. Time Sequence Plot

Residual Plot

The Residual Plot option creates a plot of the residuals that were calculated as a
result of the smoothing (see Figure 2-5). The residuals are points that fall outside a
smoothed curve (the roughs).

Saving the Results

The Save Results Options dialog box allows you to choose the results that will be
saved. There are four selections: Data, Adjusted Data, Smooth, and Rough.

You can also use the Target Variables text boxes to enter the names of the variables
in which you want to save the values generated during the analysis. You can enter
new names or accept the defaults.

Note: To access the Save Results Options dialog box, click the Save Results button
on the Analysis toolbar (the fourth button from the left).
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Chapter 3

Performing Seasonal
Decomposition Analyses

Background Information

The time-series decomposition approach to forecasting is based on the principle of
“breaking down” a time series into each of its components and then forecasting by
predicting each component separately, except randomness, which you cannot predict
(Makridakis et al., 1983).

The Seasonal Decomposition Analysis in STATGRAPHICS Plus allows you to
perform a classical decomposition of the data. Classical decomposition breaks the
time-series data into four components: trend, seasonality, cycle, and irregular.

* Trend, which is the long-term behavior of the data.

e Seasonality, which is the periodic fluctuation of constant lengths that usually
repeats itself at fixed intervals.

¢ Cycle, which is a wavelike pattern of ups and downs that are similar to
seasonality. Cycles can take place over a long time period such as several years.
The length of time between peaks is not fixed as it is with seasonal movement.

* Irregular, which is movement in the data that cannot be attributed to trend,
seasonality, or cycle. This component is often known as noise.

You can choose either a multiplicative or an additive model to adjust or transform
the data to make it more appropriate for the analysis you are performing.

To access the analysis, choose SPECIAL... TIME-SERIES ANALYSIS... SEASONAL
DECOMPOSITION... from the menu bar to display the Seasonal Decomposition Analysis
dialog box shown in Figure 3-1.

Tabular Options

Analysis Summary

The Analysis Summary option creates a summary of the analysis whose purpose is
to apply a multiplicative seasonal decomposition to the chosen variable (see Figure
3-2). The decomposition separates the variable into trend-cycle, seasonal, and
random components.
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Figure 3-1. Seasonal Decomposition Analysis Dialog Box
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Figure 3-2. Analysis Summary

3-2 \ Performing Seasonal Decomposition Analyses

Version 5



The summary shows the name of the variable, the number of observations, the start
index, the sampling interval, and the method of decomposition you are using. If you
make adjustments to the data, the summary lists those adjustments.

Use the Adjustment Options dialog box to choose an adjustment method and its
options.

Data Table

The Data Table option creates a table that shows each step of the seasonal
decomposition (see Figure 3-3). The Trend-Cycle column displays the results of a
centered moving average of the seasonal length applied to the variable. The
Seasonality column displays the data divided by the moving average and multiplied
by 100. The program then calculates the indices for each season by averaging the
ratios across all the observations in that season, then scaling the indices so an
average season equals 100. The data are then divided by the trend-cycle and the
seasonal estimates to give the irregular or residual component and the component is
then multiplied by 100.

B.|Seasonal Decomposition - bubbly [first[25])

=T - T Y (1]

[Lata Table for bubbly s
Seasonal decomposition method: Multiplicatiwe
Seasonally
Period Data Trend-Cycle Seasonality Irrecular Adjusted
1.0 Z.8158 4. 03676
.0 Z.872 2.94713
3.0 Z.7EE 3.331%7 —
4.0 E.TEL 3.083z23
5.0 Z.3486 E.3Eg807
5.0 3.038 3.61106
7.0 Z.ZBZ 246678 55 BEZE3 2z.11%9 2.193E3
2.0 Z.Zlz 2.4471Z 5d_1g94 l00.5E54 2.46623
5.0 E.QEE 23.45042 g4 _&354 100,554 3.46954
10.0 4. 301 3.4846E 1z3.428 l00.554 3.50394
11.0 5,764 3.5413Z 162,737 l00.554 3.56155
1z.0 7.312 3.58458 Z03.985 l00.554 3.60445 -
< f

Figure 3-3. Data Table

Use the Seasonal Decomposition Options dialog box to choose either the
multiplicative or the additive method, which will be used to combine the component
factors.
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Seasonal Indices

The Seasonal Indices option creates a table that shows the indices for each season
scaled so an average season equals 100 (see Figure 3-4). The indices in the table are
all the ranges in the season; they indicate the average seasonal swing throughout
the course for one complete cycle. A seasonally adjusted value is the actual value
divided by the seasonal index.

E,; Seasonal Decomposition - bubbly

3 A ] el ®

Seasonal Indices for bubbly -

Seasonal decomposition method: Maltiplicatiwe

w1 mon o WM

u] 112213

i o

Figure 3-4. Seasonal Indices

Graphical Options

Trend-Cycle

The Trend-Cycle option creates a plot of the estimated trend-cycle, which is
calculated from the centered moving average of the seasonality length applied to the
chosen variable (see Figure 3-5). The trend-cycle represents the long-term
fluctuations in the data.

Seasonal Indices

The Seasonal Indices option creates a plot of the seasonal indices for each season
scaled so an average season equals 100 (see Figure 3-6). The indices indicate all the
ranges in the season, which is the average seasonal swing throughout the course of
one complete cycle.

If you choose the Multiplicative method from the Seasonal Decomposition Options

dialog box, the indices are based on the average ratios of the moving average. If you
choose the Additive method, they are based on the average differences.
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Figure 3-5. Trend-Cycle Plot
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Figure 3-6. Seasonal Indices Plot
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Irregular Component

The Irregular Component option creates a plot of the irregular or residual
component that was left behind when the trend-cycle and seasonal components were
removed (see Figure 3-7). The plot is scaled so the average residual equals 100.

E,; Seasonal Decomposition - bubbly [first[25]]
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Figure 3-7. Irregular Component Plot

Depending on the method you choose from the Seasonal Decomposition Options
dialog box, the program either divides each value by its index or subtracts the index
from each value. The resulting spikes represent the irregular or residual
component of the data; in other words, movement that cannot be attributed to
trend, seasonality, or cycle.

Seasonally Adjusted Data

The Seasonally Adjusted Data option creates a plot of the seasonally adjusted
values from the Data Table, which are the actual values divided by the seasonality
indices (see Figure 3-8).

Use the Seasonal Decomposition Options dialog box to choose either the
multiplicative or the additive method, which will be used to combine the component
factors.

Seasonal Subseries Plot
The Seasonal Subseries option creates a plot of the time-series data arranged by
season (see Figure 3-9). Horizontal lines represent the average values of the
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observations for each season. Vertical lines represent the actual values in the
season.
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Figure 3-8. Seasonally Adjusted Data
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Figure 3-9. Seasonal Subseries Plot
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Use the Seasonal Subseries Plot Options dialog box to indicate how the points will
be plotted.

Annual Subseries Plot

The Annual Subseries option creates a plot of the values of the time-series data
arranged by cycle (see Figure 3-10). If the data are monthly with seasonality length
of 12, each cycle represents one year.

E,; Seasonal Decomposition - bubbly [first[25]]

EEEEC] T or () o~ [

]
o
3
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:n>|<:|:

bubbly

SEAsON

Figure 3-10. Annual Subseries Plot

Use the Annual Subseries Plot Options dialog box to indicate if the plot will contain
cumulative values.

Saving the Results

The Save Results Options dialog box allows you to choose the results you want to
save. There are five selections: Data, Trend-Cycle, Seasonal Indices, Irregular, and
Seasonally Adjusted Data.

You can also use the Target Variables text boxes to enter the names of the variables

in which you want to save the values generated during the analysis. You can enter
new names or accept the defaults.
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Note: To access the Save Results Options dialog box, click the Save Results button
on the Analysis toolbar (the fourth button from the left).
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Chapter 4

Forecasting Values

Background Information

Great quantities of data in business, economics, engineering, and the natural sciences occur
in the form of time series where observations are dependent. Being able to forecast optimally
is practical and very important for business planning, where forecasting is based on fitting a
model to past observations in a given time series.

One objective in time-series analysis is to develop models that can be used to obtain optimal
forecasts of future values. The model you choose depends on how the forecast will be used,
the degree of accuracy required from the forecast, the amount of time and capital available,
the amount and type of available data, and how far ahead you must forecast.

The fitted model determines if the forecast projections should follow a straight line, an
exponential curve, and so on. The fitted model also allows you to see exactly how the
forecasts use past data to determine the variation of the forecast errors and to calculate
limits within which a future value of the series will lie with a given probability.

STATGRAPHICS Plus includes 13 forecasting models you can modify by changing the
parameters. You can choose up to five models. With each model you can transform the data
or apply a constant rate of inflation. Depending on the model you choose, you can also
optimize parameters or include a constant term. If the data are seasonal, you can apply
differencing and choose a seasonal adjustment.

Random Walk
Randomly forecasts the next observation based on the current observation and the mean and
standard deviation of the difference of the values.

Mean
Forecasts by adding together the values of the items and dividing them by the number of
items; more simply, by using the average.

Linear Trend
Fits a straight line through the data and into the forecasting periods.

Quadratic Trend
Fits a quadratic curve through the data and into the forecasting periods.
Exponential Trend

Fits an exponential curve through the data and into the forecasting periods.

S-Curve
Fits an S-shaped curve through the data and into the forecasting periods.
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Moving Average
Uses the moving average to smooth the data and to predict future values.

Simple Exponential Smoothing
Smoothes the data and predicts future values by exponentially weighting the values in the
time series.

Brown's Linear Exponential Smoothing
Smoothes the data and predicts future values by applying a double-smoothing formula to the
data using one parameter, alpha.

Holt's Linear Exponential Smoothing
Applies a double-smoothing formula to the data using two smoothing parameters: alpha and
beta.

Quadratic Exponential Smoothing
Assumes that the data follow a trend characterized as a second-order polynomial.

Winter's Exponential Smoothing
Applies three separate smoothing parameters to the data: alpha, beta, and gamma. It
estimates the level of the series (the stationarity), the linear trend, and the seasonality.

ARIMA Model
Estimates and forecasts using the methods prescribed by Box and Jenkins (1976).

Using the Forecasting Analysis

To access the analysis, choose SPECIAL... TIME-SERIES ANALYSIS... FORECASTING... from the
Menu bar to display the Forecasting Analysis dialog box shown in Figure 4-1.

Note: When you are entering data for time-series variables, data that contain missing or
embedded values cannot be entered at the beginning or end of the series.
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Figure 4-1. Forecasting Analysis Dialog Box

Tabular Options

Analysis Summary

The Analysis Summary option creates a summary of the analysis that displays the name of
the variable, the number of observations, the start index, and the sampling interval (see
Figure 4-2). The summary also displays a summary of the forecast statistics: the name of
the chosen forecast model, the number of forecasts generated, and the number of periods
withheld for validation.

A table shows the results of the validation, which are used to validate a model's accuracy.
The statistics include:

MSE (Mean Square Error) — a measure of accuracy computed by squaring the individual
error for each item in a dataset, then finding the average or mean value of the sum of those
squares. If the result is a small value, you can predict performance more accurately; if the
result is a large value, you may want to use a different forecasting model.
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Figure 4-2. Analysis Summary

MAE (Mean Absolute Error) — the average of the absolute values of the residuals;
appropriate for linear and symmetric data. If the result is a small value, you can predict
performance more accurately; if the result is a large value, you may want to use a different
forecasting model.

MAPE (Mean Absolute Percentage Error) — the mean or average of the sum of all the
percentage errors for a given dataset without regard to sign (that is, the absolute values are
summed and the average is computed). Unlike the ME, MSE, and MAE, the size of the
MAPE is independent of scale.

ME (Mean Error) — the average of the residuals. The closer the ME is to 0, the less biased,
or more accurate, the forecast.

MPE (Mean Percentage Error) — the average of the absolute values of the residuals divided
by the corresponding estimates. The one-ahead forecast errors are divided by the actual
values. Like MAPE, it is independent of scale.

If you choose certain model types, a summary of the statistics appears at the bottom of the
Analysis Summary. The summary includes the parameter(s) for the model, the estimate, the
standard error, and the t- and p-values. Each of the statistics is based on the one-ahead
forecast errors, which are the differences between the value at time t and the forecast of that
value made attime t - 1.

Use the Model Specification Options dialog box to choose the forecasting model that will be
used to fit the data; to indicate the type of forecasting model that will be used to set the
parameters and terms for the model, to indicate the method that will be used to perform the
seasonal adjustment on the data, to indicate the order of differencing that will be applied to
the data, to indicate the type of adjustment that will be applied to the data, and to indicate
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how the data will be adjusted for a constant rate of inflation. You can also use the
Estimation... and Regression... commands to access other dialog boxes.

Forecast Table

The Forecast Table option creates a table of the forecasted values. During periods when
actual data are available, the table displays the predicted values from the fitted model and
the residuals (see Figure 4-3).

B./Forecasting - ibm

= SN I R #] reel  m

Forecast Tahle for ibm .
Model: PBandowm wallk

Period Data Forecast Besidual

171715970 4&0.0

1l/2,/15970 457 .0 450.0 -3.0

13,1370 4520 4570 -5.0

1lr/4,1370 4530 45z.0 7.0

175715970 452 .0 4539._0 3.0

1l/6,/15970 4530 4620 -3.0

1/7,/1970 4530 4520 4.0

18,1370 4730 4630 le.0

1/9513970 493.0 473.0 14.0

151051970 490._0 49320 -3.0

151151570 49z .0 420.0 z.0

LA1EF1270 4950 49z.0 5.0

1/1351370 433.0 4350 1.0

11471370 4970 493._0 -E£.0

1F1EF1970 4950 4970 -1.0

1A1e51970 420._0 4950 -&.0 p—
< AI_‘

Figure 4-3. Forecast Table

During time periods beyond the end of the series, the table shows the prediction limits for the
forecasts. Assuming the fitted model is appropriate for the data, the limits show, with 95
percent confidence, the location of the true data value at a chosen future time. Use the
Vertical Scroll Bar to the right of the table to view the entire table. The future forecasts and
their corresponding upper and lower confidence limits are displayed at the bottom of the
table.
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Model Comparisons

The Model Comparisons option creates a table of the results of comparing five different
forecasting models (see Figure 4-4). In general, the better model has smaller MSE and MAE
values and values of ME and MPE that are closer to 0. The table also summarizes the results
of five tests run on the residuals to determine if each model is adequate for the data.

B./Forecasting - ibm

Model Comparison

!
|
=]

[ata wariable: ibm

flanbher of obserwations = 120
Start index = 15151970
Sampling interwval = 1.0 dayis)

Models

{A) Pandom walk

{B) Constant mean = 13732

{C) Linear trend = -7401._47 + 1.074564 +

(D) Simple moving awverage of & cerms

(E) Bimple exponential smocthing with alpha = 0.593%3

Estimation Period

Model MEE MLE MAPE ME HFE

8] £Z8.3868 4. 08403 0.73081e 1.10924 0.Z0ees

(B le20 0Z 35,4927 & 24076 1.0200ZE-13 -0.&103&9

L] ZgL. 023 13,9372 Z.73899 —&.97EZT3E-12 0053322332 =

Figure 4-4. Model Comparisons

Residual Autocorrelations

The Residual Autocorrelations option creates a table that shows the estimated
autocorrelations between the residuals at various lags (see Figure 4-5). The lag k
autocorrelaton coefficient measures the correlation between the residuals at time t and time t
- k. The probability limits are also shown. If the limits at a particular lag do not contain the
estimated coefficient, there is a statistically significant correlaton at that lag.

The table also shows the standard errors, and the upper and lower probability limits for each
lag. You can use the residual autocorrelations to determine if the chosen model is
appropriate for the data.

Use the Autocorrelation Function Options dialog box to enter a value for the maximum
number of lags that will be estimated for the residual autocorrelations, and to enter a value
for the size of the probability limits that will be used to calculate the residual
autocorrelations.
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11 0O.080444 0.1015%71 -0.19%28E55 0.1938E53
12 —-0.0739733 0O_1l0zE0z —-0_z009201 0_zo0201
13 -0.177023 0_10z3k5 -0_z01773 o_zolwra
14 -0.0E5751ZE 0105477 -0_Z08731 0.Z0&8731 -
Kl

Figure 4-5. Residual Autocorrelations

Residual Partial Autocorrelations

The Residual Partial Autocorrelations option creates a table of the estimated partial
autocorrelations between the residuals at various lags (see Figure 4-6). The lag k partial
autocorrelation coefficient measures the correlation between the residuals at time t and time
t + k after accounting for the correlations at all the lower lags.

Use the results to determine the order of autoregressive model that is needed to fit the data.
The probability limits are also shown. If the limits do not contain the estimated coefficient at
a particular lag, it is an indication that there is a statistically significant correlation at that
lag at the 95 percent confidence level.

Use the Partial Autocorrelation Function Options dialog box to enter the maximum number
of lags that will be estimated for the residual autocorrelations and to enter the size of the
probability limits that will be used to calculate the residual autocorrelations.

Residual Periodogram Table

The Residual Periodogram Table option creates a table that shows the periodogram ordinates
for the residuals that are used to identify cycles of fixed frequency of the data (see Figure 4-
7). A periodogram is constructed by fitting a series of sine functions at each of the chosen
frequencies. The ordinates are equal to the squared amplitudes of the sine functions.
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Model: Random walk
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Figure 4-6. Residual Partial Autocorrelations
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<

Figure 4-7. Residual Periodogram Table
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A periodogram can also be thought of as an analysis of variance by frequency because the
sum of the ordinates equals the total corrected sum of squares in an ANOVA table.

Use the Periodogram Table Options dialog box to indicate that the mean should be
subtracted from each observation and to indicate that the program should taper the
beginning and end of the time-series data using a split cosine-bell window. See Bloomfield
(1976) for a discussion of the tapering method.

Residual Tests for Randomness

The Residual Tests for Randomness option runs three tests to determine if the residuals form
a random sequence of numbers (see Figure 4-8). A sequence of random numbers is often
called white noise because it contains equal contributions at many frequencies.

= 1 Forecasting - [_ (O]

l-- g w (]  Fow [#]

Tests for PBandomness of residuals

Data wariable: ibm

Model: Pandowm wallk

Pun=s above and below median
Median = 1.0
MNunmher of runs abowve and below median = 48
Expected mumber of ruans = EE.SE73
Large sample test statistic = = -1.42477
P-walus = 0_ 154224

Number of runs up and dowm = 70

Expected mamber of runs = 730

Large sample test statistic = = -1.86EEe
P-walue = 00625666

Eox—Pierce Test

FE— il

Figure 4-8. Residual Tests for Randomness

The tests are Runs Above and Below the Median, Runs Up and Down, and the Box-Pierce
test. The Runs Above and Below the Median test counts the number of runs that are
completely above or completely below the median; it ignores the values that are equal to the
median. The test is sensitive to trends in the data. If the test statistic is large (corresponds
to a p-value less than .05), it can be concluded that the values occur in nonrandom order.

The Runs Up and Down test counts the number of times a sequence rises or falls; it is

sensitive to long-term cycles. If the test statistic is small (corresponds to a p-value greater
than .05), it can be concluded that the values occur in random order.
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The Box-Pierce test determines if the autocorrelation is equal to 0. If the test statistic is
large (corresponds to a p-value less than .05), the autocorrelation is not equal to 0, which
indicates that the model is not adequate.

Use the Box-Pierce Test Options dialog box to enter the maximum number of lags for which
statistics will be estimated for the test.

Graphical Options

Time Sequence Plot

The Time Sequence Plot option creates a connected line plot for the forecasted values against
time (see Figure 4-9). The plot also includes the prediction limits for the forecasts, which
shows with 95 percent confidence, where the true value of the variable is likely to be at any
point in the future.

= 5 Furecastlng

Random walls
630 T T T
o actual
600 — forecast
—— 95 0% luruts

570
540

ibm

510
450

45D = 1 1 1 1
12261969 12501970 212401970 3/26/11970 40251970 5/25/1970

Figure 4-9. Time Sequence Plot

Use the Forecast Limits Options dialog box to enter the percentage that will be used for the
calculations.

Forecast Plot

The Forecast Plot option creates a connected line plot of the forecasted values (see Figure 4-
10). The plot also includes the prediction limits for the forecasts, which shows with 95
percent confidence, where the true value of the variable is likely to be at any point in the
future.
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Figure 4-10. Forecast Plot

Use the Forecast Limits Options dialog box to enter the percentage that will be used for the
calculations.

Residual Plots
The Residual Plots option creates plots of the residuals from the fitted model. If all the
dynamic structure in the variable is captured, the residuals should be random (white noise).

Use the Forecasting Residual Plots Options dialog box to choose the type of plot that will be
created.

Time Sequence Plot - a connected line plot of the residuals against time (see Figure 4-11).
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Figure 4-11. Time Sequence Plot of the Residuals

Probability Plot (Horizontal) - a plot of the residuals on the Y-axis from smallest to largest
(see Figure 4-12). The X-axis is a normal probability scale (it “straightens out” the plot of a
cumulative normal distribution). If the residuals do not fall approximately along a straight
line, they are not from a normal distribution. This suggests that you may not have used the
best model for the data.

Probability Plot (Vertical) - a plot of the residuals on the X-axis from smallest to largest. The
Y-axis is a normal probability scale (it “straightens out” the plot of a cumulative normal
distribution). If the residuals do not fall approximately along a straight line, they are not
from a normal distribution. This suggests that you may not have used the best model for the
data.

Residual Autocorrelation Function

The Residual Autocorrelation Function option creates a plot of the estimated autocorrelations
between the residuals at various lags (see Figure 4-13). The lag k autocorrelation coefficient
measures the correlations between the residuals at time t and time t - k. The probability
limits are also shown. If the limits do not contain the estimated coefficient at a particular lag,
it is an indication that there is a statistically significant correlation at that lag at the 95
percent confidence level.
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Figure 4-12. Probability Plot (Horizontal)
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Figure 4-13. Residual Autocorrelation Function Plot
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The plot contains vertical bars that represent the coefficient for each lag and a pair of dotted
lines at a distance from the baseline that are a multiple of the standard error at each lag.
Significant autocorrelations extend above or below the confidence limits.

Use the Autocorrelation Function Options dialog box to enter the maximum number of lags
that will be estimated for the residual autocorrelations and to enter the size of the probability
limits that will be used to calculate the residual autocorrelations.

Residual Partial Autocorrelation Function
The Residual Partial Autocorrelation Function option creates a plot of the estimated partial
autocorrelations between the residuals at various lags (see Figure 4-14).
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Figure 4-14. Residual Partial Autocorrelation Function Plot

The lag k partial autocorrelation coefficient measures the correlation between the residuals
at time t and time t + k after accounting for the correlations at all the lower lags.

Each coefficient is plotted using a bar whose height is proportional to the value of the
coefficient. By default, it plots probability limits as dashed lines at plus or minus 2 divided
by the square root of the number of observations in the time series. The bounds are useful
for indicating partial autocorrelations that are significantly different from 0. Bars that
extend beyond either line indicate significant correlations.

Use the Partial Autocorrelation Function Options dialog box to enter the maximum number

of lags that will be estimated for the residual autocorrelations and to enter the size of the
probability limits that will be used to calculate the residual autocorrelations.
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Residual Periodogram

The Residual Periodogram option creates plot that shows the periodogram ordinates for the
residuals (see Figure 4-15). The periodogram is constructed by fitting a series of sine
functions at each specified frequency. The ordinates are equal to the squared amplitudes of
the sine functions.
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Figure 4-15. Residual Periodogram

A residual periodogram is similar to an analysis of variance by frequency because the sum of
the ordinates equals the total sum of squares in an ANOVA table.

Use the Periodogram Options dialog box to indicate that the mean should be subtracted from
each observation, to indicate if the observations should be plotted as points, to indicate if
lines should connect the observations, and to indicate that the time-series data should be
tapered at its beginning and end using a split cosine-bell window. See Bloomfield (1976) for a
discussion of the tapering method.
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Residual Crosscorrelation Function
The Residual Crosscorrelation Function option creates a plot that shows the crosscorrelations
between the residuals and the chosen variable (see Figure 4-16).
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Figure 4-16. Residual Crosscorrelation Function

The crosscorrelation at lag k measures the strength of the linear relationship between the
variable's value at time t and the value of the second variable k periods earlier. The plot
helps determine if the second variable is helpful in forecasting the first variable.

Use the Crosscorrelation Function Analysis dialog box to choose the variable that contains
the second set of time-series data, and to enter the maximum number of lags that will be
calculated for the crosscorrelation function.

Saving the Results

The Save Results Options dialog box allows you to choose the results you want to save.

There are ten selections: Data, Adjusted Data, Forecasts, Upper Forecast Limits, Lower
Forecast Limits, Residuals, Autocorrelations, Partial Autocorrelations, Residual Periodogram
Ordinates, and Fourier Frequencies.

You can also use the Target Variables text boxes to enter the names of the variables in which
you want to save the values generated during the analysis. You can enter new names or
accept the defaults.

Note: To access the Save Results Options dialog box, click the Save Results button on the
Analysis toolbar (the fourth button from the left).
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Chapter 5

Using Automatic Forecasting

Background Information

Chapter 4 described in detail procedures for identification, estimation, and
diagnostic checking of a wide variety of forecasting models. The Time Series
Forecasting analysis described there is designed to give the analyst maximum
flexibility in examining different types of models. The available models extend from
classic exponential smoothing models to the class of ARIMA models popularized by
Box and Jenkins (1970).

While maximum flexibility is often important, other situations exist where the
forecaster might prefer that the computer automatically select a reasonable model
without his or her active intervention. When many time series need to be forecast,
it may not be practical to manually select a model type for each series. The
Automatic Forecasting selection on the Time Series Analysis menu is designed for
such situations. It automatically selects a reasonable model for any input time
series and uses that model to generate short-term forecasts.

Most of the options and output for Automatic Forecasting are identical to those
described in the previous chapter.

Automatic Forecasting in STATGRAPHICS Plus

To access the analysis, choose SPECIAL... TIME-SERIES ANALYSIS... AUTOMATIC FORECASTING...
from the Menu bar to display the Automatic Forecasting Analysis dialog box shown in Figure
5-1.

Note: When you are entering data for time-series variables, data that contain missing or
embedded values cannot be entered at the beginning or end of the series.
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Figure 5-1. Automatic Forecasting Analysis Dialog Box

Tabular Options

Analysis Summary

The Analysis Summary option creates a summary of the analysis that displays the name of
the variable, the number of observations, the start index, and the sampling interval (see
Figure 5-2). The summary also displays a summary of the forecast statistics: the name of
the chosen forecast model, the number of forecasts generated, and the number of periods
withheld for validation.

Forecast Model Selected --- this line shows the type of model selected by the
analysis. In this case, it is an autoregressive moving average (ARMA) model with
second order seasonal and nonseasonal autoregressive terms and first order
seasonal and nonseasonal moving average terms.

Math Adjustment --- the indicated model has been fit to the data after applying a
Box-Cox transformation power equal to .282812.

A table shows the results of the validation, which are used to validate a model's accuracy.
The statistics include:

MSE (Mean Square Error) — a measure of accuracy computed by squaring the individual
error for each item in a dataset, then finding the average or mean value of the sum of those
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squares. If the result is a small value, you can predict performance more accurately; if the
result is a large value, you may want to use a different forecasting model.

Anal ysi s Summary
Dat a vari abl e: bubbly

Nunmber of observations = 84
Start index = 1/93

Sanmpling interval = 1.0 nont h(s)
Length of seasonality = 12

For ecast Sunmary

Mat h adj ust ment: Box-Cox with power = 0.282812 and addend = 0.0

Forecast nodel selected: ARVA(2,1) SARMA(2,1)
Nunmber of forecasts generated: 12
Nurmber of periods withheld for validation: 0O

Esti mation Val i dati on
Statistic Peri od Peri od
VSE 0. 395949
MAE 0.426168
MAPE 10. 6613
VE 0. 0136617
VPE -2.03669

ARI MA Model Sumary

Par anet er Esti mate Stnd. Error t P-val ue
IAR( 1) 1.1016 0. 148483 7.41903 0. 000000
AR( 2) -0.111534 0. 138057 -0.80788 0. 421649
MA( 1) 0. 87202 0. 0879382 9. 91628 0. 000000
SAR( 1) 0. 378681 0.238734 1.58621 0.116791
SAR( 2) 0. 654547 0. 241697 2.70813 0. 008333
SVA( 1) -0.242121 0. 280623 -0.862798 0. 390928
Mean 4. 4829 15. 3977 0. 291141 0.771726
Const ant -0. 00147985

Backf orecasti ng: yes

Esti mat ed white noi se variance = 0.393778 with 77 degrees of freedom
Estimat ed white noi se standard deviation = 0.627517

Nunmber of iterations: 11

Figure 5-2. Analysis Summary

MAE (Mean Absolute Error) — the average of the absolute values of the residuals;
appropriate for linear and symmetric data. If the result is a small value, you can predict
performance more accurately; if the result is a large value, you may want to use a different
forecasting model.

MAPE (Mean Absolute Percentage Error) — the mean or average of the sum of all the
percentage errors for a given dataset without regard to sign (that is, the absolute values are
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summed and the average is computed). Unlike the ME, MSE, and MAE, the size of the
MAPE is independent of scale.

ME (Mean Error) — the average of the residuals. The closer the ME is to 0, the less biased,
or more accurate, the forecast.

MPE (Mean Percentage Error) — the average of the absolute values of the residuals divided
by the corresponding estimates. The one-ahead forecast errors are divided by the actual
values. Like MAPE, it is independent of scale.

If you choose certain model types, a summary of the statistics appears at the bottom of the
Analysis Summary. The summary includes the parameter(s) for the model, the estimate, the
standard error, and the t- and p-values. Each of the statistics is based on the one-ahead
forecast errors, which are the differences between the value at time t and the forecast of that
value made attime t - 1.

Forecast Table

The Forecast Table option creates a table of the forecasted values. During periods when
actual data are available, the table displays the predicted values from the fitted model and
the residuals (see Figure 5-3).

{Automatic Forecasting - ibm

HEC
aallinn

Forecast Table for ibm j
hWodel ARMAG 2 SARMAZG 2)

Feriod Data Forecast Residual

143 4600 460.053 -0.0525759

293 457 .0 461.713 -4 7131

393 4520 45249 -0.900301

1,93 4580 453 916 5.0839

ek 462.0 453.333 -1.33272

ek 4580 458 249 -0.248592

73 463.0 458 716 3.28405

AnEK] 478.0 468.336 10.664

/93 493.0 481.959 11.0413

1093 4800 494 83 -4 32967

11/93 4520 490,33 1.60946

12493 485.0 492 711 5.28878

KN Ll_l

Figure 5-3. Forecast Table

During time periods beyond the end of the series, the table shows the prediction limits for the
forecasts. Assuming the fitted model is appropriate for the data, the limits show, with 95
percent confidence, the location of the true data value at a chosen future time. Use the
Vertical Scroll Bar to the right of the table to view the entire table. The future forecasts and
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their corresponding upper and lower confidence limits are displayed at the bottom of the
table.

Model Comparisons

The Model Comparisons option creates a table of the results of comparing five different
forecasting models (see Figure 5-4). In general, the better model has smaller MSE and MAE
values and values of ME and MPE that are closer to 0. The table also summarizes the results
of five tests run on the residuals to determine if each model is adequate for the data.

The Model Comparisons option creates a table of the results of fitting different ARMA models
to the data. The model with the lowest value of the Akaike Information Criterion (AIC) has
been used to generate the forecasts.

The table also summarizes the results of five tests run on the
residuals to determine whether each model is adequate for the data.

8. Automatic Forecasting - ibm
+*.+

= 7

+

Data variable: ihrm

Murmber of obserations = 120
Start index = 1/493

Sampling interval = 1.0 monthis)
Length of seasonality = 12

hodels

(41 ARMAD D SARMAD O
(B ARMAM 07 SARMAM O
(T ARMAZ T SARMALZ 1)
(07 ARMAGD 2T SARMAG )
(E) ARMAM 3 SARMAM 3

Estirmation Period
bodel WSE hAE rMAFE ME MPE Al

(&) 188002 354937 B.84076 1.08002E-13 -0.610368 7.415819
(B Z7.B536 4.01969  0.780Z72 0487854 0.0838132 3.29444
(Cy 268033 398957 0772209 05555986  0.0895821 322842
oy 248474 369783 0715583 0072383 0.0157764  3.11661
(E] bB.3bB25ES 575625 10767.0 1066.16 182.581 22.4407
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Figure 5-4. Model Comparisons

Residual Autocorrelations

The Residual Autocorrelations option creates a table that shows the estimated
autocorrelations between the residuals at various lags (see Figure 5-5). The lag k
autocorrelaton coefficient measures the correlation between the residuals at time t and time t
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- k. The probability limits are also shown. If the limits at a particular lag do not contain the
estimated coefficient, there is a statistically significant correlaton at that lag.

The table also shows the standard errors, and the upper and lower probability limits for each
lag. You can use the residual autocorrelations to determine if the chosen model is
appropriate for the data.

Use the Autocorrelation Function Options dialog box to enter a value for the maximum
number of lags that will be estimated for the residual autocorrelations, and to enter a value
for the size of the probability limits that will be used to calculate the residual
autocorrelations.

8. Automatic Forecasting - ibm

) |. +_§'.+ @__{L‘R ?%[ LI:uI:I Hnw:l
Estimated Autocorrelations for residuals |-
Diata variable: ibm
hodel: ARMAS 2] SARMAG 2

Lower 95 0% Upper 35.0%

Lag Autocorrelation  Stnd. Error Fraob. Lirnit Prab. Lirnit
1 0.0304528 0.0912371 017892 017892
2 -0.0334211 0.0215766 -0.180075 0.130075
& 0.0234245 0.0220109 -0.180338 0.180338
4 -0.007 08545 0.0920E0E -0.180436 0.180436
a 0.0313711 0.0920B852 -0.180445 0.130445 |
E 0.0711933 0.0926625 -0.181616 0131616
7 -0.132243 0.0231173 -0.182507 0.182507
& -0.0327435 0.0945694 -0.185549 0.135549
& -0.09261 0.0247635 -0.185734 0.185734
10 -0.057 3631 0.025515 -0.187206 0187206
11 0.0559903 0.0958017 -0.1877E8 D.1877E8
12 -0.0751641 0.0961797 -0.188502 0.138502
13 -0.13104 0.096668 -0.189466 0.189466 :
14 -0.0132326 0.0251371 0192346 0192346 :
15 0.0490951 0.0931536 0192378 0192375
16 -0.0304565 0.025358 -0.182779 0182779
17 -0.054449 0.0934366 -0.192933 01582933 -
£ e

Figure 5-5. Residual Autocorrelations

Residual Partial Autocorrelations

The Residual Partial Autocorrelations option creates a table of the estimated partial
autocorrelations between the residuals at various lags (see Figure 5-6). The lag k partial
autocorrelation coefficient measures the correlation between the residuals at time t and time
t + k after accounting for the correlations at all the lower lags.

Use the results to determine the order of autoregressive model that is needed to fit the data.
The probability limits are also shown. If the limits do not contain the estimated coefficient at
a particular lag, it is an indication that there is a statistically significant correlation at that
lag at the 95 percent confidence level.
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Use the Partial Autocorrelation Function Options dialog box to enter the maximum number
of lags that will be estimated for the residual autocorrelations and to enter the size of the
probability limits that will be used to calculate the residual autocorrelations.

Residual Periodogram Table

The Residual Periodogram Table option creates a table that shows the periodogram ordinates
for the residuals that are used to identify cycles of fixed frequency of the data (see Figure 5-
7). A periodogram is constructed by fitting a series of sine functions at each of the chosen
frequencies. The ordinates are equal to the squared amplitudes of the sine functions.

B[ e[
Estimated Autocorrelations for residuals =
Data variable: ithm
hodel: ARMALGZ) SARMALS Z)
Loweer 95.0% Upper 95.0%
Lag Autocorrelation  Stnd. Error Prob. Limit Froh. Limit
1 0.0504528 0.0912871 -0.17892 0.175892
2 -0.0354511 0.0918766 -0.180075 0.180075
3 0.0234245 0.0920109 -0.180333 0.180338
u -0.007058545 0.0920808 -0.180436 0.150436
& 00313711 0.0920B652 -0.180445 0.180445 |
A 0.07 11583 0.0926625 -0.181616 0181616
7 -0.132243 0.0931173 -0.182507 0.182507
i -0.0327435 0.09466594 -0.1855459 0.155549
& -0.09261 0.09475385 -0.185734 0.185734
10 -0.0573631 0.095515 -0.187206 0.1587 206
11 0.05595903 0.0955017 0187768 0.187768
12 -0.0751641 0.0961797 -0.188509 0.153509
13 -0.131041 0.096665 -0.189456 0.185466 :
14 -0.0139326 0.0931371 -0.192346 0.192346 :
15 0.04905951 0.0981536 0192378 0.192378
16 -0.0304569 0.0953358 -0.192779 0192779
17 -0.064445 0.0954366 -0.192933 0.192933 -
£ e

Figure 5-6. Residual Partial Autocorrelations
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Feriodogram for residuals -
Diata variable: ibm
hodel: ARMAS 2 SARMAG 2
Cumulative Integrated
Frequency Period Ordinate Sum Periodogram
0.0 1.37863E-26 1.37863E-26 5.09146E-30
0.00333333 120.0 36.1393 36.1393 0.0133467
0.0166667 60.0 39.7429 75.85822 0.0230242
0.025 40.0 105512 854334 0.0319209
0.0333333 30.0 115.067 201.501 0.07 44165
0.0416667 24.0 176.6874 I78.375 0.139738
.05 200 30.6935 409.063 0.151074
0.0533333 17.1429 302202 439,288 0162234
.0566667 15.0 B5.743 505.032 0.186514
0.075 13.3333 2289952 528.03 0.195007
0.0833333 12.0 8.05779 536.053 0.1973233 =
i o

Figure 5-7. Residual Periodogram Table

A periodogram can also be thought of as an analysis of variance by frequency because the
sum of the ordinates equals the total corrected sum of squares in an ANOVA table.

Use the Periodogram Table Options dialog box to indicate that the mean should be
subtracted from each observation and to indicate that the program should taper the
beginning and end of the time-series data using a split cosine-bell window. See Bloomfield
(1976) for a discussion of the tapering method.

Residual Tests for Randomness

The Residual Tests for Randomness option runs three tests to determine if the residuals form
a random sequence of numbers (see Figure 5-8). A sequence of random numbers is often
called white noise because it contains equal contributions at many frequencies.
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Tests for Randormness of residuals -

Data variable: ibrm
hodel: ARMAS Z) SARMALS 2
Huns above and below median

Median = -0.190843

Mumber of runs above and below median = 67
Expected nurmber of runs = 61.0

Large sample test statistic z = 1.0034
P-value = 0.313259

Funs up and down

Mumber of runs up and down =76
Expected number of runs = 79 BEEY
Large sample test statistic z = -0.690541
F-value = 0. 4859663

Box-Pierce Test

Test based on first 24 autocorrelations
Large sample test statistic = 12.6804

o o

Figure 5-8. Residual Tests for Randomness

The tests are Runs Above and Below the Median, Runs Up and Down, and the Box-Pierce
test. The Runs Above and Below the Median test counts the number of runs that are
completely above or completely below the median; it ignores the values that are equal to the
median. The test is sensitive to trends in the data. If the test statistic is large (corresponds
to a p-value less than .05), it can be concluded that the values occur in nonrandom order.

The Runs Up and Down test counts the number of times a sequence rises or falls; it is
sensitive to long-term cycles. If the test statistic is small (corresponds to a p-value greater
than .05), it can be concluded that the values occur in random order.

The Box-Pierce test determines if the autocorrelation is equal to 0. If the test statistic is
large (corresponds to a p-value less than .05), the autocorrelation is not equal to 0, which
indicates that the model is not adequate.

Use the Box-Pierce Test Options dialog box to enter the maximum number of lags for which
statistics will be estimated for the test.

Graphical Options

Time Sequence Plot
The Time Sequence Plot option creates a connected line plot for the forecasted
values against time (see Figure 5-9). The plot also includes the prediction limits
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for the forecasts, which shows with 95 percent confidence, where the true value of
the variable is likely to be at any point in the future.
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Figure 5-9. Time Sequence Plot

Use the Forecast Limits Options dialog box to enter the percentage that will be used for the
calculations.

Forecast Plot

The Forecast Plot option creates a connected line plot of the forecasted values (see Figure 5-
10). The plot also includes the prediction limits for the forecasts, which

shows with 95 percent confidence, where the true value of the variable is likely to be at any
point in the future.
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Figure 5-10. Forecast Plot

Use the Forecast Limits Options dialog box to enter the percentage that will be used for the
calculations.

Residual Plots
The Residual Plots option creates plots of the residuals from the fitted model. If all the
dynamic structure in the variable is captured, the residuals should be random (white noise).

Use the Forecasting Residual Plots Options dialog box to choose the type of plot that will be
created.

Time Sequence Plot - a connected line plot of the residuals against time (see Figure 5-11).
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Figure 5-11. Time Sequence Plot of the Residuals

Probability Plot (Horizontal) - a plot of the residuals on the Y-axis from smallest to largest
(see Figure 5-12). The X-axis is a normal probability scale (it “straightens out” the plot of a
cumulative normal distribution). If the residuals do not fall approximately along a straight
line, they are not from a normal distribution. This suggests that you may not have used the
best model for the data.

Probability Plot (Vertical) - a plot of the residuals on the X-axis from smallest to largest. The
Y-axis is a normal probability scale (it “straightens out” the plot of a cumulative normal
distribution). If the residuals do not fall approximately along a straight line, they are not
from a normal distribution. This suggests that you may not have used the best model for the
data.

Residual Autocorrelation Function

The Residual Autocorrelation Function option creates a plot of the estimated autocorrelations
between the residuals at various lags (see Figure 5-13). The lag k autocorrelation coefficient
measures the correlations between the residuals at time t and time t - k. The probability
limits are also shown. If the limits do not contain the estimated coefficient at a particular lag,
it is an indication that there is a statistically significant correlation at that lag at the 95
percent confidence level.
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Figure 5-12. Probability Plot (Horizontal)
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Figure 5-13. Residual Autocorrelation Function Plot

The plot contains vertical bars that represent the coefficient for each lag and a pair of dotted
lines at a distance from the baseline that are a multiple of the standard error at each lag.
Significant autocorrelations extend above or below the confidence limits.
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Use the Autocorrelation Function Options dialog box to enter the maximum number of lags
that will be estimated for the residual autocorrelations and to enter the size of the probability
limits that will be used to calculate the residual autocorrelations.

Residual Partial Autocorrelation Function
The Residual Partial Autocorrelation Function option creates a plot of the estimated partial
autocorrelations between the residuals at various lags (see Figure 5-14).

=, ' Forecasting - M=l Ei
EWOBEE (5[] 5r [ w L
Residual Partial Autocorrelations for ibm

wh Fandom walk

E 1 FF==—===c= g g e T-—-----= e g T-—--—-== p—

E 17 E O S b R Ao e —

g ol | | | | '

= 02 Lo oo o R SR R S -

Q -l 1 | |

£ o2f UH_DT—EDDE.]—D='—"'—='——E?—DD— E

5 M T T T HE s

= | | | : | §

"E 0a _—-r ———————— ———————— I —_——————— == - :—_

| . L e L =

A 0 5 10 15 20 25

lag

Figure 5-14. Residual Partial Autocorrelation Function Plot

The lag k partial autocorrelation coefficient measures the correlation between the residuals
at time t and time t + k after accounting for the correlations at all the lower lags.

Each coefficient is plotted using a bar whose height is proportional to the value of the
coefficient. By default, it plots probability limits as dashed lines at plus or minus 2 divided
by the square root of the number of observations in the time series. The bounds are useful
for indicating partial autocorrelations that are significantly different from 0. Bars that
extend beyond either line indicate significant correlations.

Use the Partial Autocorrelation Function Options dialog box to enter the maximum number
of lags that will be estimated for the residual autocorrelations and to enter the size of the
probability limits that will be used to calculate the residual autocorrelations.

Residual Periodogram

The Residual Periodogram option creates plot that shows the periodogram
ordinates for the residuals (see Figure 5-15). The periodogram is constructed by
fitting a series of sine functions at each specified frequency. The ordinates are
equal to the squared amplitudes of the sine functions.
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Figure 5-15. Residual Periodogram

A residual periodogram is similar to an analysis of variance by frequency because
the sum of the ordinates equals the total sum of squares in an ANOVA table.

Use the Periodogram Options dialog box to indicate that the mean should be
subtracted from each observation, to indicate if the observations should be plotted
as points, to indicate if lines should connect the observations, and to indicate that
the time-series data should be tapered at its beginning and end using a split
cosine-bell window. See Bloomfield (1976) for a discussion of the tapering method.
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Residual Crosscorrelation Function
The Residual Crosscorrelation Function option creates a plot that shows the crosscorrelations
between the residuals and the chosen variable (see Figure 5-16).
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Figure 5-16. Residual Crosscorrelation Function

The crosscorrelation at lag k measures the strength of the linear relationship between the
variable's value at time t and the value of the second variable k periods earlier. The plot
helps determine if the second variable is helpful in forecasting the first variable.

Use the Crosscorrelation Function Analysis dialog box to choose the variable that contains
the second set of time-series data, and to enter the maximum number of lags that will be
calculated for the crosscorrelation function.

Saving the Results

The Save Results Options dialog box allows you to choose the results you want to save.

There are ten selections: Data, Adjusted Data, Forecasts, Upper Forecast Limits, Lower
Forecast Limits, Residuals, Autocorrelations, Partial Autocorrelations, Residual Periodogram
Ordinates, and Fourier Frequencies.

You can also use the Target Variables text boxes to enter the names of the variables in which
you want to save the values generated during the analysis. You can enter new names or
accept the defaults.

Note: To access the Save Results Options dialog box, click the Save Results button on the
Analysis toolbar (the fourth button from the left).
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