
SNN Example 20: Time Series

So far we have looked at a variety of classification and regression problems, in all of which the available data consists of a set of 
cases, each containing values for a number of variables, where the objective is to predict the value of one of more output 
variables from the input variables, and there is an inherent assumption that different cases are independent (see Bishop, 1995).
There are many applications for time series problems, where variables are measured over a period of time, and there are (at 
least expected to be) relationships between variables at successive times. In this case, our objective may be to predict the value 
of a variable at a given time from the same and/or other variables at earlier times. In most cases, a single numeric variable is
observed, and the objective is to predict the next value of that variable from a number of preceding ones (ARIMA models are 
frequently used in such circumstances).

Such a problem is actually just a specialized form of regression, and as such can be tackled by any form of neural network 
suitable for use in regression, providing that the data set is suitably pre-processed into the correct form. This example 
concentrates on one such typical time series problem, using the Series_G.sta file (this records the growth in airline passengers 
over a period of time). However, it is worth noting that STATISTICA Neural Networks is not limited to time series prediction using 
a single numeric variable: it is quite possible to predict multiple output variables, and nominal in addition to numeric variables. 
STATISTICA Neural Networks can also predict a single step ahead (which is the most common form of prediction) or multiple steps 
ahead.
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MLPs for Time Series Prediction.

The first thing you will notice is that the data set includes only a 
single variable. We will be using this both as the input and output 
of the neural network (but, of course, at different time steps).

Monthly passenger totals (in 
1000's) 1949-1960; Box & 
Jenkins, 1976; series G.



For Time Series problems, the Intelligent Problem Solver has to 
make an additional design decision - the number of time series 
steps to use as input to the network.
Determining the correct number of input steps is a difficult 
problem for the Intelligent Problem Solver. Frequently, it is possible 
for you to determine the correct number, which simplifies the 
search task for the Intelligent Problem Solver. For example, if the 
problem contains a natural cycle period (the Series_G data set 
contains monthly sales figures, so there is a definite length 12 
period in the data) then you should try specifying that cycle, or an 
integral multiple of it.
If the time series has no natural period, or you are not aware of 
one, then specify a range of possible values, and STATISTICA Neural 
Networks will determine a period for you. In this case you are 
recommended to run the Intelligent Problem Solver several times 
with a large number of iterations, and once the Intelligent Problem 
Solver has determined a reasonable period for you, to rerun with a 
fixed period.
In this case, we will specify a period of 12, as this is the natural 
cycle of the time series.
Click on the Time Series tab, and set both the Minimum and 
Maximum steps under Range for steps (number of time steps used 
as inputs) to 12.
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Neural networks designed by the Intelligent Problem Solver
for time series problems perform one-step-ahead prediction 
- they predict the next time step from a series of previous 
time steps. By dropping the oldest of the original input 
points, adding the newly predicted value, and rerunning the 
network, a prediction can be made a further step ahead. 
This process can be repeated to generate an entire time 
series of predictions.
As any prediction errors will rapidly accumulate, such 
multiple-step predictions can only be trusted if the network 
has very high predictive accuracy. In the case of the Series_G
data, it is possible to get a standard deviation ratio of 0.13, 
or better, which is sufficient to project ahead quite a few 
time steps.
The Time Series Projection dialog allows you to generate a 
graph showing the results of projecting ahead a given 
number of time steps. 
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STATISTICA Neural Networks can start the 
time series projection either from a pattern 
extracted from the current data set, or 
from a user-specified pattern. We will use 
the default, which is to start at the first 
available pattern in the data set (so we will 
be able to compare the prediction with the 
entire data set).
The only control parameter we need to 
select is the Length of the projection. Our 
time series has only 144 cases, of which 
twelve are effectively removed by pre-
processing (predictions cannot be made for 
the first twelve points, as they do not have 
sufficient preceding points to make the 
prediction), so the maximum available data 
to compare with is 132 steps. However, it is 
quite permissible to project beyond the 
end of the available data: we will then see 
the predicted value projected beyond the 
end of the data set, although we will not 
have a standard of comparison beyond that 
point.

Set the Length of 
the projection to 
250, and click the 
Time series graph 
button.

The results may seem somewhat disappointing - the prediction saturates after a 
time. This is due to the influence of the sigmoid functions in the hidden layer of 
the network, which saturate as the input grows.



In any event, it might actually be considered irrelevant to 
predict too far ahead - figures for the next year or two may be 
quite adequate, or the reliability of more distant predictions 
may be anyway questionable. Nonetheless, the above 
example does demonstrate a restriction of neural networks if 
they are blindly applied in circumstances where they will be 
required to extrapolate beyond known data.
One solution to this is to pre-process the data into a more 
appropriate form. In this example, we may speculate that the 
underlying trend (if we ignore the seasonal component) is 
linear. We can remove the trend by building a linear model, 
and then use the more sophisticated neural model to estimate 
the residual.
To do this, use a Linear network. The Intelligent Problem 
Solver has probably already produced one (if not, run it again, 
selecting 12 steps and the Linear network type. Since there is 
only one possible network with this specification, the training 
process will be extremely quick.) 
Click Cancel on the Time Series Projection dialog to return to 
the Results dialog. Click the Select models button to display 
the Select Networks and/or Ensembles dialog. Select a Linear 
model and click OK. The top of the Results dialog will now 
show one Linear network.

The second column of the 
output spreadsheet gives 
the residual (observed 
minus predicted)

mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/IntelligentProblemSolver/IntelligentProblemSolver.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/TimeSeriesProjection/TimeSeriesProjectionDialog.htm
mk:@MSITStore:C:/Program%20Files%20(x86)/StatSoft/STATISTICA%207/NeuralNetworks.chm::/NeuralNetworksAnalysis/Dialogs/SelectNetworksandorEnsembles/SelectNetworksandorEnsemblesDialog.htm


Select Copy with Headers from the Edit menu, to copy the 
entire column of Residuals to the Clipboard. Now, click on the 
Series_G.sta data set and add a variable (from the Vars - Add 
menu), and click Paste on the Edit menu to add the residuals to 
the data set as a new variable. 

The data set should now contain the original variable, 
SERIES_G, and the residual from the linear model, R.SERIES_G.2 
(or similar, depending on the index number of the model, 
which supplies the postfix). (A portion of the spreadsheet is 
shown below. Remember that yours will differ slightly.)

The first twelve cases in the data set are automatically treated 
specially by the Intelligent Problem Solver, as they cannot be 
used in time series predictions (not having sufficient preceding 
cases). We are going to build a neural network that estimates 
the residuals from the linear model, which we have just 
transferred into the data set. The first twelve residuals are 
meaningless, and we will now need 12 preceding residuals to 
train our new network. Therefore, we need to ensure that all 
the cases up to the 24th are not used in training.
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Begin a new analysis by selecting Neural 
Networks from the Statistics - Data Mining menu 
to display the STATISTICA Neural Networks (SNN) 
Startup Panel. Select the Time Series option 
button in the Problem type group box and select 
Intelligent Problem Solver on the Neural 
Networks Startup Panel - Quick tab. Click the 
Variables button and select R.SERIES_G.2 as both 
the Continuous Outputs and the Continuous 
Inputs. 

Click the Sampling 
button to display the 
Sampling of Case Subset 
for Intelligent Problem 
Solver dialog, then click 
the Select Cases button 
to display the Select 
Cases dialog.
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It is much more difficult to interpret the results shown on the 
Time Series Projection dialog in this case. Click the Time series
button to produce a time series graph.
This can give us an idea of the explained variance. In our test 
run, the S.D. Ratio of the best network was 0.6, indicating that 
the multilayer perceptron was able to predict about a third of 
the remaining residual value once the linear component of the 
problem had been removed.
As the data set is very small, we also tried using the entire set 
for training, and achieved a residual of 0.26 on this problem, 
accounting for three quarters of the remaining residual value. 
This demonstrates that the original data series has a great deal 
of non-linear structure. It is thus possible to use a hybrid 
model, where you first form a linear prediction, then adjust 
that using the residual estimation of the multilayer perceptron. 
However, a greater data volume is required for increased 
accuracy.


