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CLIOMETRICS

A Survey on Cycles and Chaos (part I)

Claude Diebolt & Catherine Kyrtsou”

Abstract: There are two contracting viewpoints concerning
the explanation of observed fluctuations in economic and
financial markets. According to the first view (Newclassi-
cal) the main source of fluctuations is to be found in exoge-
nous, random shocks to fundamentals. According to the
second view (Keynesian) a significant part of observed fluc-
tuations is caused by non-linear economic laws. Even in the
absence of any external shocks, non-linear market laws can
generate endogenous business fluctuations. The discovery
of chaotic, seemingly random looking dynamical behaviour
in simple deterministic models sheds important new light on
this debate. In order to detect non-linear structures in eco-
nomic and financial data a certain number of tests, some
based on chaos theory, have been developed. In this paper,
we will briefly discuss several statistical techniques devised
to detect independence and non-linearity in time-series data
(Part I). In a next issue of the journal, we shall also try to
make a simple presentation of the basic notions of chaos,
and then describe the related econometric tools (Part II).
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1. Introduction

A generally accepted definition of business cycles is one presented by Arthur
F. Burns and Wesley C. Mitchell in their work Measuring Business Cycles.
According to Burns and Mitchell:

«Business cycles are a type of fluctuation found in the aggregate eco-
nomic activity of nations to organize their work mainly in business en-
terprises: a cycle consists of expansions occurring at about the same
time in many economic activities, followed by similarly general reces-
sions, contractions, and revivals which merge into the expansion phase
of the next cycle; this sequence of changes is recurrent but not periodic;
in duration business cycles vary from more than one year to ten or
twelve years, they are not divisible into shorter cycles with amplitudes
approximating their own.» (Burns & Mitchell, 1946, p. 3).

The definition of business cycles advanced by Burns and Mitchell emphasises
that cycles are recurrent but not periodic. For some, the term business cycles
implies a certain rhythm of business activity. To describe the cycle as recurrent
means that it possesses a repetitive pattern of development [1 a pattern of
expansion, recession, contraction, and revival, followed by renewed expansion.
The cycle, however, is uniform neither in time periods nor in amplitude. We
cannot say that the expansion phase always lasts X months and measures of
aggregate activity rise Y per cent above the preceding low point. There is a
high degree of uniformity from one cycle to the next in the forces of cumula-
tion. Upswings and downswings are self-reinforcing; they feed on themselves,
possess similar characteristics, and show approximately concurrent movements
in many different series. However, there is no evidence that they recur again
and again in virtually the same form and amplitude. The completion of a cycle
from trough to trough or peak to peak may take from approximately two to
more then ten years, and the proportions of the upswing and downswing may
vary all the way from mild to catastrophic.

By the late seventies and early eighties, the debate concerning the main
source of business cycle fluctuations seemed to have been settled in favour of
the exogenous shock hypothesis. An important critique on this hypothesis has
been that it does not provide an economic explanation of observed fluctuations,
but rather attributes these fluctuations to external, non-economic forces.

Due to the discovery of deterministic chaos however, a renewed interest in
endogenous economic dynamics emerged. This notion captures exactly what at
first sight seems to be a paradox. A deterministic, and thus perfectly predictable
world becomes unpredictable when the initial states can only be measured with
finite precision or when the system is subject to small disturbances. So, because
of sensitive dependence on initial conditions, long run prediction of a chaotic
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system is impossible. Therefore, this does not mean that we cannot forecast
such systems over short time periods.

A number of the early chaotic business cycle models are due to Day. Day
(1982) showed that a version of Solow’s (1956) familiar growth model, can
generate chaotic output fluctuations around an unstable steady state growth
path, that seemed much closer to real business cycles than the earlier endoge-
nous business cycle models in the fifties' (Kaldor (1940), Hicks (1950), and
Goodwin (1951)). These early examples were criticised, because the models
had not been derived from underlying microeconomic foundations with profit
or utility maximising agents. However, Benhabib and Day (1982) and Grand-
mont (1985) showed that in the overlapping generations model, the conflict
between substitution and income effects, may lead to chaotic output fluctua-
tions.

All examples discussed above are or can be reduced to an one-dimensional
difference equation, and many of these examples apply the well known “Period
three implies chaos” theorem of Li and Yorke (1975), for one-dimensional
systems. From a qualitative point of view, the time series generated by these
chaotic business cycle models are closer to actual, observed business cycles
than the series generated by the early non-linear business cycle models. There-
fore, quantitatively the chaotic time series are still quite different from actual
observed business cycles. In particular, chaotic time series form an one-
dimensional model frequently exhibit extremely large jumps, where a price or a
quantity presents large decreases during one single period. Obviously, this is an
unrealistic feature, which has never been observed in a yearly change of a
capital stock or in aggregate output, or even in the fall of stock prices after a
market crash. In addition, in one-dimensional model unrealistically strong non-
linearities are needed to generate chaotic dynamics.

In order to generate time series that mimic more closely actual data, one has
to look at higher dimensional models. Only very recently economists have
started to build and explore the rich dynamical behaviour in two and higher
dimensional non-linear endogenous business cycle models. For example, Me-
dio and Negroni (1996) and De Vilder (1996) have shown that a two-
dimensional version of the overlapping generations model can generate chaotic
equilibrium paths, even when the two goods, current leisure and future con-
sumption are gross substitutes.

The recent burst in non-linear dynamics has also led to a number of innova-
tive approaches concerning the empirical and theoretical analysis of financial
markets. In fact, the idea that what is going on in those markets is generated by
high-dimensional chaotic processes, seems to be intuitively so attractive that
many introductory pages of textbooks on non-linear dynamics cite financial

! See for example Lorenz (1993) or Day (1996) for a survey of other endogenous business

cycle models generating chaos.
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markets as a standard example governed by chaotic motion. Early works of
Brock and Hommes (1998), Lux (1995, 1998), Malliaris and Stein (1999),
Gaunersdorfer (2000), and Chiarella et al. (2000) show that structural non-
linear financial markets models may lead to market instability and chaos. In
these non-linear models, complex asset-price fluctuations are triggered by an
interaction between a stabilising force driving prices back towards their funda-
mental value when the market is dominated by fundamentalists and a destabi-
lising force driving prices away from their fundamental value when the market
is dominated by speculative noise traders. The distribution of series derived
from chaotic trajectories of the models (e.g., Lux (1998), Lux and Marchesi
(1998), Iori (1999)) share important characteristics of true data: volatility clus-
tering, high peaks around the mean, and reduced leptokurtosis under time ag-
gregation. The introduction of endogenously transitions probabilities (Lux,
1998) or modelling using noisy chaotic systems (Malliaris and Stein (1999),
Kyrtsou and Terraza (2001), Gaunersdorfer and Hommes (2000)), give a new
dimension to high-dimensional chaos applications in finance.

As we have previously underlined, according to the chaotic approach, fluc-
tuations are the results of endogenous changes. This statement, does not only
mean that economic cycles or even stock prices are generated by a non-linear
deterministic (or high-dimensional) chaotic system. The nature of economic
agents’ beliefs play also a very important role. According to the rational expec-
tations hypothesis all agents hold the same belief and this is common knowl-
edge. However, in reality agents have different interpretations of the available
information. This endogenous heterogeneity may lead to market instability and
complicated dynamics, such as cycles or even chaotic fluctuations, in financial
markets (e.g Chiarella (1992), Day and Huang (1990), DeGrauwe et al. (1993),
Lux (1995) and Sethi (1996)). Heterogeneity and social interactions are very
natural non-linear effects which can play a key role in explaining fluctuations
in real markets.

Recent non-linear stochastic modelling was applied by Skalin and Terésvirta
(1996) to study Swedish business cycles. They found that a certain number of
Swedish macroeconomic series are non-linear and this non-linearity is charac-
terised by STAR models. Cyclical variation at business cycle frequencies does
not seem to be constant over time for all series, and it is difficult to find a Swe-
dish business cycle. Only two series may be regarded as having genuinely
asymmetric cyclical variation.

In order to detect non-linear structures in economic and financial data a cer-
tain number of tests, some based on chaos theory, have been developed. In the
following sections, we will briefly discuss several statistical techniques devised
to detect independence and non-linearity in time-series data. We shall also try
to make a simple presentation of the basic notions of chaos, and then describe
the related econometric tools.
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2. Methodology

2.1 The White test (1989)

In White’s test (1989), the time series is fitted by a single hidden-layer feed-
forward neural network, which is used to determine whether any non-linear
structure remains in the residuals of an autoregressive (AR) process fitted to the
same time series. The null hypothesis for the test is linearity in the mean” rela-
tive to an information set.

The rationale for White’s test can be summarised as follows: under the null
hypothesis of linearity in the mean, the residuals obtained by applying a linear
filter to the process should not be correlated with any measurable function of
the history of the process. White’s test uses a fitted neural net to produce the
measurable function of the process’s history and an AR process as the linear
filter. Then, we test the hypothesis that the fitted function does not correlate
with the residuals of the AR process. The resulting test statistic has an asymp-
totic X* distribution under the null of linearity in the mean.

2.2 The Kaplan test (1994)

We begin the presentation of Kaplan’s test (1994) by reviewing its origins in
the chaos literature, although the test is currently being used as a test of linear
stochastic process against general non-linearity, whether or not noisy or cha-
otic. In the case of chaos, a time series plot of the output of a chaotic system
may be very difficult to distinguish visually from a stochastic process. How-
ever, plots of the solution paths in phase space (x.; plotted against x, and
lagged values of x,) often reveal deterministic structure that was not evident in
a plot of x, versus t. A test based upon continuity in phase space has been pro-
posed by Kaplan (1994).

The idea of Kaplan’s test (Kaplan, 1994) is, that iterations from a determi-
nistic processes should be closer to the preceding values than those from a
purely stochastic dynamics. More formally, this amounts to testing whether for

pairs of data points which are within some small distance d;; :"y‘ - yj_" <r, the

average of the differences of their iterations ¢, = is found to be smaller

Viet ~Vjn
than some threshold value. The procedure involves producing linear stochastic

process surrogates for the data and determining whether the surrogates or a
noisy continuous non-linear dynamical solution path better describe the data. In
general, we perform 20 replications with surrogate data and adopt two variants
of this test: in the first, we compute the test statistic K as the average &; from

2 For a formal definition of linearity in the mean, see Lee, White and Granger (1993). Note
that a process that is not linear in the mean is said to exhibit “neglected non-linearity”.
Also, a process that is linear is also linear in the mean, but the converse need not be true.
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the 500 smallest distances d;;, while in the second variant, we perform a linear
regression on these smallest pairs (d;, €;) and consider the intercept at d;=0. In
both cases, the resulting test statistic K is compared to the minimum K from 20
time series of surrogate data. Linearity is rejected, if the value of the test statis-
tic K from the surrogates is never small enough relative to the value of the
statistic computed from the data.

2.3 The BDS test (1987)

The BDS test provides a preliminary step to determine whether a time series
process does or does not have observations which are independently and iden-
tically distributed (i.i.d). In 1987 Brock, Dechert and Scheinkman (henceforth
BDS) proposed a test of the i.i.d hypothesis based on the Grassberger and Pro-
caccia correlation integral. We test the null hypothesis that a series is i.i.d
against the alternative hypothesis that a series is linearly or non linearly corre-
lated.

For a time series {X;} t=1,...T, we first consider the m-histories X", = (X, X..
15 Xe+m-1), and then calculate the correlation integral :

C(e,m) =m i:z";H(“X{” —X;.”“) . (2.3.1)

%]
Here T,, = T-m+1 is the number of m-histories X™, = (X;, X¢1,...,X¢m.1) CON-
structed from the sample of length

T; H(|[x -Y] )= ’ﬁIHqXS -Yy)
S=

and m the embedding dimension.
H is the Heaviside function given by:

H(

Xl.—Xj“)z{l if “Xl.—Xj“<€and 0 if “Xl.—Xj“Za}.

Brock, Dechert and Scheinkman (1987) show the following theorem: Let X, an
i.i.d series and suppose that °,, > 0 ; in that case

TV2[ C(e,m,T,) - (C(e,m,T,))" ] [ M N0,0%,) with T,y

where the expression « O] EL N(0,0zm)» means: «convergence in distribution
to N(O,02 m» and N(O,02 m) denotes the normal distribution with mean 0 and
variance , Ozm.
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Considering that C(gl)og,op [C(&,1)]" [i.e. Denker et Keller (1986, theorem 1

m=

and (3,9))], equation (2.3.1) can be written as:

W(e,m) = T2 [C(em) - (C(e,1))"] /0,(€). (23.2)

Under the null hypothesis, X, is i.i.d. and N(0,1). Note that W(g, m ) is a func-
tion of two unknowns: the embedding dimension m, and the radius €. There is
an important relation between the choice of m and € concerning the properties
of a small sample for the BDS statistic. For a given m, € cannot be too small,
because in the opposite case there are not enough pairs of points X;, X; which
would make the maximum of distance between them to be inferior or equal to €
(necessary condition for the calculation of the correlation integral). These small
values of € yield a slope systematically equal to m, because of the problem of
noise (noisy chaos)[Brock et Dechert (1987)]. Inversely, € must not be too
large because the correlation integral contains too many observations.

Barnett and Choi (1989) suggest selecting a small value for €, without al-

lowing it to reach zero. This implementation of a lower limit guards against
noise in the data. Hsieh (1989) defines € in terms of multiples of the series
standard deviation. These multiples are 0.50, 0.75, 1.00, 1.25, 1.50. The same
multiples given by Girerd-Potin and Taramasco (1994) are 0.25, 0.50, 0.75,
1.00, 2.00, and 4.00. Brock, Hsieh and LeBaron (1992) use instead the 0.25,
0.50, 1.00, 1.50, 2.00°. As Liu et al. (1993) indicate, the choice of € is crucial
insofar as different selected ranges of values of € can lead to different conclu-
sions. The authors suggest selecting m to belong to the interval [2,5].
Whatever the choice of € and given the value of m, we calculate the W statistic.
The obtained values of [W/| are to be compared with the theoretical value 1.96
of the normal distribution at the 5% level. If the estimated value is higher than
1.96, then the null hypothesis of data independence is rejected. This rejection
can result from:

- either a non stationarity of the considered series, or

- a structure of dependence issued from a stochastic linear process (e.g.
ARMA), or

- a structure of dependence issued from a nonlinear stochastic process (e.g.
TAR, STAR, NMA, ARCH, GARCH, EGARCH), or

- a structure of dependence issued from a nonlinear deterministic process
(e.g. tent map, Mackey-Glass equation).

In order to use the BDS test as a test of non-linearity (BDSL), it is necessary in
the first place for the data to be stationary and to lack any linear structure. It is
possible to eliminate any linear dependence by filtering the data and applying

3 They have reached the best results when the ratio €/0 varies between 0.50 and 2.
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the BDS test to the residuals of an autoregressive model estimated from the
initial stationary series.

2.4 The Mizrach test (1995)

This test proposed by Mizrach (1995) is a simple nonparametric method for
independence, which we can use in small samples. Mizrach defines a stochastic
process to be locally independent of order p if the realisation X, provides no
information about the process p periods ahead. Therefore, we obtain the equal-
ity of the conditional and unconditional distributions. Let (py,...,pm.1) be a set
of increasing integers on [1, L], L <T-m+1.

Local independence then implies:

£ X

Probl[ X, g <E:X,<€]= (Prob[X,<E])™. 24.1)

+pm-1 <
To estimate the joint, F( X" ), and marginal, F(X,), distributions in (2.4.1),
introduce the kernel function h: R — R:

1 if X [ >E

h(th =H[XI <€1= 10 otherwise} - H(Xt’g] '

The joint unconditional probability that m leads of the X’s are less than € is
given by

_ el
Ohme)= | Myg'H X, +pl_,gde(th 4 2.42)

A consistent estimator of (2.4.2) is the following U statistics:
m,T* g)—T ; nlux,, e/
487 2 lizg Ty

where T'= T — max[p;] and T the number of observations.

The simple test for local independence is constructed using consistent estima-
tors of the first two moments of this U-statistics.

Proposition: Let {X,} be locally independent for any p; [J [1,L],i=1,..., m-1,
L<T,, then if m,&)>0,

4 . . .
Mizrach uses p, = 0 for notational convenience.
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= Hm,T*,g]—B{m —1,T*,£]9(1,T*,£H
Hm —1,T*,€]H(1,T*,£J{l —H{m —1,T*,£]]{1 —6{1,T*,5D

where « O N(0,1)» means that the SNT statistic converges in distribu-
tion to N(0,1) as T — co.

The SNT tests the null hypothesis of independence versus the alternative of
linear or non-linear dependence in the process.

An application of the SNT in stock exchange returns series by Kyrtsou and
Terraza (1998) has shown that even if we use short time series BDS remains
robust. Thus, given the power of the BDS test, the SNT can be applied as a
joint test.

5
05" é. N(O,1

2.5 The Granger, Maasoumi and Racine test (2000)

Granger et al. (2000) consider using the S, statistic for testing serial independ-
ence of a time series against alternatives of dependence which can be of a gen-
eral and non-linear nature.

The estimated value for this statistic is given as follows:

Sp=5 1 [Wi@b ~{f@yje)Pda d=

2
R R T N I A B0 e
2 —co—00 Vnhahb A b T hy nhy Z1\ by [\ E1|hy

where f (a.,b) is the kernel estimator of the bivariate density of the random
variables A and B _evaluated gt the point (a,b) based upon a sample of observa-
tions of size n. f (a) and f (b) are the marginal densities evaluated at the
points a and b. K(.) is a pth order univariate kernel function, where hy and h,
are bandwidths. The critical values for the test are given by Granger et al.
(2000). If S,< critical value, then we accept the zero hypothesis for serial
independence. If S,> critical value, then we reject the zero hypothesis.

5 Proof in Mizrach’s (1995) working paper.
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Granger et al. (2000) apply this test to a certain number of stochastic and cha-
otic models. For all series S, statistic detects well linear or non-linear depend-
encies Nevertheless, it is important to note its power against chaotic dynamics.
For example the logistic equation has autocorrelation function (ACF) and par-
tial ACF which behave like white noise. The ACF incorrectly leads us to con-
clude that there is no dependence in the series, while the S, metric correctly
identify dependence in the series.

REFERENCES

Barnett, W., and Choi, S.S., (1989): A comparison between the conventional
econometric approach to structural inference and the nonparametric chaotic
attractor approach, in Economic Complexity, Chaos, Sunspots, Bubbles and
Nonlinearity. Edited by Barnett, Geweke and Shell, Cambridge Press.

Benhabib, J., and Day, R.H., (1982): A characterization of erratic dynamics in
the overlapping generations model, Journal of Economic Dynamics and Con-
trol, 4, pp. 37-55.

Brock, W.A, Dechert, W.D., (1987): Theorems on distinguishing deterministic
random systems, in Barnett and Als. Eds., Dynamic Econometric Modelling,
Cambridge Press, 8§701.

Brock, W.A, Dechert, W.D., and Scheinkman, J.A., (1987): A test for inde-
pendence based on the correlation dimension, Working paper, University of
Wisconsin.

Brock, W.A, Hsieh, D.A., and LeBaron, B., (1992): Nonlinear dynamics, chaos
and instability, MIT Press, second edition.

Brock, W.A., and Hommes, C.H., (1998): Heterogeneous beliefs and routes to
chaos in a simple asset pricing model, Journal of Economic Dynamics and
Control, 22, pp. 1235-1274.

Burns, A.F., and Mitchell, W.C., (1946): Measuring business cycles, New
York: National Bureau of Economic Research.

Chiarella, C., (1992): The dynamics of speculative behaviour, Annals of Opera-
tions Research, 37, pp. 101-123.

Chiarella, C., Dieci, R., and Gardini, L., (2000): Speculative behaviour and
complex asset price dynamics, forthcoming in the Journal of Economic Be-
havior and Organization.

Day, R.H., (1982): Irregular growth cycles, American Economic Review, 72,
pp. 406-414.

Day, R.H., (1996): Complex economic systems, MIT Press.

Day, R.H., and Huang, W., (1990): Bulls, bears and market sheep, Journal of
Economic Behavior and Organization, 14, pp. 299-329.

DeGrauwe, P., DeWachter, H., and Embrechts, M., (1993): Exchange rate
theory. Chaotic models of foreign exchange markets, Blackwell.

217



Denker, G., and Keller, G., (1986) Rigorous statistical procedures for data from
dynamical systems, Journal of Statistical Physics, 44, pp. 67-93.

Gaunersdorfer, A., (2000): Endogenous fluctuations in a simple asset pricing
model with heterogeneous agents, Journal of Economic Dynamics and Con-
trol, 24, pp. 799-831.

Gaunersdorfer, A., and Hommes, C.H., (2000): A nonlinear structural model
for volatility clustering, Working Paper, Adaptive Information Systems and
Modelling in Economics and Management Science.

Goodwin, K.M., (1951): The nonlinear accelerator and the persistence of busi-
ness cycles, Econometrica, 19, pp. 1-17.

Girerd-Potin, 1., and Taramasco, O., (1994): Les rentabilités a la Bourse de
Paris sont-elles chaotiques? , Revue Economique, 45, pp. 215-238.

Grandmont, J-M., (1985): On endogenous competitive business cycles,
Econometrica, 53, pp. 995-1045.

Granger, C.W., Maasoumi, E., and Racine, J., (2000): A dependence metric for
nonlinear time series, Proceedings of the Econometric Society World Con-
gress 2000.

Hicks, J.R., (1950): 4 contribution to the theory of the trade cycle, Clarendon
Press.

Hsieh, D.A., (1989): Testing nonlinear dependence in daily Foreign Exchange
rates, Journal of Business, 62, pp. 339-368.

Tori, G., (1999): A microsimulation of traders activity in the stock market: the
role of heterogeneity, agents’ interactions and trade frictions, forthcoming in
the International Journal of Modern Physics C.

Kaldor, N., (1940): A model of the trade cycle, Economic Journal, 50, pp. 78-
92.

Kaplan, D.T., (1994): Exceptional events as evidence for determinism, Physica
D 73, pp. 38-48.

Kyrtsou, C., and Terraza, M., (1998): Determinism versus stochasticity in
emerging financial markets, Proceedings of the Fifth International Confer-
ence ‘Forecasting Financial Markets’.

Kyrtsou, C., and Terraza, M., (2001): It is possibly to study chaotic and ARCH
behaviour jointly? Application of a noisy Mackey-Glass equation with het-
eroskedastic errors to the Paris Stock Exchange returns series, Working Pa-
per 2001-06, LAMETA, Department of Economics, University of Montpel-
lier I.

Lee, T-H., White, H., and Granger, C., (1993): Testing for neglected nonlin-
earities in time series models, Journal of Econometrics, 56, pp. 269-290.

Li, T.Y., and Yorke, J.A., (1975): Period three implies chaos, American
Mathematical Monthly, 82, pp. 985-992.

Liu, T., Granger, C.W.J, and Heller W.P., (1993): Using the correlation expo-
nent to decide whether an economic series is chaotic, in Nonlinear Dynam-
ics, Chaos and Econometrics, Edited by M. Hashem Pesaran and Simon M.
Potter, John Wiley and Sons Ltd.

218



Lorenz, H-W., (1993): Nonlinear dynamical economics and chaotic motion,
Lecture notes in economics and mathematical systems 334, Springer Verlag.

Lux, T., (1995): Herd behaviour, bubbles and crashes, The Economic Journal,
105, pp. 881-896.

Lux, T., (1998): The socio-economic dynamics of speculative markets: inter-
acting agents, chaos, and the fat tails of returns distributions, Journal of Eco-
nomic Behavior and Organization, 33, pp. 143-165.

Lux, T., and Marchesi, M., (1998): Volatility clustering in financial markets: A
micro-simulation of interacting agents, Discussion Paper No B-437, Univer-
sity of Bonn.

Malliaris, A.G., and Stein, J.L., (1999): Methodological issues in asset pricing:
random walk or chaotic dynamics, Journal of Banking and Finance, 23, pp.
1605-1635.

Medio, A., and Negroni, G., (1996): Chaotic dynamics in overlapping genera-
tions models with production, In: Barnett, W.A., Kirman, A.P., and Salmon,
M., (eds) Nonlinear Dynamics and Economics, Cambridge University Press,
Cambridge.

Mizrach, B., (1995): A simple nonparametric test for independence, Working
Paper, Department of Economics, Rutgers University.

Sethi, R., (1996): Endogenous regime switching in speculative markets, Struc-
tural Change and Economic Dynamics, 7, pp. 99-118.

Skalin, J., and Terésvitra, T., (1996): Another look at Swedish business cycles
1861-1988, Working Paper, Department of Economic Statistics, Stockholm
School of Economics.

Solow, R.M., (1956): A contribution of the theory of economic growth, Quar-
terly Journal of Economics, 70, pp. 65-94.

Vilder, de, R.G., (1996): Complicated endogenous business cycles under gross
substitutability, Journal of Economic Theory, 71, pp. 416-442.

White, H., (1989): An additional hidden unit test for neglected nonlinearity in
multilayer feedforward networks, Proceedings of the International Joint
Conference on Neural Networks, IEEE Press, pp. 451-455.

219



