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ABSTRACT: Neural networks are a powerful and flexible statistical tool but there are several problems in making use
of them. The central problem of neural network cited in literature is the overfitting effect which has its
origin in the well known bias-variance-dilemma and in the disturbances which overlay economic
relationships in the form of noise. Especially for the Multilayer Perceptron, numerous optimization
strategies have been developed in the last decade to overcome these problems. But if we take into account
the findings of ordinary statistics some of these procedures are not correctly designed, some are used in
the wrong way, and some are misused. The following contribution presents the background of individual
procedures and discusses how to use and combine them in a flexible optimization strategy.
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THESIS

• The Multilayer Perceptron is nothing else but an extremly flexible statistical tool and its capability and power is in
direct relation to the complexity and parametrization of the network structure in use. Depending on this
parametrization the MLP pass a smooth transition from parametric to nonparametric models.

• Making use of parametric models with small network structures, one has to formulate concrete assumptions about the
economic relationship of interest. If such models are not specified correctly, they have a bias. Making use of
nonparametric models with complex network structures, one abandons those assumptions. The form of the modeled
relationship is directly related to the sample that is used for estimation. Therefore, nonparametric models suffer from
a high variance.

• On the one hand, economic relationships are complex and not well understood. On the other hand, the MLP is able
to model any relationship as long as it is sufficiently parametrisized (see Hornik et al. 1989). Consequently at first
glance, the use of highly parametrisized models seems to be a good strategy.

• But the often cited overfitting problem of the MLP has its origin in the well known bias-variance-dilemma (see
Geman et al., 1992) described above. It occurs if the model has too many degrees of freedom.

• Due to this bias-variance-dilemma we should favour small models with an ‘optimal’ network structure. This is a
structure which is just able to model the unknown economic relationship and keeps the variance of the model as
small as possible (see Anders, 1995, p. 5, 1997).

• Furthermore, from a economic point of view, the extraction of optimal structures appears important since it allows
the identification of relevant factors. This is the basis for analysing cause and effect in economic relationships. The
following discussion gives an overview over a wide range of optimization tools, their advantages and shortcomings
and how to use and combine them in a correct manner.



POTENTIAL DETERMINANTS OF OVERFITTING

• The actual cause of the overfitting problem are the disturbances which overlay available structures in the form of
noise. Without noise there will be no overfitting. The degree of noise is the first and most relevant determinant of
overfitting.

• In the classical literature of neural networks, in general two determinants are made responsible for overfitting:
Because the approximation ability of the MLP is determined by the number of its free parameters/weights, both its
capability and the danger of the overfitting is in direct connection. Since the parameter of the MLP are not
analytically exact definable but determined iteratively with gradient descent procedures, the number of training
cycles is often interpreted as further determinant.

• In fact both are directly related: A highly parametrisized network loses its generalization ability after a few training
cycles. On the other hand, a appropriately sized net requires considerably more training cycles in order to capture
any available structures at all.

• However, the following discussion of alternative optimization strategies however, will show that the attempt to avoid
overfitting by the number of training cycles (the well known ‘stopped training’) is methodically extremely
problematic.

THE SHORTCOMINGS OF STOPPED TRAINING

The primary objective of crossvalidation techniques is the appraisal of the generalization accuracy of a statistical model.
In addition they offer support in judging the parametrisation of a model. Within the framework of neural networks they
are often misused in order to limit the number of training cycles of the MLP via stopped training (see Weigend et al.
1990).

• Crossvalidation gives information on overfitting. Instead of measuring the possible degree of overfitting (which may
give an indication about the parametrization of a given network structure), making use of stopped training the
parameter estimation will be stopped just in the moment when overfitting occurs. The only information you get about
overfitting is that it just happens (at following see Kerling, 1996, pp. 410 and Kerling, 1998, pp. 329).

• Because structural information of the crossvalidation sample is used for this procedure the crossvalidation error
gives no valid information about the generalization accurracy of the network. It has to be tested with a second
crossvalidation sample. This worsens the omnipresent problem of small data sets in economic applications.

• But even if a second crossvalidation sample is in use the weights of the network are not determined and information
about the generalization accuracy are liable to random influences (e.g. the composition of the crossvalidation sample,
the training algorithm, the step width, etc.).

• A second but even more important point of criticism against stopped training refers to the bias-variance-dilemma
discussed already. The emphasis of optimizing the MLP has to be put towards the network structure. This is the only
way to solve the structural problem of highly parametrisized models and to limit the model variance. Stopped
training per se doesn’t solve the problem of overparametrisation.

• Furthermore statistical tests which represent the most powerful tools in order to optimize the network structure of the
MLP do not work with stopped training. Using stopped training a network does not reach a minimum in weight
space. If the weights of the network are not determined they are no reliable basis for statistical tests. If statistical
optimization strategies use this unreliable information they may give misleading signals.

• In contrast to stopped training a kind of ‘forced overfitting’ would give information about the possible degree of
overfitting. At the same time the weights of the network are a certain basis for statistical tests. Using these tests
iteratively the fitting potential of a network is restricted step by step. In conjunction with ‘forced overfitting’ the
reduction of the overfitting effect is measurable. During this iterative optimization the error on the training sample
will increase because of the restricted potential of the network. At the same time the error on the crossvalidation
sample will decrease because of the reduced tendency to overfit the data. In this way the potential of the network will
be restricted in an orderly manner.

• Finally it has to be commented that in ordinary statistcs the question of interrupted parameter estimation has never
arisen because the parameters of linear models are in general analytically exact definable. Even in nonlinear



regression models whose parameters must also be determined by gradient descent procedures the unambiguity of a
global/local minimum and hence the identification of a model in question is of special importance. This is the basis
for statements about expected parameter values, estimation errors and tests concerning their statistical significance.
The attempt to make a virtue out of the necessity of iterative parameter estimation appears as deadend street for
statistical tests.

VALIDATION IN NONLINEAR MODELS

Crossvalidation techniques like simple crossvalidation, bootstrapping, jackknifing, etc. are well known in ordinary
statistics but they do not take into account the special requirements of nonlinear error surfaces. The following briefly
discusses the shortcomings of linear crossvalidation techniques.

SHORTCOMINGS OF SIMPLE CROSSVALIDATION

• In economic applications the problem of small data sets is omnipresent. Dividing those data sets into two subsets
which should be both representative for an unknown totality seems to be quite difficult. Selecting data points for
crossvalidation by chance leads to random results. Information about the generalization accuracy of the forecasting
model is far away from being reliable (see Poddig, 1994a, p. 334, Poddig, 1994b, 1996.

• Furthermore, picking out a certain fraction of the available data for crossvalidation reduces the number of training
patterns and worsens the problem of analyzing small data sets with a high parametric forecasting model. In particular
it has to be taken into account that the parameters are subject to additional distortions because of the reduction of the
training set.

ADVANTAGES AND SHORTCOMINGS OF MULTIPLE CROSSVALIDATION TECHNIQUES

• Simple crossvalidation is just one simple method in order to get information about the validity of a specific
forecasting model. In contrast methods like jackknifing (see Mosteller/Tukey, 1968), bootstrapping (see Efron, 1979,
1983), leave-one-out- or v-fold-crossvalidation (see Geisser, 1975) provide a more reliable basis.

• The focus of multiple crossvalidation techniques is a different one. In a first step the parameters of a model are
estimated using the whole data set. In a second step the model’s generalization accuracy will be estimated via
numerous simple crossvalidations based on slightly modified data sets.

• This has several advantages. The parameter of the model are estimated by the whole data set. They are not subject to
additional distortions. The information about the generalization accuracy of the model is by far more reliable since a
considerably higher volume of data can be employed for crossvalidation. Besides one obtains information about the
stability or the estimating error of the parameters which results from the lacking of larger amounts of data. Some
statistical tests like jackknifing make use of this information in order to eliminate non significant parameters.

• But these multiple crossvalidation techniques do not take into account that there may be numerous minima in the
error surfaces of nonlinear models. Random initialization and/or different training sets for individual crossvalidations
may result in not comparable models that take quite differing positions in the weight space. In this case one gets the
crossvalidation errors of different models instead of measuring the generalization accuracy of one particular model in
question. Furthermore, there is no guarantee that individual weights are carrying out the same function over all
models (for example there may be network symmetries). Statistical tests based on not comparable models may cause
misleading results.

NONLINEAR CROSSVALIDATION

• Moody/Utans (1995, pp. 288 -289) have suggested a sequential two step nonlinear crossvalidation procedure. At the
first step a single network has to be trained into a local or global minimum. The obtained network with weight matrix
w will be subject to further examination in the second step. In order to get information about the prediction risk of



this network it has to be retrained v times using w as starting point and holding out just one subset of the original
training sample for crossvalidation.

• The assumption of nonlinear crossvalidation is that retraining of a specific network on a reduced data set does not
lead to a large difference in the locally optimal weights but causes only a slightly different error surface. Thus,
starting form w assures that the multiple crossvalidation estimates the generalization accuracy of a particular model
in question.

• This nonlinear crossvalidation ensures that the weights of the network in question are a certain basis for statistical
tests because all v+1 modells are trained into the same minimum of the error surface and the weights of the different
models are comparable. There is no chance for network symmetries.

OPTIMIZING THE INTERNAL STRUCTURE

So far it seems to be a good strategy to prefer the nonlinear crossvalidation of Moody/Utans (1995) and to refuse the
traditional stopped training. But crossvalidation is just a supporting tool and as mentioned earlier the main emphasis has
to be put towards the optimization of the network structure of the MLP. The following gives a brief summery of some
more or less well known techniques to optimize the internal network structure between the input and the hidden layer of
the MLP. The destination is to show connections between individual procedures and to discuss more sophisticated
techniques designed to overcome the shortcomings of simpler strategies.

REGULARISATION - WEIGHT DECAY AND PENALTY TERM

• Simple regularisation techniques (see Hertz et al., 1991, pp.157) try to avoid overfitting by keeping the weights
small. Towards the original training step ∆wi  they press the weights into the direction of zero ‘by hand’ or ad a

penalty term ( )P w to the error function E.

(I) weight decay: ∆w
E

w
wi

i
i i= − −η

∂
∂

ε
( )

εi

i

cons t

w
=

+1 2 2

(II) penalty term: ( )P wi
i

n

w = +
=
∑γ

1

2
2

1

( )P
w

w
i

ii

n

w = +
+=

∑γ
1

2 1

2

2
1

• As in the case of stopped training, the net should be impeded to fit itself too strongly to the data. Therefore there are
similar points of criticism. The model may be restricted to quasi linear models based on information that has no link
to the original application. So the error function minimized doesn’t represent the structure of the problem to be
solved. Furthermore the optimization of the decay rate ( ε γ, ) represents a further degree of freedom and the

parameter estimation of the network will be extended.

TESTING SIGNIFICANCE

While regularisation techniques restrict the potential of the MLP by keeping its parameter small, statistical tests try to
identify parameters whose expected values do not differ significant form zero. These weights should be removed since
even their sign can not be predicted with accurate safety. Because statistical tests are based on the deviation of the
expected parameter values from zero they should not combined with stopped training. Both regularisation techniques
and stopped training prevent the parameters from reaching their real expected values by holding them close to zero in an
artificial manner. Kerling (1998, pp. 350) shows that the following tests may lead to misleading signals and suboptimal
network architectures if used in combination with stopped training.



Pruning small weights

(III) Small weights: t est w wi i( ) = or t est w wi i( ) = 2

• The elimination of small weights is only  the simplest way in order to slim down the internal network structure of the
MLP. But eliminating small weights is not a test in the statistical sense. It does not note that every parameter
estimation is subject to estimation errors. The expected value of a parameter and its estimation error are the basis for
statistical tests.

The Test of Finnoff/Zimmermann (FZ-Test)

• ... use information of a special gradient descent procedure, the simple delta-rule, in order to estimate the variance of
each parameter and to construct a kind of t-test. The estimation of the parameter variance is based on the parameter
fluctuations caused by individual data vectors p. Looking back at the dicussion above concerning stopped training
the following formula presupposes that the network is in a minimum of the error surface.

(IV) Finnoff/Zimmermann (1992):
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Jackknifing

• While the FZ-Test is based on one specific minimizing procedure and the parameter fluctuations caused by

individual data vectors, Jackknifing makes use of the parameter fluctuations wi
l° ( ) caused by k varying compositions

of the training sample. In the framework of the discussion so far, Jackknifing provides several advantages. Originally

designed to handle small data sets via undistorted parameter estimators wi
° , Jackknifing seems to fit perfectly into

the omnipresent problem of small data sets in economic applications. Multiple crossvalidation techniques like the
nonlinear crossvalidation of Moody/Utans (1995) have just been recommended. So the k re-estimations of a model in
question do not represent additional effort. The possibility to employ this advanced statistical test is just an free and
efficient by-product of nonlinear crossvalidation.
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The Wald-Test

• ... is a standard procedure in ordinary statistic. White (1992b) shows that the parameters of the MLP are
asymptotically normally distributed if they are at least locally identified. The real covariance matrix of the
parameters is indeed not computable, but White provides a weakly consistent estimator and makes the Wald-Test
applicable in the framework of the MLP.
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For all these procedures is valid that eliminated weights may be animated again by some test modifications or by their
first derivative of the error function. So at first glance these procedures seem to be the first choice in order to optimize
the internal structure of the MLP. However, it is precondition for their correct use that the parameters are at least
identified locally. This should have been guaranteed by forced overfitting. But because of the hierarchical structure of
the MLP this assumption may be violated, particular if a model in question contains irrelevant hidden units. But this
problem has to be solved by optimizing the number of hidden units.

TESTING RELEVANCE

Statistical tests just take care about the statistical significance of the parameters. They do not consider the contribution
of individual parameters for the error minimization. Certainly the following procedures can not replace the statistical
tests discussed above but they supply additional information in order to decide about the elimination of individual
parameters.

Simple Sensitivity Analysis

• The emphasis of sensitivity analysis is to measure the relevance of specific parameters. Parameters which do not add
value to minimize the error function may be eliminated. This procedure seems to be intuitive but there are also some
points of criticisme: In order to get the test value of individual weights one has to calculate the error of n+1 models
(the number of current weights and the ‘parent model’ itself). There is no critical value in order to eliminate one
specific weight. Sensitivity analysis suppose that the parameters are independent. If they are not, the parameters have
to be reestimated in order to get reliable test values. This makes sensitivity analysis quite time consuming.
Furthermore, simple sensitivity analysis do not take into account that smaller models with fewer parameters in
general result in higher error rates.

(VII) t est w E w Ei i( ) ( )= = −0

Information and Selection Criteria

• Information and selection criteria deal with the last point of criticism. They adjust the resulting error of a specific
model to the number of parameters in use. The following are only a selection of current available measures. The
advantage of these criteria is that they take into account the dimension of alternative (hierarchical) models. With
test(wi) = 0 they also provide a natural limit to eliminate or to keep one specific parameter alive. But they are time
consument as well. Finally they also suppose parameter independence and therefore do require reestimation after
each test calculation.

(VIII) Akaike (1974): AI C
P

SSE
K

P
= +

1 22( )w σ

(IX) Schwarz (1978): SI C
P

SSE
K P

P
= +

1
( )

l n( )
w

(X) Murata et al. (1994): NI C
P

SSE
P

t r= + −1 1 1( ) [ ]w BA

(XI) t est w I C w I Ci i( ) ( )= = −0

Optimal Brain Damage

• ... does focus on the time consum of the criteria discussed so far. Under the assumption that a model in question is in
a minimum of the error surface optimal brain damage approximates the additional error which would result if wi will



be set equal to zero. Early Brain Damage suggested by Tresp et al. (1996) represents an alternative designed for the
combination with ‘stopped training’. But as mentioned earlier the identification of the model parameters is of
importance for subsequent statistical tests. Furthermore the question of a critical value and the problem of parameter
reestimation is solved neither by Optimal nor by Early Brain Damage.
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Optimal Brain Surgeon

• ... takes care about this ‘last problem’ of sensitivity analysis using the Hesse Matrix.
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OPTIMIZING THE HIDDEN LAYER

• The optimization of the number of hidden units is of special importance for the MLP. Eliminating or adding further
hidden units into an existing network strcuture is an serious intervention. The procedures discussed so far only
concern individual weights while a hidden unit stands for a group of weights which represents a closed functional
unit. So the number of hidden units sets the framework for the desired capacity, the undesired flexibility (overfitting)
and the varity of models a specific network structure is able to represent.

• In general, techniques like regularisation and testing the relevance could be modified in order to eliminate hidden
units. However, the discussion so far shows that statistical tests are more stringent and should be also mighty tools
for this task. But as already mentioned there may be some problems making use of statistical tests in the framework
of the MLP. These problems have there origin in the hierarchical structure of the MLP.

• The test statistics already discussed presuppose that the network parameters to be tested are (at least locally)
identifiable. If we are testing parameters of the internal network structure we implicitly assume that the parameters
between hidden and output layer differ from zero. Otherwise the internal parameters to be tested may take any value
without effect. They would be not identifiable. If we turn procedure upside-down and want to test the significance of
a hidden unit (its parameter to the output) we have to presuppose that the parameters connecting the hidden unit with
the input layer differ from zero. So it’s a classical test of a joint hypothesis. The following test statistics show ways
out of this dilemma.

WHITE’S NEURAL NETWORK TEST

• The basic consideration of White’s lagrange multiplier test is the notion that if a model is correct specified there
should be no correlations between the residuals ut

* of the model in question and any transformation of the input
vectors xt. If there are correlations there may be some kind of neglected nonlinearities. In the framework of the MLP
the transformation of the input vectors is performed by the output function ψ  (e.g. logistic) of an additional hidden

unit. In order to avoid the parameter estimation for reasons discussed above, White engages the weight vectors wi of
p additional phantom hidden units with random numbers and tests the following hypothesis.

(XIV) White (1989): H E ut i t i0 0: [ ( ) | ]'ψ x w w =
H E u f ür i q q pa t i t i: [ ( ) | ] , . . . ,'ψ x w w ≠ = + +0 1

• Because of the random initialization it is recommended to add p phantom hidden units in one step. As a consequence
the probability to discover correlations will increase but the power of the test will suffer under rising p. Therefore
White suggests to limit the number of phantom hidden units via principal component analysis. Finally it has to be
mentioned that his test is not consistent. If the test is not able to detect correlations one must not conclude that H0 is
valid. From this point of view the following test of Teräsvirta et al. (1993) has some advantages which were



confirmed in some time series analysis (see Teräsvirta et al., 1993).

THE LAGRANGE MULTIPLYER TEST OF TERÄSVIRTA/LIN/GRANGER

• White implicitly tests whether the weight which would connect an additional hidden unit with the output is
significant under the assumption that the input weights of this unit are already ‘determined’ by random numbers. In
contrast the test of Teräsvirta/Lin/Granger is based on a Taylor Approximation which simulates the functionality of
an additional hidden unit. So there is no need to estimate hierarchical arranged parameters. For their purposes they
use a slightly modified output function ψ :
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• Adding the taylor approximation of a first hidden unit to a linear model they get the following network functionality,

where x wt
'

0  represents the part of the original linear model and w1 is the weight vector of one first hidden unit.
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• With this in mind they test the following hypothesis:

(XVII) Teräsvirta et al.(1993): H i j k mi t i I j i I k j Ii j k0 0 0: , , , . . , ; , . . , ; , . . ,δ = ∀ = = =
Ha i j k: δ ≠ 0

• But the taylor approximation results in numerous third order polynomials which may also correlate with each other.
In order to increase the power of the test it is also recommended to reduce the polynomials via principal component
analysis. Both test statistics are defined in the framework of neural networks. In ordinary statistics there are also
further tests to discover nonlinearities (see Kerling, 1998, pp.393).

OPTIMIZING THE INPUT UNITS/FACTORS

• As in linear models the statement ‘garbage in, garbage out’ is valid. So also in the framework in neural networks the
number and selection of exogenous factors is the most important task. Already at the beginning of the process of
model building, the number of potential factors should be kept as small as possible because irrelevant factors act as
additional noise and increase the danger of overfitting. High correlated input factors result in redundant information
and distorted parameter estimators. Finally the interpretation of a model containing irrelevant input factors will be
complicated.

• For these reasons the biggest effort in selecting the relevant factors should be spent before starting the modelling
process. In addition to the traditional correlation analysis there are several nonlinear test procedures offered by
ordinary statistics. Examples are the Nonlinear Granger Causality Test or the Delta-Test of Pi (1993).

• In principle the techniques to optimize the internal network structure are able to eliminate remaining irrelevant input
units. Nevertheless it should be proven that there are no more irrelevant input units after this optimization. In essence
the sensitivity analysis and the Wald Test are available for this purpose. The latter one is able to test the significance
of a group of parameters which connect one specific input unit with the hidden layer (see White, 1992b, p. 108).



CONCLUSION

• The findings so far can be summerized as follows. Neural networks are no intelligent systems but a flexible statistical
tool. For this reason especially the MLP is at least subject to the same assumptions as linear regression analysis and
because of the omnipresent bias-variance-dilemma tiny models should be preferred.

• At the beginnig of modelling an unknown economic relationship, a wide range of statistical tests (based on
fundamental considerations) should be performed in order to discriminate relevant from irrelevant factors. The
emphasis of neural networks is to model nonlinear relationships. Therefore these investigations must not be limited
to linear tests.

• Crossvalidation techniques enable the monitoring of an iterative parameter estimation but this information should not
be used for stopped training. The available information about the overfitting effect would be cut off. Information
about the generalization accuracy would be liable to random influences and the ‘estimated’ parameters would be no
basis for statistical tests.

• There are several precedures available in order to optimize the internal network structure but in principle advanced
statistical techniques should be prefered. As in ordinary statistics their results should be supplemented by sensitivity
analysis and/or selection criteria.

• However these test are only applicable if the network parameters are identified. But redundant input and irrelevant
hidden units may result in non unique error minima. Therefore at a first step the number of necessary hidden units
should be determined by building up the hidden layer step by step. The test statistics of White (1989) and Teräsvirta
et al. (1993) seem to be adequate for this task. Due to the complexity of neural networks and the resluting problems
in real life applications the linear regression model should be the starting point. Only the proof of neglected
nonlinearities should justify the use of neural networks or more complex network structures containing further
hidden units.

• There are interdependences between the parameters of the different layers because of the hierarchical structure of the
MLP. Therefore constructing the hidden layer and optimizing the internal network structure should be carried out in
alternation. Finally it should be proven that the resulting model does not contain remaining irrelevant inputs.

CONCURRENT AND SUPPORTING CONSIDERATIONS

Especially in economic applications there is a misproportion between signal information and signal noise. There are two
possibilities to reduce this disparity: Increase signal information and/or reduce signal noise. As mentioned above signal
noise is the origin of the overfitting problem. Because noise of certain degree would mask any signal the use of noise
filters like smoothing time series is usual. But if the relationship in question is a multivariate one it may be destroyed by
univariate filters. Therefore multivariate techniques like clustering or topoligical maps (Kohonen, 1981) have to be
taken into account (for discussion see Kerling, 1988, pp. 411). Weigend et al. (1996) suggest a procedure called
‘clearning’ which combines the parameter estimation of the MLP and the adjustment of the training data in order to
reduce the noise level. In contrast ‘increase signal information’ simply states that the more information is available about
an optimization problem the more information should be implemented into the network structure a priori.
Zimmermann/Weigend (1996) suggest an unconventional but powerful procedure. They enlarge the output layer in order
to model some variables that are in direct link to the variable of interest simultanously. The interaction of this
multivariate output is modelled a priori via an interaction layer. This procedure is another kind of regularisation but it
uses useful information about the problem structure.
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