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SNN Example 3:

Testing a Neural
Network

Once you have used the Intelligent Problem
Solver (IPS) to design some neural networks and
saved them to the network file, you can later open
these files for further analysis.

STATISTICA Neural Networks supports two types
of models - neural networks and network
ensembles. We will discuss ensembles in a later
example.



The summary statistics consist of:

Index. This is a unique life-long number assigned to each neural network when it is created. The indices are assigned in

chronological order.

Lock. This column indicates whether the model is locked to prevent accidental deletion.

Model Summary Report (Barotrop) |
Index |Lock |Refs. Profile Train Perf. |Select Perf. |Test Perf. |Train Error | Select Error | Test Error | Training Note |Inputs |Hidden(1) |Hidden(2) |
1 _! 0 MLP 2:2-9-1:1 0473684 0,555556 0,333333 0,771514 0,625348 0,711270 BPO0b 2 9 0
2 0 MLP 2:2-9-1:1 0,789474 0777778 0777778  0,449465 0,613949 0,656255 BP85b 2 9 0
3 0 Linear2:2-1:1 0578947 0444444 0444444 0470632 0,612216 0,588391 Pl 2 0 0
4 0 MLP 2:2-7-1:1  0,894737 0777778 0,777778  0,298843 0,568609 0,647362 BP100,CG20b 2 7 0
5 0 MLP 2:2-9-1:1  1,000000 0777778 0,777778  0,139781 0,503076 0,505031 BP100,CG11b 2 9 0

Refs. This column indicates the number of references to the network; that is, the number of ensembles that contain the network.
A single network can be a member of several ensembles.
Profile. This is the most useful summary statistic, packing a great deal of information into a short piece of text. It tells you the
network type, the number of input and output variables, the number of layers, and the number of neurons in each layer. The
format is <type> <inputs>:<layerl>-<layer2>-<layer3>:<outputs>, where the number of layers may vary. For example, the profile
MLP 2:2-3-1:1 signifies a Multilayer Perceptron with two input variables and one output variable, and three layers of 2, 3, and 1
units respectively. For simple networks the number of input variables and output variables may match the number of neurons in
the input and output layers, but this is not always so, as we shall see in due course.



Model Summary Report (Barotrop)

Index |Lock | Refs. Profile Train Perf. |Select Perf. | Test Perf. |Train Error | Select Error | Test Error Training Note |Inputs |Hidden(1) |Hidden(2)
1 ! 0 MLP 2:2-9-1:1 0473684 0,555556 0,333333 0,771514 0,625348 0,711270 BP0b 2 9 0
2 0 MLP 2:29-1:1 0,789474 0777778 0777778  0,449465 0,613949 0,656255 BP85b 2 9 0
3 0 Linear2:2-1:1  0,578947 0444444 0444444 0470632 0,612216 0,588391 Pl 2 0 0
4 0 MLP 2:2-7-1:1  0,894737 0, 777778 0,777778  0,298843 0,568609 0,647362 BP100,CG20b 2 7 0
5 0 MLP 2:2-9-1:1  1,000000 0777778 0777778  0,139781 0,503076 0,505031 BP100,CG11b 2 9 0

Profile. This is the most useful summary statistic, packing a great deal of information into a short piece of text. It tells you the
network type, the number of input and output variables, the number of layers, and the number of neurons in each layer. The
format is <type> <inputs>:<layerl>-<layer2>-<layer3>:<outputs>, where the number of layers may vary. For example, the profile
MLP 2:2-3-1:1 signifies a Multilayer Perceptron with two input variables and one output variable, and three layers of 2, 3, and 1
units respectively. For simple networks the number of input variables and output variables may match the number of neurons in
the input and output layers, but this is not always so, as we shall see in due course.



Model Summary Report (Barotrop)

Index |Lock | Refs. Profile Train Perf. |Select Perf. | Test Perf. |Train Error | Select Error | Test Error Training Note |Inputs |Hidden(1) |Hidden(2)
1 ! 0 MLP 2:2-9-1:1 0473684 0,555556 0,333333 0,771514 0,625348 0,711270 BP0b 2 9 0
2 0 MLP 2:29-1:1 0,789474 0777778 0777778  0,449465 0,613949 0,656255 BP85b 2 9 0
3 0 Linear2:2-1:1  0,578947 0444444 0444444 0470632 0,612216 0,588391 Pl 2 0 0
4 0 MLP 2:2-7-1:1  0,894737 0, 777778 0,777778  0,298843 0,568609 0,647362 BP100,CG20b 2 7 0
5 0 MLP 2:2-9-1:1  1,000000 0777778 0777778  0,139781 0,503076 0,505031 BP100,CG11b 2 9 0

Train Perf/Select Perf/Test Perf. These columns give the performance of the networks on the training, selection, and test subsets
respectively. You should not give too much credence to the performance rate reported on the training set, which is often
deceptively good (indicating over-learning). Also, you should avoid using the test set performance to select models, as that

defeats the object of having it (which is to maintain some data not used for training or model selection, so that a dispassionate
final assessment of performance can be made).
Use the performance measure on the selection subset to discriminate between, and choose between, networks.
The meaning of the performance measure depends on the network type. For a classification network, it is the proportion of

cases in the subset correctly classified. For a regression network, is the ratio of the prediction to observation standard deviations.



Model Summary Report (Barotrop) |
Index |Lock | Refs. Profile Train Perf. | Select Perf. | Test Perf. |Train Error | Select Error | Test Error | Training Note |Inputs |Hidden(1) |Hidden(2)

! 0 MLP 2:2-9-1:1  0,473684 0555556 0,333333 0,771514 0,625348 0,711270 BPOb
0 MLP 2:2-9-1:1  0,789474 0,777778 0,777778  0,449465 0.613949 0,656255 BP85b
0 Linear 2:2-1:1  0,578947 0444444 0444444 0470632 0.612216 0,588391 Pl

0 MLP 2:2-7-1:1  0,894737 0777778 0,777778  0,298843 0,568609 0,647362 BP100,CG20b
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0 MLP 2:2-3-1:1  1,000000 0777778 0,777778  0,139781 0,503076 0,505031 BP100,CG11b

Train Error/Select Error/Test Error. Neural Network training algorithms optimize an error function (e.g. the RMS of the cross
entropy between observed and predicted outputs). These columns report the error rates on the subsets. The error rate is less
directly interpretable than the performance measure, but is of more significance to the training algorithms themselves.
Training. This is a brief description of the training algorithm used to train the network. A typical code might read: BP200CG102b,
which signifies "two hundred epochs of back propagation, followed by one hundred and two epochs of conjugate gradient
descent, at which point training was terminated due to over-learning and the best network in the training run retrieved."

Note. A short text description that you can enter using the Network Editor - Quick tab.

Inputs. The number of input variables to the model (also displayed as part of the profile).

Hidden(1)/Hidden(2). The number of hidden units in the network
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Making Predictions Using the Neural Networks

The spreadsheet contains the observed value
(CLASS) in the first column, then the corresponding
predictions of the neural network (CLASS.n, where n
is the index of the network chosen - e.g. CLASS.4 for
the network with index 4) in the next column. If you
select multiple models, there will be one column for
the observed value but multiple columns for the
different network predictions.

The neural network itself works entirely with
numeric information, and the variable prediction is
produced by the built-in post-processing functions
that accompany every neural network in STATISTICA
Neural Networks. The prediction is actually made by
treating the activation level of the output neuron as
a confidence level, and assigning the class by
comparing this activation level with some
confidence thresholds (assigned automatically by
the Intelligent Problem Solver).



User defined case
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Plotting Response Surfaces

The neural network predicts a
class for each combination of
latitude and longitude. We can
display this prediction as a
response surface in three
dimensions, where the height of
the surface indicates the
predicted class.



1) Place the new data in a data file and open it using the Open Data button on
the Startup Panel.

2) Load and run the neural network programmatically using the SNN API
(Application Programming Interface) or code generated by the Code Generator
from your own custom-designed programs. (This requires programming and a
Code Generator module)

3) Run asingle, user specified case directly in STATISTICA Neural Networks

1 2
LONGITUD LATITUDE
59,00 17,00
59,50 21,00
60,00 12,00
60,50 16,00
61,00 13,00
61,00 15,00
61,50 17.00
61,50 19,00
62,00 14,00
R2 NN 1L NN

Example: Test.sta
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Making predictions on new data

Having trained a neural network,
you will at some point want to
use it to make predictions on
new data. There are three ways
to do this in STATISTICA Neural
Networks.
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Performing "What if?" Analysis.

A frequent requirement is a "What-if?" analysis, where you
want to know what would happen if some changes were
made to a particular case. For example, we might want to

know what would happen if the storm recorded in case 5 had
been at a slightly higher latitude. STATISTICA Neural Networks

has several facilities to perform what-if analyses.
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Performing "What if?" Analysis. Response Graph

You can also plot the variation in the prediction as the X1
changes with the X2 held constant, using a Response Graph
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