SNN Example 8: Regression Problems

2« STATISTICA Neural Networks (SNN): Irisdat *

The examples we have looked at so far are all
classification problems - that is, the output is a nominal
variable, indicating that the case belongs to one of a
small number of discrete classes.

Neural networks can also be used for regression
problems, where the output is a continuous numeric
variable, in which context they act as a non-linear
regression technique, where the complexity of the non-
linear regression curve is controlled "semi-
parametrically" - the number of units in the neural
network governs the complexity of the solution, but of
course the designer does not explicitly state a functional
form for the regression curve.

As an example, we will exploit the redundancy in the
Irisdat.sta data set by predicting the value of the
PETALWID variable from the SEPALLEN, SEPALWID, and
PETALLEN variables.
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Model Summary Report (Irisdat) J
Index Profile Train Perf. |Select Perf. | Test Perf. | Train Error | Select Error | Test Error | Training/Members | Note | Inputs |Hidden(1) |Hidden(2)
1 RBF 3:3-12-1:1  0,216752 0,203503 0,320761  0,265703 0,240401 0,322900 KM.KN.PI 3 12 0
2 Linear 1:1-1:1  0,274825 0,258584 0,269235 0,092185 0,083303 0,082191 Pl 1 0 0
3 Linear 3:3-1:1  0,258640 0,240077 0,247317 0,086756 0,076936 0,070794 Pl 3 0 0
4 MLP 3:34-1:1  0,250059 0225054 0,259476 0,083889 0,072124 0,069580 BP100,CG20,CGSb 3 4 0
5 MLP 3:3-7-1:1  0,241525 0211245 0,272021  0,081090 0,067981 0,071752 BP100,CG20,CG49b 3 | 0

The figure reported for performance in the network set, when the Intelligent Problem Solver completes, has a different meaning
than for classification. In regression problems, the figure given is the regression ratio, also reported in the model summary
spreadsheet, displayed when you click the Models summary button on the Results dialog.

This is the ratio between the standard deviations of the residual and the target data. If only the observed output data were
available, with no input variables, the best estimate we could make of the target for a new case would be the mean of the
observed values in the training set. If that were done, the residuals would be the observed values minus the mean, and the
average error would therefore be the standard deviation of the target variable. When we use a neural network, we obviously
expect the residuals to be smaller than this, and the ratio reported measures this improvement. A ratio of 1.0 implies that our
network is doing no better than the most naive estimate available, and consequently that either there is no useful information
in the input variables, or that the network is failing to use the information successfully. As the network's performance
improves, the ratio becomes closer to zero. This ratio of standard deviations is closely related to the "explained variance" of the
model (it is equal to one minus the explained standard deviation).
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Residual Variance and R-square - Regression Ratio

The smaller the variability of the residual values around the regression line relative to
the overall variability, the better is our prediction. For example, if there is no relationship
between the X and Y variables, then the ratio of the residual variability of the Y variable
to the original variance is equal to 1.0. If X and Y are perfectly related, there is no
residual variance, and the ratio of variance would be 0.0. In most cases, the ratio would
fall somewhere between these extremes, that is, between 0.0 and 1.0. 1.0 minus this
ratio is referred to as R-square or the coefficient of determination. This value is
immediately interpretable in the following manner. If we have an R-square of 0.4 then
we know that the variability of the Y values around the regression line is 1-0.4 times the
original variance; in other words we have explained 40% of the original variability, and
are left with 60% residual variability. Ideally, we would like to explain most if not all of
the original variability. The R-square value is an indicator of how well the model fits the
data (e.g., an R-square close to 1.0 indicates that we have accounted for almost all of the
variability with the variables specified in the model).



Regression (1-5 ) (Insdat)
PETALWID.1 |PETALWID.2 |PETALWID.3 |PETALWID 4 |PETALWID.5
Data Mean 1,199333 1,199333 1,199333 1,199333 1,199333
|Data S.D. 0,759693 0,759693 0,759693 0,759693 0,759693
Error Mean 0,028621 0,036694 0,027031 0,018829 0,015061
Error SD. 0,178459 0,207151 0,191743 0,185614 0,181229
Abs E. Mean 0,133034 0,163035 0,144956 0,142586 0,141020
| S.D. Ratio 0,234910 0,272678 0,252396 0,244323 0.238556 S.D. Ratio: The Lower the Better
Correlation 0,972336 0,962865 0,968401 0,970460 0,971467 Correlation: The Higher the Better

Comparison with linear models. Click the Descriptive statistics button to produce a regression spreadsheet which displays the
standard Pearson-R correlation coefficient between the predicted and target values (in addition to other descriptive statistics). In
standard linear modeling, it is common practice to measure the goodness-of-fit of the model by the correlation between the
input and output variables, which is exactly equal to the correlation between predicted and observed values, if the variables are
positively correlated, or to the negative of this correlation if they are negatively correlated. You can thus use the correlation
coefficient to assess quite directly the comparative performance of standard linear modeling and neural networks.

Standard Deviation Ratio is a technical analysis indicator based on two standard deviations; one
using a longer period that the other. The SD Ratio is measured by taking the ratio of the short-
term standard deviation to the long-term standard deviation:

S.D. Ratio = Error S.D. / Data S. D.



Regression (1-5 ) (Insdat)
PETALWID.1 |PETALWID.2 |PETALWID.3 |PETALWID 4 PETALWID 5
Data Mean 1,199333 1,199333 1,199333 1,199333 1,199333
Data S.D. 0,759693 0,759693 0,759693 0,759693 0,759693
Error Mean 0,028621 0,036694 0 N2 7021 0 N42290 0,015061
Error SD. 0.178459 0,207151| Index | Frofle 0,181229
Abs E. Mean 0,138034 0,163035 1 RBF 3:3-6-1-1 0,141020
S.D. Ratio ﬁ 0.234910 0272678 551111 0,238556 S.D. Ratio: The Lower the Better
Correlation 0.972336 0,962865 : ' ' 0,971467 Correlation: The Higher the Better
3 Linear £:2-1:1
4 rMLF 1:71-4-1:1
H Linear 3.3-1:1

This comparison is made easier as STATISTICA Neural Networks supports least squares linear models, in the guise of Linear neural
networks. If you have used the Intelligent Problem Solver with a diverse range of networks to be saved (and more than one
network to be saved), you should find that a linear model has been created. The performance should be close to, but probably
slightly inferior to, the best non-linear neural network model.
It is always worth retaining at least one linear model as a standard of comparison. If the performance of the neural networks is
inferior to a linear model, then you should always choose the latter. This follows the principle of parsimony and Occam's razor -
always choose the simplest explanation that fits the facts. If you decide to use a linear model, you can assign all the cases to the
training set and train a linear network on that for best accuracy (linear models cannot over-learn, and so there is no need to
maintain selection and test subsets).



Regression (1-5 ) (Insdat)

PETALWID.1 |PETALWID.2 |PETALWID.3 |PETALWID 4 |PETALWID 5
Data Mean 1,199333 1,199333 1,199333 1,199333 1,199333
|Data S.D. 0,759693 0,759693 0,759693 0,759693 0,759693
Error Mean 0,028621 0,036694 0,027031 0,018829 0,015061
Error SD. 0,178459 0,207151 0,191743 0,185614 0,181229
Abs E. Mean 0,133034 0,163035 0,144956 0,142586 0,141020
S.D. Ratio 0,234910 0,272678 0,252396 0,244323 0,238556
Correlation 0,972336 0,962865 0,968401 0,970460 0,971467

Although many problems are inherently non-linear, this is by no means always the case, and trying to fit a flexible curve to a
straight line relationship is clearly inappropriate. It is also the case that if you have a small number of cases, or a moderate
number of cases with a large amount of variance, you may be unable to fit a non-linear model with any accuracy even if the
underlying relationship is non-linear. If your neural networks have only a marginal improvement in accuracy over the linear
models, and you have a restricted number of cases, you should consider this possibility. In particular, if you observe that your
neural networks have slightly better training error and performance than the linear model, but worse selection performance,
then the improvement is almost certainly artifactual, and it is better to choose the "safer" option of a linear model.

In the author's experiment with the Irisdat.sta regression problem, the best neural model achieved a standard deviation ratio of
0.2340 on the selection set, compared with 0.2365 using a linear model, an improvement of a few percent (you are likely to get
slightly different results, as the random division of the data set will be different). Since the winning network was itself not very
complex (with four hidden units), this improvement is sufficient to justify keeping the neural network. If the performance
dropped to a one percent improvement or less, with such a small number of cases, it would be better to stick with the linear
model.



Residuals (1-5 ) (Irisdat)
| PETALWID.1 |R.PETALWID.1 |PETALWID.2 |R.PETALWID.2 |PETALWID.3 |[R.PETALWID.3 |PETALWID.4 |R.PETALWID.4 |[PETALWID.5 |R.PETALWID.5
1 0,208928 0,008928 0,216732 0,016732 0,179467 -0,020533 0,174800 -0,025200 0,220837 0,020837
2 2,092806 -0,107194 2,032272 -0,167728 2,050922 -0,149078 2,040795 -0,159205 2,037098 -0,162902
3 1,535815 0,035815 1,600000 0,100000 1,489341 -0,010659 1,511164 0,011164 1,561084 0,061084
4 2,209076 -0,190924 2,032272 -0,367728 2,052764 -0,347236 2,077662 -0,322338 2,102976 -0,297024
5 1,828364 0,328364 1,616136 0,316136 1,601432 0,301432 1.810111 0,310111 1,820414 0,320414
6 0,163582 -0,136418 0,216732 -0,083268 0,264417 -0,015583 0,260015 -0,039985 0,202052 -0,097948
7 1,898027 -0,401973 1,616136 -0,483864 1,740672 -0,559328 1,800306 -0,499694 1,851272 -0,448728
8 1.441147 -0,058853 1,556773 0,056773 1,368985 -0,131015 1,313458 -0,186542 1,301791 -0,198209
9 1,761145 -0,038855 1,686455 -0,113545 1,808610 0,008610 1,840116 0,040116 1,824814 0,024814
10 0,052375 -0,147625 0,043823 -0,156177 0,111093 -0,088907 0,128744 -0,071256 0,052179 -0,147821
11 1,579811 0,179811 1,600000 0,200000 1,615771 0,215771 1,640112 0,240112 1,659984 0,259984
12 1,773632 0,173632 1,816136 0,216136 1,842553 0,242553 1,8629945 0,229945 1,806734 0,206734
13 1 0Q72NA -n NN2704 1 RRG3R% N 14nR37 1 RRR731 -N 1432R9 1 RR’R31 N 1113RQ 1 610821 -n nan17q

Residuals button (The Lower the Better). This generates a spreadsheet of raw residual values (with predicted values for a
standard of comparison). You may also specify other pieces of information to be stored with the residual, and different forms of
residual, on the Residuals tab of the Results dialog.
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