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Figure 5: Neural network classification rates by hidden nodes.
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While the network can pick up the idiosyncrasies in the training set it may result
in a separation curve far from the optimal curve.

Table 3 summarizes the effect of architecture and sample size by problem type.
It is seen clearly that for training, both factors are significant and there is no
interaction between them. However, for the test set, only sample size is significant
in all three problem types. As we have seen previously, as sample size increases,
the classification rate in the test set increases also. The effect of architecture on
well-behaved problems like P1 and P2 is minimal. It suggests the desirability of
having a small network and also the possibility that a network with fewer than
three hidden nodes may work as well.

The picture emerging from this experiment is: ,

1. If the objective is to achieve maximum classification rate in a training

sample, use large networks,

2. If the objective is for generalizing the network results back to the popu-

lation, use small networks with large training samples.

We admit that our explanations are speculative. But there is no available theory
in neural networks to offer a satisfactory answer to the phenomena we have observed
here. We would also add that our observations, though consistent with our conjectures,
are limited to the experimental factors considered.

EXPERIMENT 2
Design

The second experiment is designed to allow direct comparison between the classical
discriminant procedures and neural networks. As indicated in the findings of the
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Table 2: Average classification rates by factors.

Training  Test Set Pairwise Comparisons*

Factor Levels  Set (%) (%) Training Test
Hidden Nodes H1 83.82 73.15

H2 86.66 72.61  (1,2),(1,3),(2,3) (1,3)

H3 88.43 72.01
Problem Type P1 90.26 79.84

P2 86.59 7131 (1,2),(1,3),(2,3) (1,2), (1,3), (2,3)

P3 82.05 66.62
Sample Size S1 88.80 70.62

S2 85.99 72.81 (1,2),(1,3),(2,3) (1,2), (1,3), (2,3)

S3 84.11 74.34

*Significant differences detected by Tukey’s pairwise comparison.

first experiment, the neural architecture with three hidden nodes provides consis-
tently the highest correct classification rate of the test sets and in addition the
number of hidden nodes does not interact with the other two experimental factors.
Thus, this architecture is to be used in the second experiment. Since both the
problem type (P1, P2, P3) and the size of training samples (S1, S2, S3) have
significant effects on the correct classification rates of neural networks, these same
factors are used in the second 3x3 experiment.

SAS procedure DISCRIM [30] is used to solve all three types of problems.
The linear discriminant (LDA) classifier is chosen for P1 as it is the optimal
method. The option for not pooling the variance-covariance matrices is used as the
quadratic discriminant (QDA) classifier for P2. For P3, both QDA and the NPAR
(nonparametric) option with k=3 in DISCRIM are used for classification. In addi-
tion, the LP model MSD [9] is used. The reason for using so many models for P3
is that there is no known optimal method for this problem and only LDA can be
excluded as it is subsumed under QDA.

Results

The results on the training samples are summarized in Tables 4 and 5. As shown
in Table 4, the overall classification rate by LDA for problem P1 is 85.20 percent,
by QDA for P2 is 79.17 percent, and by nonparametric for P3 is 80.73 percent.
Each of these averages was based on 90 random samples from each distribution.
These values should be fairly close to the expected rate. This is the reason we
postulated the optimal rates to be 85 percent, 79 percent, and 80 percent for
problem types P1, P2, and P3, respectively.

Table 4 shows that neural network models are better than LDA for P1 and
better than QDA for P2. For P3, neural networks are better than QDA and LP but
worse than k-nearest neighbor. The classification rate resulted when a competitive '
method is paired with that from neural networks. The differences are then tested
for significant difference from zero. Table 4 shows that all pairwise comparisons
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Table 3: ANOVA results by problem type.

Training . Test
Problem Type Factor F p-value F p-value
P1 Sample 15.02 .0001 16.45 .0001
Nodes 7.10 .0010 .65 .5233
Sample x Nodes .13 .9706 .30 .8753
P2 Sample 9.19 .0001 23.19 .0001
Nodes 29.36 .0001 1.02 .3605
Sample x Nodes .89 4674 12 9766
P3 Sample 3047 .0001 17.38 .0001
Nodes 17.73 .0001 4.95 .0078
Sample x Nodes 1.28 2781 23 9218

are significant at .05 level except for the difference between k-nearest-neighbor and
neural networks for P3 and sample sizes 30 (S1) and 60 (S2). However, the
advantage of neural networks over the best competitor in each problem type drops
when sample size increases.

The analysis of variance results in Table 5 are grouped by problem type and
then by procedure. The only factor used is sample size. The results show that for
the procedures in SAS DISCRIM - LDA, QDA, and k-nearest-neighbor, there is
no difference in the classification rate as sample size changes. For linear program-
ming, sample size makes a difference. For neural networks, sample size is a sig-
nificant factor in both P1 and P3.

Tables 6 and 7 show the results of classification rates using the test samples.
Table 6 shows that LDA is better than neural networks for P1, QDA is better for
P2, and QDA and LP are better for P3, The analyses of paired differences show
that all differences are significantly different from zero except for two occasions
in P3: QDA and neural networks in $3, and k-nearest-neighbor and neural networks
in S1. In general, as sample size increases, the performance of neural networks
improves. Indeed, when sample size is 90, neural networks outperformed all other
methods for P3. Again, a pattern emerges. The procedures which are better at
classifying training sets are not as good at classifying test sets. If we can use a
loose term power to denote the ability of a classifier to adapt itself to data, then it
is reasonable to say that the nhonparametric procedure in SAS DISCRIM is more
powerful than neural networks of a fixed architecture, which in turn is more
powerful than QDA and LP. (The difference between QDA and LP for P3 are hard
to explain.) As the examples show, power comes from the generality of the procedure.
A more powerful method is better able to classify a given data set. On the other
hand, it is less able to make inferences about populations.

Sample size is a significant factor for LDA in P1, QDA in P2, and neural
networks in all three problem types. However, it is not significant for the other
methods for P3, as shown in Table 7. The results for LDA and QDA are expected
from the Bayesian classification theory. It is seen that as sample size increases, the
classification rate converges to our speculated expected rate for either method. The
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Table 4: Classification rates of training samples.

Method S1 (%) S2 (%) S3 (%) Total (%)
P1 LDA 85.33 84.89 85.37 85.20
Neural 91.22 88.39 86.85 88.82
P2 QDA 79.22 79.28 79.00 79.17
Neural 84.22 82.95 82.67 83.28
P3 QDA 72.56 70.78 69.59 70.98
k-near 80.56* 80.78* 80.85 80.73
LP 73.56 70.44 69.11 71.04
Neural 81.89 79.33 76.85 79.36

*Not significantly different from neural at .05 level.

Table 5: ANOVA results for training samples (factor: sample size).

Problem
Type Method F-value p-value Tukey’s Compatison
P1 LDA .08 9196
Neural 5.88 .0040 (1,3)
P2 QDA .02 9811
Neural A48 .6226
P3 QDA 241 .0961
k-near .03 9709
LP 4.06 .0207 (1,3)
Neural 6.08 .0034 1,3)

overall picture is that for generalizability neural networks should have large samples.
This confirms the conclusion from Experiment 1 which is shown in Table 3.

CONCLUSIONS AND IMPLICATIONS

Neural networks have emerged as an important tool for classification. Although
there have been many successful applications, few general guidelines are available
for building neural models. Our study has shed some light on two key issues—network
architecture and size of training samples. If the objective is to classify a given set
of objects, then one would want to use a large network. But if the objective is to
predict the classification of objects from an unseen population, a theoretical foun-
dation for explaining such behaviors is still lacking.

Neural networks classifiers are better than the traditional methods and the LP
model MSD on training samples and slightly worse on the test samples. However,
as sample size increases, neural networks improve their performance on the test
samples. These statements leave the impression that neural networks may be a poor
choice for a real world classification problem. We do not suggest this. Besides the
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Table 6: Classification rates of test samples.

Method S1 (%) 52 (%) S3 (%) Total (%)
Pl  LDA 83.26 84.28 84.12 83.69
Neural 78.33 80.88 81.17 80.13
P2 QDA 78.39 79.65 80.49 79.51
Neural 68.92 71.78 74.49 71.73
P3 QDA 68.13 69.38 68.76* 68.76
k-near 64.69* 65.14 65.03 64.96
LP 68.40 69.14 68.62 68.72
Neural 65.93 67.18 69.71 67.61

*Not significantly different from neural at .05 level.

Table 7: ANOVA results for test samples (factor: sample size).

Problem Type  Method F-value p-value Tukey’s Comparison
P1 LDA 5.38 .0062 (1,2), (1,3)
Neutal 6.87 .0017 (1,2), (1,3)
P2 QDA 6.53 .0023 (1,3)
Neural 6.98 .0015 - (1,3)
P3 QDA 1.55 2175
k-near 11 .8911
LP .53 .5896
Neural 6.90 .0017 1,3), 2,3)

difficult and non-quantitative problems such as recognition of finger prints [21]
and speech patterns [31], neural networks have been successful with real statistical
classification problems such as bond rating [33] and prediction of bank failures
[38]. The reason is that real data sets are rarely, if ever, clean in the sense that the
variables are drawn from known distributions with known covariance matrices. For
such data sets, neural networks are more attractive than the classical methods in
two aspects: generality and flexibility. Neural networks are applicable to a much
broader class of problems than any of the classical methods and for dirty data sets,
neural networks have performed better than the classical methods [38]. In addition,
changing a neural network model is easily affected by changing the architecture.
So our view is that for real world classification tasks, neural networks should be
considered.

Future research will include new factors such as different group proportions
in the training samples and attributes with categorical values, and extensions of the
current factors by increasing the number of attributes and groups, and increasing
the levels of correlation between variables. In another direction, research into the
distributions of output values and arc weights will provide better guidelines for
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neural network model building (e.g., choice of architecture) and output analysis
(e.g., estimation of population parameters). [Received: August 10, 1992. Accepted:
May 22, 1993.] |
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