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stock

before

Microsoft
DIT-Geldmarktfonds

February 20
February 13

after
284
51.61

February 23
February 16

144
50.31

Without any background information, such sudden changes in the equity curves may be interpreted as
significant price drops. The truth is, however, that these anomalies are caused by exceptions requiring data
cleaning:
Microsoft:
Microsoft has introduced a stock split, and its share holders got two new shares for an old share. Therefore, all
prices until February 20 have to be divided by two to reflect the new price level.
DIT Geldmarktfonds:
At February 16, 1998 all share holders got a dividend of 1.30 DM/share added to the share volume immediately
by 0.02519 shares. Therefore, the prices before February 16 must be divided by 1.02519.

Fig. 1.8: DIT-Geldmarktfonds and Microsoft equity curves

1.5 Data transformation
The enhancement of clean and selected data sometimes involves generating new data items for
one or more variables by combining two or more variables. This method is realised by some
extension of an input data sample by adding new columns of generalised variables. But an
increase in the regressor number can perfect regression only. This can be done by calculating the
sum, the product or difference of two variables, their ratio, or other simple nonlinear functions of
the initial variables. For some given variables x1, x 2, ...,x M , this extension could be:
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v 1 = x 1 x 2 , v 2 = x 1 x 3 , v 3 = x 2 x 3 , ..., v g =

1
1
1
, vg +1 =
, vg +2 =
, ...,
x1
x2
x3

Another kind of transformation could be turning a date into a day of the week or day of the year.
Example: Analysis and prediction of drainage outflow [Müller, 96]
Models created for periods in which the drainage outflow was not always essentially different from zero were
especially influenced by threshold values. They were considered for air temperature and for soil temperature in 5
cm and 20 cm depth in the following manner: z = x sign(x-s),
where sign a =

{

1 x≥0
with s assuming the threshold value.
0 x<0

All kinds of data mining algorithms need to transform symbolic values into numeric values. This
translation often requires to turn discrete symbols or categories into numeric values. Sometimes,
the data also need to be transformed into a form that is accepted by a certain data mining algorithm
as input information. Neural networks, e.g., need scaled data. Most neural network algorithms
accept numeric data in the range of 0 to 1 or -1 to 1, only, depending on their activation function.
For statistically based algorithms, it is useful to normalise or scale the data to achieve better
numerical results.
A very important kind of transformation is subdivision of data samples into two or more subsets.
One subset of data is used to train the model (training data set) and another subset is used to test
the accuracy of model (checking or testing data set). Sometimes, a third data set can be used to
validate the obtained model (validation data set). The most common approach is randomly dividing the source data into two explicit data sets. When time series are considered, the most recent
data are used to test a model, while the other data serve to train the model. In self-organising data
mining, a more powerful way of data subdivision is suggested (chapter 4 and 7).
2. Choice and application of data mining algorithms
Data mining is a method of searching data for unexpected patterns or relationsships using a variety
of tools and algorithms [Devlin, 97]. According to Fayyad [Fayyad, 96] this can be:
• classification: learning a function that maps (classifies) a data item into one of several
predefined classes;
• regression: learning a function that maps a data item into a real-valued prediction variable;
• clustering: identifying a finite set of categories or clusters to describe the data;
• summarisation: finding a compact description for a subset of data;
• dependency modelling: finding a model that describes significant dependencies between
variables;
• change and deviation detection: discovering the most significant changes in the data from
previously measured or normative values.
Many techniques have been developed to solve such data mining functions. They can be applied to
perform the common data mining activities of associations, clustering, classification, modelling,
sequential patterns, and time series forecasting, which are listed in table 1.3 [Bigus, 96].
Algorithms of self-organising modelling can be applied for many data mining functions in a similar
context (chapter 3) (table 1.4).
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Data mining function
associations
classification
clustering
modelling
time series forecasting
sequential patterns

Knowledge Discovery from Data

Algorithm
statistics, set theory
decision trees, neural networks
neural networks, statistics
linear and nonlinear regression, curve fitting, neural networks
ARIMA, Box-Jenkins, neural networks
statistics, set theory

Table 1.3: Data Mining functions [Bigus, 96]

Data mining function

Algorithm

classification
clustering
modelling
time series forecasting
sequential patterns

OCA, GMDH, FRI, AC
OCA
GMDH, FRI
AC, GMDH, FRI, OCA
AC

(OCA : Objective Cluster Analysis, GMDH : Group Method of Data Handling ,
FRI : Fuzzy rule induction using GMDH, AC : Analog Complexing)
Table 1.4: Algorithms of self-organising data mining

3. Analysis of extracted knowledge
In this data analysis phase, the data mining output must be evaluated to figure out if new and useful
knowledge of the domain was discovered. Data are what data mining tools create, store and
provide. Information - data in business context - is what the business needs [Devlin, 97].
Additionally, the modeller has to decide the relative importance of the facts generated by mining
algorithms. The extracted information is valuable to a business only when it leads to actions or
market behaviour that gives a discernible competitive advantage.
Such information can be a generated trading signal in a portfolio trading system to provide some
decision aid for when to buy or sell a specific asset advantageously. In section 2.3 will be shown
that it is possible by means of self-organising data mining to automate such decision process using
a twofold modelling:
• Prediction model.
Here, self-organising data mining is used to extract and synthesise hidden information from a
given data set for prediction purposes;
• Control model.
Predictive information is used as model input, and some user-defined, optimal decisions form
the target variable of the model.
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Self-organising Data Mining

This chapter explains the concept of a self-organising data mining and describes it in the context of
several automated data-driven modelling approaches. The basic ideas of this spectrum of automatic
modelling methods that aim to limit the involvement of users in the data mining process (section 2.1)
are outlined in section 2.2. It contains linear/nonlinear regression (Neural Networks, Group Method
of Data Handling), rule based modelling (fuzzy rule induction), symbolic modelling (self-organising
structured modelling), and nonparametric modelling (Analog Complexing, Objective Cluster
Analysis). The algorithm of a self-organising data mining is introduced in section 2.3. It describes
how self-organisation works generally, what conditions it requires, and how existing theoretical
knowledge can be embedded into the process. Then, automated parts of a knowledge discovery are
listed forming the framework of a self-organised data mining. Finally, an example of a portfolio
trading system in finance, application of self-organising data mining is described.

2.1 Involvement of users in the data mining process
Data mining is an interactive and iterative process of several subtasks and decisions including data
selection and preprocessing, choice and application of data mining algorithms, and analysis of
extracted knowledge. Most important for a more sophisticated data mining application is to limit the
involvement of users in the general data mining process to the inclusion of existing a priori
knowledge while making this process more automated and more objective. Only in this way is it
possible to develop so-called intelligent agents [Janca, 98] or software robots, which will be the
most important computing paradigm in the next ten years. "By the year 2000 every significant
application will have some form of agent-enablement" [Janca, 98]. This special type of software
can be used to automate several tasks within the process of knowledge discovery from data.
Software robots as described by several software companies can automatically execute such
functions for a user like recognizing changes, defects, trends, deviations and other patterns in data
stored in data warehouses (for more details see [Jennings, 98]).
According to the steps of knowledge discovery from data mentioned in chapter 1, there are the
following user demands from a decision maker’s perspective:
1. Data selection and preprocessing
Data selection is a form of domain knowledge. Only the domain expert can formulate the task using
his or her knowledge about the problem and can figure out which relevant information is available
or can be accumulated. Often the available data are not representative for the population of interest
and contain no hint that there is a potential bias present. One opportunity to automate this step is to
execute an automatic sensitivity analysis that detects which variables should be used. This will be
realised in the following by means of GMDH algorithms.
Moreover, data have to be cleansed, selected and preprocessed by someone with a good deal of
knowledge about the problem domain under study. Without the guidance and knowledge of a
domain expert, these steps are impossible to realise. The requirements and goals at the task must be
engineered in cooperation with the decision maker. Besides automated ”data-edit” procedures and
rule based intelligent agents specifying how to cleanse missing or valid data, the analyst’s
background knowledge and mental model of the domain play a crucial role for data cleaning. What
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may look as outlier, for example, and deleted from the analyst’s viewpoint can actually be a key
data point worth focusing on. More standard preprocessing and data representation steps such as
scaling, symbol mapping, and normalization necessary in some data mining tools can be automated
using rules and core statistical information about the variables.
2. Choice and application of data mining algorithms
A proper choice of data mining techniques requires not only excellent knowledge about data mining
tools, methodologies, and models, but also experience in their successful practical employment.
Human judgement is crucial in this process, because an algorithm’s optimum cannot include
qualitative distinctions between competing models of similar size, for example, if
accuracy/availability/cost of variables differ [Elder, 96]. Human expertise has to be used to select
models from the potentially large pool of alternate models.
There are several approaches to data mining generating mathematical models from empirical data
almost automatically. Very popular here are Neural Networks. Neural Networks are a so rich class
of functions that controlling the optimization process, i.e., the learning algorithm, pruning, network
architecture (the number of layers or hidden units), cost functions and so forth, is a central part of
the modelling process. Due to its trial and error nature, the quality of Neural Network models
depends strongly on the person who has generated the model. This may be an outstanding
advantage for scientific applications, but in business applications this is perceived as negative.
Application of automatic model generation for description of complex systems has shown that a
purely automatic approach to modelling is not the most promising approach. The accumulation of
information that is important for decision making is not a formal task, but a task in its special fields.
Therefore, it is advisable to use a priori information about the system to be modelled, i.e., the
knowledge about input/ output relations, structural information and causal relations that are well
known in the actual theory. This includes the knowledge accumulated in systems research by
modelling large scale systems (e.g., analysis of structure, stability, sensitivity and diagnosis of
multi-collinearity).
Even for ill-defined, complex systems, where only less a priori information is available, the user
may take some interest in the model results proper. Also, he may have no expert knowledge of
mathematical, cybernetic, and statistical techniques, or no time for dialog-driven modelling tools.
Then, automatic model generation based on data-driven approach is a powerful way to generate
models, nevertheless. “With increasingly huge and amorphous databases, clearly methods for
automatically hunting down possible patterns worthy of fuller, interactive attention, are required.
The existence of such tools can free one up to, for instance, posit a wider range of candidate data
features and basis functions (building blocks) than one would wish to deal with, if one were
specifying a model structure ‘by hand’” [Elder, 96].
There exists a spectrum of automatic model generation methods (fig. 2.1) described in more detail
in chapter 2.2. Any parametric, nonparametric, algebraic, binary/fuzzy logic models are simplified
reflections of the complex reality only. There always exist several models that may have a sufficient same degree of adequacy for a given sample of data, but each model is an abstraction, a onesided reflection of some important features of reality only. A synthesis of alternate model results
gives a more thorough reflection.
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1. lin./nonlin. regression
implicit
neural
networks

2. rules

explicit
GMDH
algorithms

fuzzy
modeling

mathemat.
logic

process data

3. algeb. formulas/models

4. nonparametric models

self-organizing
structured modeling

Analog Complexing
Objective Cluster
Analysis

Fig. 2.1: Spectrum of automatic model generation

3. Analysis of extracted knowledge
Knowledge discovery in databases is considered non-trivial extraction of implicit, previously
unknown and potentially useful information from data. In particular, this step requires human
participation in proper interpretation of the results and to ensure that useful knowledge is derived
from data. “Blind application of data mining method (rightly criticised as ‘fishing’ or ‘dredging’
and sometimes as ‘mining’ in the statistical literature) can be dangerous activity in that invalid
patterns can be discovered without proper interpretation”[Fayyad, 96]. Therefore, knowledge
discovery from data involves the evaluation and possibly interpretation of the pattern.
Only in such a way it is possible to decide by means of experts whether the driven patterns from
data are knowledge or not. This means, patterns are not only valid on new data with some degree of
certainty, but novel and potentially useful as well, and they lead to some useful actions that can be
measured by some utility function.
The final output of knowledge discovery from data should not only be some form of knowledge,
but an application of that knowledge in business or any other special field. Brachmann suggests:
“Such an application could then be built and installed in a business environment to provide analysis
and action recommendations on an ongoing basis using, for example, incoming business data”
[Brachmann, 96].
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2.2 Automatic model generation
2.2.1 Regression based models
Commonly, statistically based principles are used to select parametric models [Cheeseman, 94].
The goal is to find a model that predicts a response variable from predictors and that does well on
new data. Elder and Pregibon [Elder, 96] have provided an overview on statistical techniques
applicable to knowledge discovery from data. They reviewed some major advances in statistics in
the last few decades but also some influential classical and modern statistical methods for practical
model induction. Recently, it can be observed that, after a period of model estimation, the statistic
community is now focusing on model selection. For modern methods, the model search is
processed on structure space and on parameter space as well. “It is not uncommon now for many
thousands of candidate structures to be considered in a modelling run - which forces one to be even
more conservative when judging whether improvements are significant, since any measure of
model quality optimised by a search is likely to be over-optimistic” [Elder, 96].
There are several alternate ways for automatic model selection of regression based models. The
most important one is generation of model variants with growing complexity and selection of a final
model of optimal complexity (referenced later in this book as GMDH). For the formulation of the
one-dimensional task of model selection, the following information is provided:
1.There is a clear reproduction of the factors of influence x in the scalar output variable y=f(x, a).
2. Also, there is a quantity F of functions fr(x, ar ), with ar as the adequate model parameters.
3. The following structure of a quantity F of functions selected for description of the output
variable by the input variables exists: proceeding from a partial quantity F1 of elementary
functions, there are partial quantities Fi (i=1, 2, 3,..., q) which contain the preceding partial
quantity Fi-1 . Thus, the following is valid:
F 1 d F 2 d ... d F q
The partial quantity Fq coincides with the quantity F of functions.
4.The structure shall be expressed in a way that the complexity Ci of the functions of the partial
quantity Fi is smaller than the complexity of functions contained in the partial quantity Fi+1 ,
that is, C1 < C2 < ... < Cq .
5.Given is a set of observations X={x1 , x 2 , ..., x T }.
6.Given is a T-dimensional vector y of observations of the output variable in the points of
quantity X :
yi =f(xi , a) + e i , i=1, 2,..., T.
The goal is to find a model of optimal complexity, that is, to find an element of the partial quantity
Fr , r=1, 2, ..., q with the complexity Cr , that minimises a given selection criterion Q.
A very important methodological problem is to select a task-appropriate external criterion, that is, a
criterion based on information not yet used for parameter estimation and that evaluates the model
performance. More information on criteria can be found in section 4.4.
Obviously, quite different principles can be employed for the generation of alternate model variants
(within the partial quantity Fr and also for growing complexity). All of them, however, have an
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apparent need for a quantity of elementary models. Self-organising modelling approach (chapter 4)
suggests different algorithms for a gradual increase of the complexity of models. Mainly, there can
be distinguished between complete and incomplete induction algorithms.
One development direction that cares about the practical demands on modelling represents automatic
regression based modelling depending on
• the black-box method as a principle approach to analyse systems from input/output samples;
• the connectionism as a representation for complex functions by networks of elementary
functions.
Separate lines of development of these scientific foundations are the theory of Neural Networks
(NN) and the theory of Statistical Learning Networks (SLN) (section 3.1). Whereas Neural
Networks were developed mainly as real-time adaptive signal processors that must be trained to
compensate fluctuations in an "intelligent", that is, an adaptive manner during normal working
conditions, Statistical Learning Networks are a kind of statistical method for data analysis and
prediction. Here, all observations are given and forecasting can be made upon earlier analysis of
similar data. Its "learning" is analogous to the process of estimation used in many statistical
algorithms. Repetitive “learning” can lead to adaptive behaviour as well.
Statistical Learning Networks and in particular GMDH (section 3.2) can overcome some of the following significant problems of successful Neural Network based modelling (see also section 6.3).
• Models obtained by most commonly used Neural Networks are implicit models distributed
over the network (internal connective representation of knowledge). However, analysts are
usually interested in interpreting their model and in extracting some meaning from the model
structure.
• Neural Networks do not use as much a priori information as other modelling methods do since
”black boxes” are theoretical abstractions only in reality. So, if a priori knowledge is available
from systems theory, for example, it can hardly be used for NN model improvement . It is not
applicable without a transformation into the world of Neural Networks. The rules of this translation, however, are unknown.
Marenbach [Marenbach, 98] suggests an approach that uses Neural Networks as part of a
hybrid model - often called a gray box - where its output values are used as parameters within
mathematical equations. Here, a priori knowledge of well-known balance equations, is used
while variations of those parameters that cannot be described analytically are learned by the network.
• The required knowledge for designing the architecture of Neural Networks is not at the command of the users. According to [Kingdon, 97] the Multilayer Perceptron, for instance, requires to adjust many parameters listed in table 2.1. They represent the minimum number of
design decisions, supposing not only knowledge about the theory of Neural Networks but also
time and experience in this field. As a result, the qualitative model structure is, a priori, predefined as very complex.
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Parameter choice
Data selection

Data pre-processing
Forecast horizon

Options available and problems raised
for a given target process many possible causal effects may be
relevant in the construction of a model. An automated system will
require some method for determining how secondary series can be
inferred for a non-linear generating process
what forms of data treatment such as scaling, smoothing should
be applied to training data?
how should an optimal forecast horizon be chosen?

Training data

having selected and treated data, how should data be segmented for
network training?

Order of model

what should the number of lags or number of input nodes
for the NN be?

Architecture
Activation function
Learning rule
Learning style

what should the number of hidden nodes be?
which is the best activation function in any given instance and what
bias does it introduce?
what rule should be used to control the weight update
during training?
what style of network training should be used i.e. batch
versus on-line?

Convergence

since the learning method is gradient descent, there are many local
minima that the model can get stuck in, therefore is training to
be stopped?

Cost function

how should the cost function be defined? What variation to the results
does it imply?

Generalisation

once all of the above have been completed how is the network to be
validated? What confidence criteria can be placed on the network’s
likely performance in terms of generalisation?
Table 2.1: MLP training parameters [Kingdon, 97]

In an attempt to solve some of these Neural Network parametrisation problems there has been
considerable research effort into combining Neural Networks and Genetic Algorithms. Genetic
Algorithms have been used for weight training for supervised learning, for selecting data, setting parameters and designing network architectures [Kingdon, 97]. Kingdon has developed an
Automated Neural Net Time Series Analysis System (ANTAS) that combines feed-forward
Neural Networks and Genetic Algorithms to automate NN time series modelling for an arbitrary time series [Kingdon, 97]. Mostly, however, application of Genetic Algorithms is very
time-consuming (beyond NN’s time requirements) and they claim to find an optimum in a
highly multimodal search space known as very tricky. Therefore, Wang [Wang, 98] has used
floating point encoding and some specialised operators (i.e., nonuniform mutation, arithmetical
crossover, etc.) to improve the fine local tuning capabilities of a Genetic Algorithm.
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• Neural Network learning techniques are a kind of statistical estimation often using algorithms
that are slower and less effective than algorithms used in statistical software [Sarle, 94]. Some
of the known problems of NN learning algorithms like backpropagation are [Zell,98]:
- symmetry breaking,
- learning may stop in local minimum of criteria,
- stagnation on flat error plateaus,
- oscillations.
• If noise is considerable in a short data sample , it can be shown that these models are overfitted
multivariate multiple nonlinear (in special cases linear) regression functions.
“Statisticians have been suspicious of artificial neural networks due to their overzealous promotion,
but also because they appear so over-parameterized, and the weight adjustment procedure is a local
gradient method (missing global optima), sequential (allowing early cases to have too much
influence), and interminable (leading to a crude type of regularization wherein moderating the
runtime becomes the principle way to avoid overfit).” [Elder, 96].
Kingdon [Kingdon, 97] shows that Minimally Descriptive Networks have an increased probability
of good generalisiation as compared to larger networks designs. There are several pruning
techniques that attempt to counter overtraining. He introduced a method for inferring Minimally
Descriptive Networks via Network Regression Pruning. This pruning attempts to derive an optimal
network architecture by starting from what is considered a too large network. Network Regression
Pruning is substantially different from existing pruning techniques as it explores the space of
possible architectures while attempting to hold a network’s mapping fixed [Kingdon, 97].

2.2.2 Rule based modelling
For some applications, explanations of the reasoning process are important, sometimes even being
legal requirements. Since Neural Networks have inherent difficulties to provide explanations, many
users are increasingly examining rule induction type approaches that provide explicit explanations
of reasoning [Goonatilake, 94]. Rule induction from data uses Genetic Algorithms to induce rules
operating on data with linguistic categories. The representation of models is in the familiar
disjunctive normal form. Local rules are generated, such as:
IF some subset of the independent variable satisfies particular conditions
THEN a certain behaviour of the dependent variable is to be expected.
This produces extremely easy understandable transparent decision models interpretable by decision
makers.
Goonatilake [Goonatilake, 94] presents a powerful solution. The Genetic Algorithm part of the
modelling procedure is based on "Packard’s system for complex data analysis" that realises all
steps, starting with observations about the real system up to a rule based model. Packard’s Genetic
Algorithm can be viewed as a model search mechanism that searches a very large space of possible
models to find a good set of models. The linguistic or symbolic preprocessing of the data is
achieved by using a Single Linkage clustering algorithm with a heuristic cluster selection
mechanism. There are three main components [Goonatilake, 94]:
• a code or representation scheme for the models
that specifies relationships between entities in terms of AND, OR relations. A conditional set or
model contains as many conditional positions as there are independent coordinates (x1 ,
x2 ,...,x n ). Each conditional position will be allowed to take on either a value of *, saying no
condition is set for the corresponding coordinate, or a sequence of numbers showing OR’ed
Automatic model generation
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values of the corresponding coordinate. For example (*, (5,9), *, *, 7, *, *) suggests that the
conditional set will be true if (x2 = 5 ∨ x2 = 9) ∧ x5 = 7.
• a mechanism (selection) to evaluate the usefulness (fitness) of the models
To find good models there must be a mechanism for evaluating the goodness or fitnees of a
given model. Packard defines the fitness F of a model as
F(y) =

α
1
3 δ(y − y' ) −
N
N

where N the total number of samples , δ(y-y’) is 1 if y=y’ and 0 otherwise, y’ the model
output and α is a parameter to adjust the dependence on N.
• a mechanism to generate new models by mutations and crossover.
The mutation operators Packard uses are:
1. picking a new coordinate
2. deleting a coordinate
3. changing a coordinate
4. crossover preserving the positions of the conditional sets.
Successful applications are gained, e.g., in financial trading system.
More important for ill-defined problems found e.g. in economics or ecology is fuzzy modelling.
We can interpret the fuzzy modelling as a qualitatively modelling scheme by which we qualitatively
describe a system behaviour using a natural language. Zadeh has suggested the idea of fuzzy sets
since he found difficulties in the identification of complex systems based on differential equations
with numeric parameters. The C3 R system can generate a fuzzy model from a given data set
[Keller, 95]. The input for this system are time series of measured quantities or direct patterns of
observable quantities from the real system. The output of the C3 R system is composed of the visualisation of the causal dependency relations recognised in the format of a directed causality graph,
and the functional dependence relations are expressed by several fuzzy transformation rules.
Example:
An example of a prototype causality statement produced by the C3 R system as a specific, simple fuzzy rule is
shown in [Keller, 95].
IF manipulated variable in [172,1; 178,2]
AND change = decrease to [22,5; 28,2] within 1 time step
AND regulated variable in [19,0; 20,0]
THEN change = decrease to [- 4,3; -3,2] with delay of 3,6 +/- 1 time step
AND THEN change = increase to [8,0 ; 8,4] with delay of a total of 10 time steps
AND THEN change = decrease to [1,9; 2,6] with delay of a total of 17 time steps
AND THEN change = increase to [5,0; 5,5] with delay of a total of 24 time steps

Section 5.3 describes self-organising fuzzy rule induction using GMDH.
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2.2.3 Symbolic modelling
There are several ways for automatic model selection:
a. selection of alternate models from a given model base .
Knowledge based activities in model selection can be supported by methods of artificial intelligence
(intelligent front end). A successful direction is the use of Genetic Algorithms to generate complex
structured process models and to estimate the unknown parameters (see, e.g., [Bearse, 98],
[Marenbach, 98]). Self-organising structured modelling uses a symbolic generation of an
appropriate model structure (algebraic formula or complex process models) and optimisation or
identification of included sets of parameters by Genetic Algorithms. This approach assumes that the
elementary components are predefined (model base) and suitably genetically coded.
There are real-valued (evolution strategy), binary string (Genetic Algorithm) and tree structure
(genetic programming) representations. The genetic approach can be easily adapted to a variety of
optimal tasks with a search space of tree-structured problem-specific representations. The tree
format can be used to represent mathematical formulas since the normal infix notation can be
translated into a tree-structured prefix notation straightforward. An example is shown in fig. 2.2
[Haasdijk, 94]: the trees represent (x+y) *3 and x - 2*y . Such a representation is most
advantageous. When coming to a mutation (modification) and a crossover along with Genetic
Algorithms, the tree operations can be set up efficiently [Haasdijk, 94]. Figure 2.3 shows the two
children x*3 and (x+y)- 2*y obtained from crossing the trees of figure 2.2.

Fig. 2.2: Tree representations [Haasdijk, 94]

Fig. 2.3: Crossover [Haasdijk, 94]

OMEGA [Haasdijk, 94] is a full-fledged model development tool that generates predictive models
from databases and allows the user to statistically analyse and validate the resulting models. It
encompasses GAAF, a Genetic Algorithm for the Approximation of Formulas.
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Very convincing results are obtained by Marenbach [Marenbach, 95, 98]. In these papers Marenbach uses the so-called genetic programming to generate and improve mathematical model
structures automatically. Here the user can define both fixed parts of a model as well as guesses that
are automatically discarded if they do not prove to be helpful. Models are completely represented
mathematically as block diagrams or systems of differential equations.
A Structured Model Generator (SMOG) provides data base model generation, modification and
verification in close cooperation with process experts. SMOG internally distinguishes between two
tasks: the first is searching for an appropriate model structure. This is realised by genetic
programming where models are generated in a transparent symbolic form. The other task is the
evaluation of the structure’s inherent set of parameters. For parameter adaptation, standard
nonlinear optimisation techniques are applied. Figure 2.4 shows the basic concept of model
generation with SMOG [Marenbach, 98].

Fig. 2.4: Concept of structured model generation with SMOG [Marenbach, 98]

b. selection of the best model as a special case from a given general class of models
(e.g., specification of a growing process from the class of Volterra-system of differential equations
for growing processes). Here, a fixed model structure is given and a data-driven tool is applied to
adjust the models internal (numerical) parameters (the structure of the model is parametrized). An
important class of growing processes (see table 2.3) can be described by a Volterra-System of
differential equations [Peschel, 81]:
x0 ’ = c0 x0 x1
x1 ’ = x1 (c3 x1 + c4 x2 )
x2 ’ = x2 (c5 x2 + c6 x1 ).
The most important subclass is the following:
x’(t) = K xk (B-xw)l .
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The selection task is to fit this common model in form of Volterra-System of differential equations
from observations x(t), t=1,2,...,N, so that the best growing process will be generated. For a given
system of differential equations with given parameters ci , i=1,2,...,6, by means of method of
Runge-Kutta a numerical solution can be obtained (fig. 2.5).

Fig. 2.5: Specification of a growing process from Volterra-System of differential equations

The generated solution must be evaluated by means of a fitness criterion that estimates the model
quality, and this solution is the approximation of unknown growing process. Using an estimation
strategy, the model quality can be improved.
Example: Macroeconomic modelling
Table 2.2 contains the result of such a specification of several typical growing processes from the class of a
Volterra-System of differential equations. The table shows the least squared error δ [%] based on seven observations, and the MAD prediction error ε [%] for two predictions.
Figure 2.6 shows the result of specification for several characteristics of a national economy. The obtained
approximation error was not greater than 2% of the maximum value.

trend/saturation functions
power function
Gompertz function
logistic function
Johnson function
modified exponential function
hyperbolic function
Toernquist function
logistic hyperbola
2. degree parabola
2. degree hyperbola
logarithmic parabola
logarithmic hyperbola

(%)
0.23
0.30
0.04
0.35
0.13
0.77
0.01
0.13
4.20
0.20
0.37
0.35

(%)
0.90
0.13
0.20
0.17
0.62
1.22
0.21
0.23
0.32
0.44
1.81
4.91

Tab. 2.2: Specification of typical growing processes
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Fig. 2.6: P - gross domestic product, T - trade turnover

2.2.4 Nonparametric models
Parametric methods replace sample data with a model representation, a global consensus of the
model the data represents. The parametric model is the best tool for function’s approximation and
forecasting of deterministic objects where all inputs and outputs are measured. For ill-defined
objects with very large noise, better results should be obtained by nonparametric models such as
patterns or clusters. To detect temporal patterns such as shown in figure 2.7 is the focus of some
work within knowledge discovery from data.

Fig. 2.7: Some patterns from technical analysis of stock market [Berndt, 96]
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These patterns of figure 2.7 are drawn, for example, from technical analysis of the stock market.
Detection of patterns in time series requires an approximation, or “fuzzy” matching process. Once
identified, pattern instances may then be used to construct higher-level rules or regularities.
Humans are very good at visually detecting such patterns. To get computers to do the same task,
however, is a difficult problem. The difficulty arises in capturing the ability to match patterns with
some notion of “fuzziness” [Berndt, 96]. This problem is similar to the problem of recognising
words in continuous human speech. In [Berndt, 96] is developed a dynamic time warping
technique that uses a dynamic programming approach to align the time series and a specific word
template.
Following in this book (chapt. 5), nonparametric models are selected from a given variable set by
Analog Complexing representing one or more analogous patterns of a trajectory of past behaviour
or by Objective Cluster Analysis representing one or more clusters. For optimal pattern recognition
and clustering only partial compensation is necessary. More of what we are interested in is to
minimise the degree of compensation to get more accurate results. Forecasts are not calculated in the
classical sense but selected from the table of observational data. These methods are denoted as
nonparametric because there is no need to estimate parameters. “Nonparametric ‘model-free’
methods instead keep the data around and refer to it when estimating the response or the class of a
new point “ [Elder, 96].

2.3 Self-organising data mining
This book will give an insight of several approaches to mine data by generating mathematical
models from empirical data almost automatically using a spectrum of self-organising modelling
technologies. Parametric models are adaptively created from data by the Group Method of Data
Handling (GMDH) algorithm (chapter 4) as networks of optimised transfer functions (Active
Neurons). Nonparametric models (chapter 5) are selected from a given variable set by Analog
Complexing (AC) representing one or more patterns of a trajectory of past behaviour that are
analogous to a chosen reference pattern, or, by Objective Cluster Analysis (OCA). Fuzzy models
can be parametric or nonparametric depending on whether during fuzzification an estimation of
parameters of membership functions is realized or whether the parameters are estimated
automatically or by experts. All approaches of self-organising modelling include not only core data
mining algorithms. They represent an iterative process of generation of alternate models with growing complexity, their evaluation, validation and selection of a model of optimal complexity. In
contrast to neural networks, where
• genetic algorithms are used as an external procedure to optimize the network architecture and
• several pruning techniques to counteract overtraining,
in the following the principles of evolution - inheritance, mutation and selection - are introduced in
the real process of generating a network structure. This enables execution of an automatic model
structure synthesis and model validation. Models are generated adaptively from data in form of
networks of optimized transfer functions in an evolutionary fashion of repetitive generation of
populations of alternative models of growing complexity and corresponding model validation and
survival-of-the-fittest selection until an optimal complex model - not too simple and not too complex
(overfitted) - has been created. If this, but also data reduction, preprocessing and validation of
model results adjust themselves during self-organisation, it can be called a self-organising data
mining.
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2.3.1 Basic scheme of self-organising modelling
Self-organisation is a method for an adaptive synthesis of complex systems. The methodological
basis of self-organising modelling is the assumption that all information about the correlations of
the essential variables of the object (that is, information about the structure and behaviour of the
system) is contained in the observational data samples of the variables. Thus, the modeller need
only to find these pieces of information contained in the data; a task that, according to Tichonov, is
an “ill-posed task” [Tichonov, 71]. Self-organisation of mathematical models does not force users
to deal with the laws of the object under study more profoundly by means of theoretical systems
analysis. Instead, it processes largely universal algorithms, which establish a model in a pre-given
sense of optimum complexity.
Self-organisation can be understood as the spontaneous emergence of an organisation in an autonomous system; the following three conditions must exist for this purpose:
• a simple initial organisation exists;
• a mechanism for the mutation of this organisation exists (generation of hypothesis on a training
data set);
• a selection mechanism exists that can be used for evaluating the mutations regarding their
appropriateness for improving the organisation (checking of hypothesises on a testing data set).
experimental
data

testing
sequence
training
sequence

generation
of
hypothesis

false

checking
of
hypothesis

true

Fig. 2.8: Basic scheme of self-organising modelling

One important paradigm of self-organising modelling is inclusion of external information, i.e.,
information not yet used for creating models (estimation of parameters and structure synthesis) to
select the model of optimal complexity in an objective way. The basic scheme of self-organising
modelling is shown in figure 2.8.
One opportunity to obtain external information is subdivision of data into training and testing sets.
The data can be divided either explicitly using various splitting rules while reducing the length of
the training data sets, or implicitly using the cross-validation principle (see section 4.4).
Another way to obtain external information is generating a testing set by means of adding artificial
noise (randomisation) to the training set or by means of discretization of the training set on a certain
level.
The basic idea of self-organisation is: proceeding from the existing sample of factors of influence,
data processing is used to produce many models and, according to certain external criteria, a socalled model of optimal complexity is selected. The user has to choose one or more selection criteria
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which are appropriated to solve the modelling task, a basic class of functions, and an algorithm that
defines how models are generated and selected. These are least requirements to successfully solve
ill-posed tasks by data-driven methods.
A modelling approach based on principles of self-organisation as dealt with in detail in the following (chapter 3), makes it possible - especially for complicated systems and in case of insufficient a
priori information - to get closer to the objective of an inductive modelling that
• creates the model automatically and largely free from uncertain subjective information, starting
from true information;
• detects the quality of models depending on the initial task (prediction, classification, analysis)
• makes it possible to select a final model from the variety of possible models that is the best one
in the pre-given sense.
When applying self-organisation, the subjective character of modelling is limited to the following
factors:
• selection of assumed, potential factors of influence,
• selection of simple, initial functions that allow generation of models with growing complexity,
• choice of selection criteria justified to the objective of modelling,
• regularization.
Endeavours are made to base these regulations on true a priori information, that is, on domain theory. Therefore, selection of the basic class of functions (the type of function) should be made from
domain knowledge. Inclusion of some well-known a priori information widens the basic scheme of
self-organising modelling by knowledge extraction from data and scientific theory (fig. 2.9). Selforganisation does not replace a good domain theory. It can, however, complement it. Sometimes,
self-organisation provides the only way to get any knowledge from complex systems or, to add
some new aspects to existing theoretical fragments. In this way, it can help to formulate or validate
theories.
experimental
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training
sequence

math.knowledge
statistics
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Fig. 2.9: Basic scheme of self-organising modelling considering a priori information

2.3.2 Automatic parts of knowledge discovery from data
According to [Fayyad, 96] “Knowledge discovery from databases refers to the overall process of
discovery useful knowledge from data while data mining refers to the application of algorithms for
extracting patterns from data without the additional steps of the knowledge discovery process.”
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These additional steps include preprocessing and post-processing of data as well as evaluation and
interpretation for the discovered patterns as knowledge. They are typically interactive and iterative
processes with many decisions from both data analysts and decision makers. Therefore, involving
their background knowledge about the domain, particularly data mining can be implemented almost
automatically.

Fig. 2.10: Steps of self-organising data mining
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Self-organising data mining algorithms realise in an objective way the following steps automatically
(fig. 2.10) [Mueller, 87]:
a. Data selection and preprocessing (fig. 2.10a) using a given data set (1), nonlinear
transformation (2), normalisation (3), reducing variable set dimension selecting essential
factors (4) and division into training and testing sequences (5);
b. Generation of alternate models with different variables and growing complexity in each layer
(fig. 2.10b: (2));
c. For parametric models: estimation of unknown parameters on a training set and performance
validation on a testing set using at least two different criteria (fig. 2.10b : (2));
d. Selection of some best models in each processed layer based on external information (fig.
2.10b: (3));
e. As long as performance is growing, complexity is increasing while repeating steps b.- d.
Otherwise selection of a final model of optimal complexity (fig. 2.10b:(4));
f. Application of some control module based on generated models and/or predictions to derive a
decision. This step needs a special realisation according to the decision tasks. This
methodology guarantees the objectivity of the selection procedure and its advantages are primarily seen in modelling of large, complex systems with many variables. Since several alternate
models can be created for the same problem in this objective way in a comparingly short time,
the problem to pick up a single “best” model is pushed into the background because now all
models can be used for decision support equally. As a result, the objects’ variability can be
reflected much better than any single model can do.
Example: Portfolio trading system
Considering a portfolio trading system, the goal is to generate trading signals for some decision aid when to buy or
sell a specific asset advantageously. This is usually seen by calculating several trading indicators on historical data.
A predictive control solution can be realised if the trading signals are generated also from predictions of the assets.
Financial market models as a basis for financial decisions are derived from existing theory (theory-driven approach)
and/or from data (data driven approach). However, problems of financial object's modelling (such as analysis and
prediction of stock market, sales and financial predictions, company’s solvency checking a/o) cannot practicly be
solved by deductive logical-mathematical methods. For such ill-defined financial systems, we have insufficient a
priori knowledge about the relevant theory of the system under research. Therefore, a more appropriate way in
financial analysis is the data driven approach.
Today there are the following demands to financial analysis:
• financial markets are integrated. An intermarket financial analysis needs adequate tools for modelling of such
complex systems [Poddig, 96], where all considered factors are influenced by a range of other factors: some are
known, some are unknown, some are quantifiable, some are objective and some are subjective [Kindgon, 97].
• many rules that describe the underlying financial, economic processes are qualitative or fuzzy requiring
judgement, and therefore, by definition, are not susceptible to a purely quantitative analysis [Kingdon, 97].
• financial systems are nonlinear and instationary. The vast number of financial market models derived in the
past from financial data by means of statistically-based methods is linear. Necessary are tools that can describe
nonlinear instationary dynamic financial systems;
• using a wide spectrum of mathematical methods, many trading indicators have been developed. One important
disadvantage of all indicators computed using historical data is: since only historical data are used, the trading
signal may systematically lag advantageous trading points in time. This time delay may lead to significant
losses.
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Fig. 2.12: Basic structure of a self-organising data mining driven trading system
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The task of self-organising data mining is to derive a trading signal from data using two kinds of models: a
prediction model and a decision model. In a modelling /prediction module self-organising data mining is used to
extract and synthesise hidden knowledge from a given data set systematically and fast. The control module is
responsible for signals generation based on a decision model that considers the predictions provided by the
modelling module. Such a predictive control is shown in figure 2.11.
The basic structure of a self-organising data mining driven trading system is outlined in figure 2.12. In both the
modelling and the control module several self-organising data mining algorithms (see chapters 4 and 5) are
differently applicable.
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at
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Fig. 2.11: Predictive control of a portfolio
To show the advantage of predictive controlled trading systems, exemplarily, we have used the Analog Complexing
algorithm in the modelling module to generate predictions, and the Moving Average Convergence/Divergence trading indicator (MACD) was chosen as decision model in the control module. The basic principle of the MACD
indicator is described as follows: when two, different, exponentially-smoothed curves cross (a shorter - MACD and a longer moving average - signal line - of the same series), a corresponding trading signal is generated (fig.
2.13).
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The performance test was based on the following daily procedure. From a given set of historical daily price data of
the DJIA and the DAX stock indexes, and the DOLLAR/DM exchange rate, the DJIA is predicted five days ahead
using Analog Complexing. Then, the MACD is calculated on both historical and forecasted data predicting the
MACD in this way. Using this indicator, a trading signal (buy/hold/sell) is generated in the way described above. If
a trading action is suggested (buy/sell), the transaction is simulated at the next day’s close price. When the market
is closed, the new close prices are added to the data set and the procedure repeats the next day. This procedure
installs moving modelling, and the performance results are obtained on out-of-sample predictions.
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Fig. 2.14: Mean prediction errors of 5-day out-of-sample predictions of the DJIA
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Fig. 2.15: Performance results: MACD vs. predicted MACD controlled DJIA curve
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In figure 2.14 the mean percentage errors of the daily 5-day out-of-sample predictions are plotted. They show that
Analog Complexing is a very powerful method for predicting financial time series, and that the obtained predictions can serve as a reliable basis for decision support.
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In figure 2.15, the predicted MACD and the traditional MACD lines are comparing each other. The predicted
MACD curve is less smoothed, but it normally generates signals a few days earlier than the traditionally computed
MACD. Also, it can be concluded from the graphs that a growing forecast horizon would result in more and more
noisy MACD curves with an increasing number of false signals. Finally, figure 2.16 and 2.17 show the
performance results of the traditionally MACD controlled and the predictive controlled MACD based trading
systems. The latter gains a larger profit on less trades.

MACD Controlled Equity Curve
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Fig. 2.16: Performance results for the MACD controlled DJIA curve
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Fig. 2.17: Performance results for the predicted MACD controlled DJIA curve

A predictive control approach, however, cannot overcome a possible inherent weakness of the decision model. For
the MACD, for example, it is that it generates systematically false signals in non growing time phases. Also, it is
very sensitive on temporarily changing trends so that moving average optimization may give more satisfactory
results here. For this task, it would be advantageous too, to have predictive information available. An alternate way
may be generating a GMDH decision model using predictive information. Here, a user-defined optimal decision
variable (buy = 1; sell = -1; hold = 0, e.g.) is used as the control module’s output variable. As input variables can
be used (computed along with the equity curve's prediction):
• the most foreseeing value of the prediction (PRED); that is, for example, the 5th predicted value if the forecast
horizon was five,
• the most foreseeing value of the corresponding 5-day predicted exponentially smoothed curve (PSC), which is
a moving average calculated partly on predicted and partly on historical values,
• the most foreseeing value of the corresponding predicted Relative Strength Index (PRSI) calculated in the same
way as the moving average,
• the ascent of the linear trend of the long-term prediction (TREND) calculated on the predicted values,
exclusively,
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• the prediction error MAD calculated on P predicted values (MAD). This implies keeping P predictions for P
days.
• the initial asset prices (ASSET).

from modelling module

Control Module
PRED
PSC
PRSI
TREND

GMDH Network
Model

TARGET

TRADING
SIGNAL

MAD
ASSET

Fig. 2.18: GMDH based control module
Using these input and output variables, it is possible now to let GMDH learn and decide which variables in which
composition will best model the predefined behaviour of the output variable. The created model will then classify
a new input vector as a buy, a sell or a hold situation. Figure 2.18 outlines the structure of such a control module.
Initial performance tests have shown promising results for this approach [Lemke/Mueller, 97].
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This chapter introduces and describes some important terms of self-organising modelling: Statistical
Learning Networks, inductive approach, GMDH, non-physical models, and model of optimal
complexity.
The basic differences between Neural Networks and Statistical Learning Networks are discussed in
section 3.1. Section 3.2 focuses on the Group Method of Data Handling (GMDH) as an most important representative of Statistical Learning Networks. It works using an inductive approach to
modelling based on the creation of populations (layers) of simple organisations (neurons) of
growing complexity utilizing inheritance and selection. This process is very similar to natural
evolution. Only in this way it is possible to find an optimally complex model that does not overfit the
data. It will be described, how an optimally complex model is defined, and what it requires to create
it. It is also shown, how non-physical models correspond to this optimum with noisy data.

3.1 Statistical Learning Networks
In section 2.2.1, we have listed several problems of development and application of Neural Networks (NN):
1.Commonly, Neural Network models are implicit models that have an internal connective representation of knowledge. No explanation component is provided by default.
2. Designing a Neural Networks’ topology is a trial-and-error process.
3. There are no rules how to use the theoretical a priori knowledge for NN design.
4. Neural Network learning techniques are a kind of statistical estimation often using algorithms
that are slower and less effective than algorithms used in statistical software.
5. If NNs are created on noisy data samples they will, usually, overfit the design data and will
generalise poorly.
Several new or modified techniques have recently been presented to overcome some of these
problems of Neural Network design. The goal of all these ideas is to fill the gap between classical
mathematical modelling and Neural Network-like learning techniques. Statistical Learning
Networks (SLN) that have been developed parallel to Neural Networks can solve the problems 1-3.
Using an inductive approach, self-organising modelling, and especially GMDH algorithms, can
solve also the problems 4 and 5. They select objectively models of optimal complexity using
external information. With nonparametric selection algorithms (chapter 5), it is also possible to
describe fuzzy systems.
In Statistical Learning Networks, with inductive generation of functions of many variables, a
network is a function represented by a composition of many transfer (reference) functions. These
nodes are called neurons in the theory of Neural Networks. They are typically nonlinear functions
of a few variables or linear functions of many variables. Each layer contains a group of units
interconnected to the units in the next layer(s). Lorentz and Kolmogorov have shown that every
continuous function f(x1 , ..., xd) can be exactly represented as a composition of sums and
continuous one-dimensional functions.

Statistical Learning Networks
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A modern variant of Kolmogorov's theorem states [Cherkassky, 98]:
Let f : [0, 1] n → [0 , 1] be a continuous function. There are functions of one argument, g and

q

for q=1, ..., 2n+1 and constants λ p for p=1, ..., n, so that
2n + 1

n

f(x 1 , ..., x n ) = 3 g( 3 λ p Φ q (x p )).
q=1

p=1

This theorem states that any continuous function of n variables can be represented by a finite
network of functions of a single argument. The ADD operator is used exclusively to form a function of multiple arguments. Fig. 3.1 shows the network needed to represent f(x1 , x2 , ..., xn ),
which is similar to that structure Neural Networks have been using.

Fig. 3.1: Network for computing the continuous function f [Cherkassky, 98]

„For learning networks it is important to choose elements of the network with sufficiently general
form that the resulting network can approximate nearly any function of interest. It is also important
to choose these elements with sufficiently small dimension or complexity that they can be accurately
estimated. Different approaches to resolving the tension between these two seemingly conflicting
objectives result in a variety of different learning network schemes“ [Barron, 88].
It is known from statistical theory that this risk has an impact on the regression problem - assuming
a squared error as the loss function and a zero mean noise distribution - due to noise variance and
due to function's approximation accuracy (see chapt. 4.4). Since noise variance does not depend on
the selected elements of the network, minimising just the approximation error would be equivalent
to find the most accurate estimation of the unknown function f by a learning algorithm. The
Kolmogorov theorem indicates that multidimensional functions can be written in terms of onedimensional functions, but it does not say anything about the resulting complexity of these one-
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dimensional functions. Therefore it is necessary to consider the function's complexity in addition to
that theorem (see chapt. 3.2.3).
Adaptive methods overcome the modelling bias by using a very flexible class of approximating
functions like polynomials. Then, the problem is to estimate the polynomial degree (model
complexity) and its parameters. The problem of optimally identifying model complexity from data is
called model selection. Adaptive methods reduce the modelling bias by adapting model complexity
to the training sample. The methods differ mainly on the basis of which particular class of
approximating functions is used. Neural networks, e.g., use classes of functions that are nonlinear
in parameters.
The original GMDH algorithm developed by Ivakhnenko is based on perceptron theory, and the
transfer functions are linear or second-order polynomial functions in two or three variables, such
as:
f1 (xi , x j ) = a0 + a1 xi + a2 xj ;
f2 (xi , x j ) = f1 (xi , x j ) + a3 xi xj + a4 xi 2 + a5 xj 2 ;
f3 (xi , x j , x k ) = a1 xi + a2 xj xk .
There are now several other linear or nonlinear reference functions. Components of the input vector
xi , i=1, 2, ..., n, can be independent variables, functional terms, or finite difference terms. Figure
3.2 shows two layers of such a network.

Fig. 3.2: Basic strategy of Statistical Learning Networks

Statistical Learning Networks have no loops. Therefore, the network is a tree of interconnected
functions that implements a single input/output function. The layers of the network are the set of
functions that occupy the same depth in the tree. In the literature, there are described several
Statistical Learning Networks
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composition schemes for network functions and corresponding estimation algorithms. An important
branch was started in the classical theory of pattern recognition with such well-known nets like
Perceptron, Madalina et al. The first polynomial network algorithm, the Group Method of Data
Handling (GMDH) was developed by Ivakhnenko 1967, and considerable improvements were
introduced in the 1970s and 1980s by versions of the Polynomial Network Training algorithm
(PNETTR) by Barron and the Algorithm for Synthesis of Polynomial Networks (ASPN) by Elder.
Barron gives an excellent overview about such early network developments [Barron, 88].
Many of this learning networks are inflexible in forming the basic functions, in how the network
will be connected, and they lack optimisation of the network functions. In the field of Statistical
Learning Networks globally optimised networks, networks with adaptively synthesised structure
(special instances are polynomial networks developed by Ivakhnenko), and networks with
nonparametrically estimated elements were developed. According to this, there are two main
strategies for the synthesis of networks depending on whether the structure of the network is fixed
or is allowed to evolve during the synthesis.
The fixed composition structure is preselected based on a priori knowledge about the problem.
Certain structures are known which can approximate any continuous function. Statistical Learning
Networks estimate their network function from observations which are accumulated from the
environment. One disadvantage of a fixed structure is that it may have a parameter dimension that is
too large for moderate data sample sizes already. Here, the multilayer network estimation problem
must be solved by a global search to minimise the objective of the network function by the so-called
Guided Accelerated Random Search (GARS), for example [Barron, 88]. The problem of choosing
parameters of the network in this way may be regarded as a global search on a highly multimodal
surface, and the global convergence is difficult to guarantee [Barron, 88]. Because of this, large
fixed networks have the propensity to overfit the estimates.
The GMDH algorithm described in section 3.2 is based on adaptive networks . The objective of
this approach is to estimate networks of the right size with a structure evolved during the estimation
process. The first polynomial network algorithm, the Group Method of Data Handling of
Ivakhnenko, uses linear regression to fit quadratic polynomial nodes to an output variable
considering all input variable pairs in turn. The basic idea is that once the elements on a lower level
are estimated and the corresponding intermediate outputs are computed, the parameters of the
elements of the next level can be estimated then. In the first layer, all possible pairs of the inputs are
considered and the best models of the layer (intermediate models) - in the sense of the selection
criterion - are used as inputs for the next layer(s). In the succeeding layers all possible pairs of the
intermediate models from the preceding layer(s) are connected as inputs to the units of the next
layer(s). This means that the output of a unit of a processed level may become an input to several
other units in the next level dependent from a local threshold value. Finally, when additional layers
provide no further improvement, the network synthesis stops.
„Practical experience shows clear advantages of the adaptively synthesised networks over some of
the globally optimised fixed network structures. In most instances the adaptively synthesised
networks are more parsimonious. Parts of the network which are inappropriate or extraneous for
statistically modelling the given data are automatically not included in the final network“ [Barron,
88]. One goal of the theory of Statistical Learning Networks is to design an efficient learning
algorithm that is not only regarded as a search procedure that correctly solves the problem of an
objective selection of a model of optimal complexity, but that also solves the estimation problem of
unknown parameters. Experience of Statistical Learning Networks [Barron, 88] has shown that
most successful network learning methodologies adaptively build the network structure not in a
recursive way (like NNs) but using all the observational data (in batches). "The parameters of each
element are estimated from observed data, typically by a least-squares or a likelihood-based
criterion. The specific method used to estimate the parameters depends on the probabilistic structure
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of the data, the network synthesis strategy, and the intended use of the network"[Barron, 88].
Usually, the structure of Statistical Learning Networks is preselected and the complexity is
estimated on a characteristic expressed by "the more complex the model is, the more accurate is it."
For this kind of algorithms, it is required to choose subjectively appropriate threshold values or
several parameters of a selection criterion to find an optimal model. Examples for such statistically
based internal criteria are the Predicted Squared Error criterion (PSE) or Akaikes Information
Criterion (AIC). They give overfitted models when the penalty term values at those criterions that
limit model complexity are chosen inappropriate (section 4.4). Therefore, it is necessary to evolve
the network structure adaptively during the estimation process and to have an appropriate model
selection criterion that ensures a parsimonious network synthesis objectively.

3.2 Inductive approach - The GMDH algorithm
Like Neural Networks, the GMDH approach is based on
• the black-box method as a basic approach to analyse systems from input-output data samples,
and
• the connectionism as a representation of complex functions through networks of elementary
functions.
Separate lines of development starting from these scientific foundations are the theory of Neural
Networks (NN), and the theory of Statistical Learning Networks (SLN). GMDH as the most
important representative of SLNs was designed from a more cybernetic perspective and has a
stronger behaved power than NNs due to consideration of a third, unique principle: that of
induction.

3.2.1 Induction
The two tasks of self-organising data mining:
• learning (estimating) unknown dependency from samples,
• using dependency estimated in the first step to solve the task, i.e. to predict outputs for future
input values
correspond to the two classical types of inference (fig. 3.3) known as [Cherkassky, 98]
• induction: progressing from particular cases (training data) to general (estimated dependency or
model)
• deduction: progressing from general (model) to particular (solution, output values).
Kingdon underlines differences between induction and traditional Artificial Intelligence learning.
“To learn is to gain knowledge, understanding or skill by study, instructions, or experiments. In
contrast, induction is the act, process or result of an instance of reasoning from a part to a whole,
from particulars to generals, or from the individual to the universal” [Kingdon, 97].
Only induction is challenging, since the second, deductive, step involves calculating output values
by means of an induced model. As induction is learning from samples, it amounts to forming generalization power from certain true facts [Cherkasky, 98]. The commonly used notion of minimizing
expected risk reflects an assumption about the evaluated data samples. This goal does not make
sense in practical situations where the model is applied just a few times. It is an inherently difficult
Inductive approach - The GMDH algorithm
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ill-posed problem, and its solution requires some a priori knowledge in addition to the data.
a priori knowledge assumptions

estimated model
induction

training data

deduction

solution,
predicted output

Fig. 3.3: Induction and deduction [Cherkassky, 98]

According to [Cherkassky, 98] in order to form a unique generalization (model) from finite data,
any learning process requires
• a (wide, flexible) set of approximating functions f(x, a);
• a priori knowledge (or assumptions) used to impose constraints on a potential of a function
from the class f(x, a) to be a solution;
• an inductive principle (or inference method), namely a general prescription for combining a
priori knowledge with available training data in order to produce an estimate of (unknown) true
dependency;
• a learning method, namely a constructive (computational) implementation of an inductive
principle for a given class of approximating functions.
Inductive principles for learning from finite samples are described in [Cherkassky, 98], such as
• penalization(regularization ): to restrict the solutions a penalization (regularization) term
(nonnegative functional associated with each possible estimate) is added to the empirical risk to
be minimized, where a parameter controls the strength of the penalty relative to the empirical
risk term.
• early stopping rules : a heuristic inductive principle often used in Neural Networks, where to
avoid overfitting with overparameterized models is to stop the training before reaching
minimum. Such a subjective kind of penalization depends on the optimization technique used ,
on the training data, and on the choice of initial conditions. It needs additionally pruning
techniques to get less complex models or to exclude non-relevant variables [Kingdon, 97].
• structural risk minimisation: approximating functions are ordered according to their complexity
(for example polynomials of degree m are a subset of polynomials of degree m+1) forming a
nested structure (see chapt. 2.2.1). The goal of learning is to choose an optimal element of a
structure and estimate its coefficients from a given training sample. The optimal choice of
model complexity provides the minimum of the expected risk.
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• Bayesian inference : uses additonal a priori information about approximating functions in order
to obtain a unique model from finite data. This knowledge is in the form of the priori
probability distribution which reflects subjective degree of belief and adds therefore subjectivity
to the learning procedure.
• Minimum description length : based on the information-theoretic analysis of the randomness
concept. Models are regarded as codes, that is, as encoding of the training data. The code
length represents an inherent property of the data which is directly related to the generalization
capability of the model [Cherkassky, 98].
Table 3.1 lists important features of inductive principles.
features

penalization

structural risk
minimization

Bayes

minimum
description
length

representation of a priori
knowledge or complexity

penalty term

structure

priori distribution

codebook

constructive procedure
for complexity control

minimum of
penalized risk

optimum element
of a structure

a posteriori
distribution

not defined

methods for
model selection

resampling

applicability when the true
model does not belong to
the set of approximating
functions

yes

analytic bound marginalization
on prediction risk
yes

no

minimum
code length
yes

Table 3.1: Features of inductive principles [Cherkassky, 98]

3.2.2 Principles used in GMDH
The traditional inductive approach was described among others by Madala and Ivakhnenko
[Madala, 94]. Further developments of GMDH have been introduced and realised by Lemke and
Müller [Müller, 96,97,98], [Lemke, 95,97,98] focusing on utilisation of cross-validation principles, optimisation of the structure of the transfer functions (active neurons), and generation of
systems of equations a/o.
The principle of induction is composed of:
• the cybernetic principle of self-organisation as an adaptive creation of a network without
subjective points given;
• the principle of external complement enabling an objective selection of a model of optimal
complexity and
• the principle of regularization of ill-posed tasks.
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a. The cybernetic principle of self-organisation as an adaptive creation of a network
without subjective points given.
The GMDH algorithm is based on adaptive networks. Self-organisation is considered in building
the connections between the units by a learning mechanism to represent discrete items. For this
approach, the objective is to estimate networks of the right size with a structure evolving during the
estimation process. A process is said to undergo self-organisation if identification emerges through
the system's environment.
We want to apply the principles of self-organisation mentioned in section 2.3.1 for automatic creation of a mathematical model on the computer from samples of input and output data. In this
context, self-organisation sets least demands on the information needed a priori: Observations and
the verbal formulation of the objective of the studies suffice in the extreme case. This corresponds
to the basic scheme of a self-organising modelling shown in figure 2.8.
To realise a self-organisation of models from a finite number of input-output data samples the
following conditions must exist to be fulfilled:
First condition: There is a very simple initial organisation (neuron) that enables the
description of a large class of systems through the organisation's evolution (fig. 3.4).
input
variables

output
variable

v1
v2
v3

f

y

v4
v5
vector of measured or synthesized
data

f

algorithm for creation of (optimized)
transfer functions and of a network
function of increasing complexity

Fig. 3.4: Network at start of modelling

The recent version of the accompanied "KnowledgeMiner" software has included a GMDH
algorithm that realises for each created neuron an optimisation of the structure of the transfer
function (Active Neuron) [Lemke, 97]. As a result, the synthesised network is a composition of
different, a priori unknown neurons, and their corresponding transfer function is selected from all
possible linear or nonlinear polynomials:
f(xi , x j ) = a0 + a1 xi + a2 xj + a3 xi xj + a4 xi 2 + a5 xj 2 .
In this way, neurons themselves are self-organised, and it significantly increase the flexibility of
network function synthesis.
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Second
condition: There is an algorithm for mutation of the initial or already evolved
organisations of a population.
Genetic Algorithms are working on more or less stochastic mutations of the model structure by
means of crossover, stochastic changes of characteristic parameters, and others. In the GMDH
approach, a gradual increase of model complexity is used as a basic principle. The successive
combination of many variants of mathematical models with increasing complexity has proven to
be a universal solution in the theory of self-organisation. To apply this principle, a system of
basic functions (simple elementary models or neurons) is needed. Their appropriate choice, and
the ways the elementary models are combined to more complicated model variants along with a
regulation of their production decide the success of self-organisation.
In a first layer, all possible pairs of the m inputs are generated to create the transfer functions of
the k=m*(m-1)/2 neurons of the first network layer (fig. 3.5). In “KnowledgeMiner”, for
example, each transfer function fk is adaptively created by another self-organising process and
they may differ one from another by their number of variables used and by their functional
structure and complexity.
1. layer
y1
y2
y3
y4
y5
y6
y7
y8
y9
y10

v1
v2
v3
v4
v5

created neuron with an optimized transfer
function y k=fk(v i ,vj ) (Active Neuron)
network status:
order of regression model yk: ≤ 2
number of variables v in model yk: ≤ 2

Fig. 3.5: Network after creation of all models of the 1st layer

For example, some transfer functions may look like this:
y1 =f1 (v1 , v 2 ) = a10 + a11 v1 + a14 v1 2
y2 =f2 (v1 , v 3 ) = a20 + a22 v3
...
y10 =f10 (v4 , v 5 ) = a103 v4 v5
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Third condition: There is a selection criterion for validation and measure of the usefulness of
an organisation relative to the intended task of modelling.
According to this condition, several best models - each consists of a single neuron only in the
first layer - are ranked and selected by the external selection criterion (fig. 3.6). The selected
intermediate models survive, and they are used as inputs for the next layer to create a new
generation of models while the nonselected models die (fig. 3.7).
1. layer
external criterion
y2 = w2
y3 = w3

v1
v2
v3
v4

y6 = w6
y7 = w7

v5

y9 = w9

S
E
L
E
C
T
I
O
N

selected neuron (survives)
not selected neuron (dies)

Fig. 3.6: Network after selection of best models

v1

1. layer

2. layer

w2

y1
y2
y3

w3

v2
v3
v4

w6
w7

v5

w9

y4
y5
y6
y7
y8
y9
y10

selected neuron of 1. layer with unchanged transfer
function
created neuron with an (optimized) transfer
function y k=fk(v i ,vj ) (Active Neuron)
network status:
order of regression model yk: ≤ 4
number of variables v in model yk: ≤ 4

Fig. 3.7.a: Network after creation of all models of the 2nd layer

The principle of selection is closely linked to the principle of self-organisation in biological
evolution; it is very important for the evolution of the sorts. In our case, it is applied when the
number of all possible intermediate models in one generation is going to become too large for a
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complete induction. One way for realising a selection of models is defining a threshold value
subjectively, or tuning it heuristically. Using a threshold value, those intermediate models are
selected that are best in the sense of a given quality function, and they are stored as inputs for the
next generation's pairwise model synthesis. The following theorem can be formulated in this
context: The probability that the best solution was lost due to selection, and therefore, the result is
a sub-optimal solution only, is the smaller, the more the respective power of this solution exceeds
the threshold value.
Selection must be realised according to the quality of the intermediate model candidates.
Considerable difficulties arise when the conceptional demands on the model quality have to be
formulated. Verbal formulations of external completion for stipulating the criteria are the most
thorough and substantiated ones. Automatic selection of several best models by means of
selection criteria is described in more detail in section 4.4.
1. layer

v1

2. layer
external
criterion

w2
w3

y3 = z3
y4 = z4
y5 = z5

v2
v3
v4

w6
w7

v5

w9

y7 = z7
y8 = z8
y9 = z9

S
E
L
E
C
T
I
O
N

selected neuron (survives)
not selected neuron (dies)

Fig. 3.7.b: Network after selection of best models

v1

w2
w3
z4

v2

y5

v3
z7

v4
v5

y*=f(v)

w9

explicit analytically available optimal complex model.
network status:
order of regression model y*: ≤ 8
number of variables v in model y*: 4 (from initially 5 variables)

Fig. 3.8: Network after selection of an optimal model y* (here: after 3 layers)
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The procedure of inheritance, mutation and selection stops automatically if a new generation of
models provides no further model quality improvement. Then, a final, optimal complex model is
obtained. In distinction to Neural Networks, the complete GMDH Network is, during modelling, a superposition of many alternate networks that live simultaneously. Only the final, optimal
complex model represents a single network while all others die after modelling (fig. 3.8).

b. The principle of an external complement which enables an objective choice of a
model of optimal complexity
GMDH objectively selects the model of optimal complexity using an inductive approach shown
above. Important features of such an inductive approach are the use of an external complement
that can be a selection criterion, e.g. For the ill-posed task of selecting a model from the set of
possible models, this principle is as follows: A “best” model can be selected from a given data
sample, only, if additional external information is used. External information is information or
data not yet used for model creation and parameter estimation, which is usually done on a training
data set. This means, an external criterion is necessary to evaluate the models’ quality on fresh
information (testing data set, for example).
With increasing complexity, that is, with increasing number of variables included in the model or
with increasing polynomeous degree of the model variants, the least-square fitness on the learning data set (σL2 ) continuously increases also (fig. 3.9). Using this information, exclusively, it
is not possible to decide when a model begins to overfit the data. In making it more complex, closeness of fit will increase. When applying an external selection criterion, however, models of
different qualities occur at all stages. The external criterion - one example is the least-square
fitness on a testing data set (σP2 ) - has a minimum as a function of model complexity. For selforganisation, several best models must be selected at each stage in conformity with the principle
of selection. If a selection stage cannot improve the external criterion (model quality), a best
model was found and the modelling process stops.

Fig. 3.9: Least squared error on learning and testing data sets
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In contrast to classical Statistical Learning Networks where learning is done on the complete data
set and external information is provided subjectively by defining a complexity penalty term value,
e.g. (PSE criterion), self-organising modelling using GMDH works on at least two data subsets:
a training data set A and a testing data set B. The structure and the weights ai , i=0, 1, ..., n, of
the generated transfer functions are estimated on the training data set. The neurons (models) of
any layer compete with each other, and threshold objective functions are used then to measure the
objectivity of the neurons and to decide whether to make them turn “on” or “off”. This can be
realised by a selection criterion calculated on the testing data set B. Disadvantages of this explicit
data subdivision are:
• Several splitting rules are applicable. There is to decide what the most promising rule will be
for a specific case. This, finally, is a new optimisation task.
• The learning data set will be shortened significantly. This is especially relevant for short data
samples.
For short data samples, the cross-validation principle is a more sophisticated way to use external
information for model creation than explicit data subdivision. Here, data subdivision is done
internally considering the complete data set for training and testing purposes dynamically. Sarychev [Sarychev, 98] has shown analytically that both kinds of data subdivision allow to solve the
problem of discriminant analysis in the broad sense based on finite samples of observations
(more about selection criteria see section 4.4) [Tichonov, 74].

c. The principle of regularization of ill-posed tasks.
The goal of statistical modelling is to infer general laws (models) from specific cases
(observations). The task of selecting a model based on observed input and output data is,
according to Tichonov [Tichonov, 74], an „ill-posed“ task. This is true for any modelling method
since modelling is always done on a finite number of data only: statistics, Neural Networks,
Genetic Algorithms, GMDH...
Example:
A person A has an image, say 640x480 pixels. He cuts a piece of 50x50 pixels and gives it another person B,
which does not know the complete image. Then he says to B: "Have a look at this 50x50 piece of an image.
How do you think the complete image will look like?" Probably, she will tell A several solutions and
sometimes A may say: "Could be, but it isn’t." Person A can say this, because he has more information than B
has. Based on her 50x50 image piece, all suggestions B provides are reasonable and true from her perspective.
Only if she gets more information - a larger or a second piece - she can validate her suggestions and make new
ones. However, even the 640x480 image may be part of a larger image, and once A gets more information
(1024x720, e.g.), A possibly must deny what he considered as true so far. Only the whole, infinity is true. In
other words, there are always more than one solution (model) of an equal or similar quality when looking at a
section of reality. We always look only at a section of reality. In this sense, the solutions B obtained are not
false. They reflect a possible relationship for the investigated data.

For ill-posed tasks, it is not possible in principle to establish a single valid model from the quantities of possible models without further additional information. This additional information must
be given as a criterion that creates new information to select a best model from all equivalent
models. Such information can be introduced, for example, by an additional term where model
complexity (e.g., number of parameters) or roughness (e.g., integrated squared slope of its
response surface) is used to constrain the fit. The criterion that has to be minimised is then a
weighted sum of the training error and the measure of model complexity or roughness [Elder,
96].
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d. Others
Other principles used for self-organisation are:
• Freedom of choice
Following D. Gabor [Gabor, 71], the multilayered GMDH algorithm has to convey from
one layer to the next layer not only one best, but F best intermediate models to allow
„Freedom of choice“.
• Application of some heuristics
These heuristics are, e.g., choice of an elementary reference function (initial organisation),
choice of normalisation, specific realisation of the gradual increase of complexity, choice of
selection criteria, and regularisation.
• Simultaneous modelling at different levels of abstraction or at different specificity
It is necessary for a sufficient preciseness of prediction that models are produced on various
levels of abstraction which are different in their degree of specificity such as models that
have different model structures or different temporal and local mean values. Predictions on
the highest level (years for example) are used to select or evaluate predictions made by
means of the respectively more detailed models on the lower levels (quarters, months,
weeks) [Müller, 92] (see chapter 6.4).

3.2.3. Model of optimal complexity
In selecting models the goal is to estimate a function using a finite number of training samples. The
finite number of training samples implies that any estimate of an unknown function is always
inaccurate (biased). For highly complex functions it becomes difficult to collect enough samples to
attain high accuracy. There is a contradiction between approximation capability and prediction
capability of the model. The model must have appropriate structure and complexity to be powerful
enough to approximate the known data (training data), but also constrained enough to generalise
successfully, that is, to do well on new data not yet seen during modelling (testing data). There are
always many models with a similar closeness of fit on the training data. Often simpler, not so
accurate models will generalise better on testing data than more complex ones.
Overfitting and generalisation always have been problems in experimental systems analysis. A
heuristic principle is Occam’s Razor ("No more things should be presumed to exist than are
absolutely necessary" : W. Occam [1280 - 1349] ) that says that unnecessary complex models
should not be preferred to simpler ones. According to this principle, we have to choose simpler
models to more complex ones, and we have to optimize the trade-off between model complexity
and the model's accuracy on training and validation data.
Example: Estimation of quadratic function for finite data
The following experiment is given in [Cherkassky, 98]. For a quadratic regression problem y = x2 +e, where e
is gaussian noise with zero mean and a variance of 0.25, ten data points are generated by means of uniform
distribution x in [0, 1]. Fig. 3.10 shows the result of one experiment but also the first -order polynomial
y1 = 1.1842x - 0.3265
and the second-order polynomial
y2 = - 0.2496x 2 + 1.4782x - 0.3948
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estimated from this data. Since the second-order polynomial matches the true dependency, one would expect it
to provide the best approximation.
However, in the results of estimation in many experiments the first-order model gives the lower mean squared
error (in the example the mean squared approximation error between true and estimated polynomials on 11
aquidistant points (0, 0.1, ..., 0.9, 1.0) is s21 = 0,0183 and s 22 = 0,0261). "This example demonstrates the point
that for finite data it is not the validity of the assumptions but the complexity of the model that determines
prediction accuracy. To convince the reader that this experiment was not a fluke, it was repeated 100 times. The
first-order model was better than the second-order model 71% of the time" [Cherkassky, 98].

Fig. 3.10a: Experiment according to [Cherkassky, 98]

Fig. 3.10b: Linear and quadratic regression estimated on observations fig 3.10a

This experiment shows that an optimal trade-off between the model's complexity and available data
is important. A priori knowledge can be useful only if it controls the model complexity. Kingdon
has introduced the Automated Network Generation procedure for testing Neural Networks design
methodology within a controlled environment [Kingdon, 97]. It was used to show that Minimally
Descriptive Networks have an increased probability of good generalisation as compared to larger
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network design.
A central problem in experimental systems analysis is choice of an appropriated form of a
(regression) function and, especially, that of estimating the structure of a (regression) model. In
statistical theory, this is connected with the permanent danger to postulate “overfitted” models.
The imposition of modelling restraint is called regularization. „If there are data enough, model
overfit can be avoided by reserving representative subsets of the data for testings as the model is
constructed. When performance on the test set systematically worsens, model growth is curtailed“
[Elder, 96]. This idea of finding an optimally complex model has been a central and integral part of
the GMDH theory from its beginning in 1967.
The optimal structure of a model can be found by:
Q1 : A description of the structure that minimises the error of reproducing the dependence
between variables on a given set of data and on given conditions. A criterion that can be
used is
Q1 (T,V) = E{∫[f(x, â) - E{y(x)}] 2 dx},
V

where â is the least-squared estimation of the parameters a, V ⊂ X is an arbitrary subset of
input data set X, and T ⊂ X is the training set for parameter estimation. A structure that
minimises this function is called J-optimal [Aksenova, 88].
Q2 : A search for a structure that, for specific values of the parameters, will coincide with the
actual dependence.
The question regarding the conditions under which an unbiased structure (physical model) guarantees a minimum error of reproduction of the dependence is considered by Aksenova [Aksenova,
88]. It is shown that there is always a value of noise dispersion for which the unbiased structure is
not J-optimal. With increasing prediction horizon, the prediction error of models that show an
unbiased structure (physical models) increases relative to the prediction error of models that show a
reduced structure (non-physical models).
The physical model corresponds to the notion of mathematical description adopted in mathematical
physics. An approximation of a physical model by means of polynomials or in the clustering
language is also called sometimes the “physical model of an object”. The physical model is unique
for each object and for the language used to describe this object.
Classical GMDH algorithms select the model of optimal complexity objectively using the minimum
of an external criterion (inductive approach and subdivision of data). GMDH solves the
multidimensional problem of model optimisation by sorting-out procedure
m*= arg min CR(m), CR(m) = f(P,C,σ,Τ,V),
m∈

where Μ - set of considered models; CR is an external criterion that measures the quality of model
m from set Μ; P - set of variables; C - model complexity; σ - noise dispersion; Τ - type of data
sample transformation; V - type of reference function. For a definite reference function (most
GMDH algorithms use several kinds of the shown polynomial reference functions), each set of
variables corresponds to a definite model structure P=C. The optimisation problem transforms to a
much simpler one-dimensional problem CR(m)=f*(C), if σ=const., Τ=const., and V=const.
The GMDH method is based on a sorting-out procedure, i.e., consequent testing of models chosen
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from a set of model-candidates according to a given external criterion. The main result of the
GMDH theory is that for inaccurate, noisy and short data samples the external criterion minimum
defines the so-called non-physical model. Its prediction power is higher, and its structure is simpler
than that of a complete physical model [Ivakhnenko, 85]. A non-physical model is a simplified
physical model that can be obtained by exclusion of some members from the equation of the
physical model. In conditions of noisy and short data samples, a non-physical model gives the most
accurate approximation and process forecasting, and it can be obtained by self-organising modelling
algorithms only. These algorithms realise sorting-out procedures by external accuracy type criteria
to find a non-physical optimal model.
The structure of the non-physical model becomes simpler as the variance of noise increases. An
increase in the length of a sample is equivalent to a decrease of noise. The structure of the nonphysical model becomes closer to the physical model as the sample grows. Thus, many nonphysical models may exist for a given object depending on the variance of noise and the length of
the sample. Non-physical models may be obtained not only by eliminating some members of a
physical model but also randomly so that a deeper minimum of the external criterion can be obtained
[Sawaragi, 79].
Therefore, the level of noise dispersion σ2 in the data sample defines the optimal algorithm that
should be applied (section 6.2). Regression analysis based on physical models should be used in
cases of exact input data samples. When noise is considerable in a short input data sample, the
obtained regression models are overfitted. Here, more accurate approximations and forecasts give
non-physical models, obtained by self-organising modelling.
Ivakhnenko [Ivakhnenko, 85] has shown that in case of linear models with complexity C (number
of variables), the criterion Q depends on C and σ2 (fig. 3.11).

Fig. 3.11: Selection of models of optimal complexity (Q - averaged value of external accuracy
criterion; C - complexity of model structure; σ 2 − noise variance)

It follows:
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1. Q(C, σ) is an unimodal function. The minimum C0 exists and is unique
Q(C0 , σ) = min Q(C, σ),
C

where C0 is the complexity of the selected model (model of optimal complexity).
2. In case of small noise σ2 < σ02 , the model of optimal complexity is equal to the unbiased
model (the complete model with all significant variables).
3. With increasing noise σ2 > σ02 , the complexity Ci of the model of optimal complexity
decreases (Ci < C0 ).
4. In any case, overfitted models (C > C0 ) are not selected.
For approximation functions linear in parameters the complexity is given by the number of free
parameters. For functions nonlinear in parameters, the complexity is defined by various characterizations. Classical approaches to characterization of a function's complexity uses the number of continuous derivatives of a function to characterize its smoothnees, another measure uses a frequency
content of a target function as a measure of its wiggliness/smoothness (according to the sampling
theorem). A modern approach is to measure the function's flexibility in terms of its ability to fit the
finite data, with leads to the maesure of complexity called the Vapnik-Chervonenkis-dimension
[Cherkassky, 98].
GMDH theory points out four conditions for providing a single-valued model and smooth sortingout characteristic „averaged value of criteria - complexity of model“:
• criteria should be external (i.e., calculated on a separate part of the data sample);
• variables of a given data sample should be continuous-valued;
• the data sample has to be short or the values of variables should be not very accurate (noisy
data);
• sorting-out characteristic should be calculated for similar groups of models according to their
complexity.
It is necessary to distinguish between the original “GMDH algorithms” and the “algorithms of
GMDH type” [Farlow, 84]. The first are working on the minimum of an external criterion (Fig.
3.11) and, therefore, realise some objective choice of optimal model. The second kind of algorithm
is working on a characteristic expressed by the words: "the more complex the model is - the more
accurate it is". Here, it is necessary to set up a definite threshold value or to point out coefficients of
weight for the members of the criterion formula, subjectively, to find an optimal model.
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This chapter focuses on parametric, regression based GMDH algorithms. One condition for model
self-organisation is that an appropriate initial organisation is defined and available (section 4.1).
Then, starting from these elementary models, new models of an increasing complexity are created by
inheritance, mutation and selection. Several algorithms realising these principles of self-organisation
differently are described in section 4.2 and 4.3. Special attention is paid to networks of active
neurons (section 4.3), which have a twice self-organised structure. Section 4.4 is dedicated to the
important problem of selection criteria choice while section 4.5 points to some model validation
aspects.

4.1 Elementary models (neurons)
The GMDH method is based on an evolutionary approach of mutation and selection, i.e., consequent testing of models chosen from a set of model candidates following a given criterion. It
generates many alternate model variants with growing complexity by inheritance, mutation and
selection until models begin to overfit the data. As a condition, a quantity of initial elementary
models is required. These elementary models - or neurons - can be described by differential or
difference equations or by means of one of their solutions, e.g., as polynomials. Generally, it is
necessary to select a class of model descriptions that contains any possible special instance of the
focused object. A common class often used is that of dynamic systems, which can be described by
Volterra functional series. Discrete analogues of the Volterra functional series describing systems
with a finite memory are higher-order polynomials of the Kolmogorov-Gabor form. For one input
variable x it is:
g
M
t

y = k 0 [t] + 3 a s x[t − s] + 3 3 a s1 a s2 x[t − s 1 ]x[t − s 2 ] + ...,
s=0

s

1

s

2

where k 0 [t] some trend function and g memory. If there are more than one input variables xj [t],
xj [t-1], ..., xj [t-gj ] (t=1(1)N-g, g = max gj ) with j = 1(1) m+1 and xm+1 [t-k+1] = y[t-k]
(k=1(1)gm+1 ) new variables vit can be introduced, and the description will be:
M

M

yM
t = 3 b j v jt + 3 3 b ij v it v jt + ... = f q (v 0 t , v 1 t , v 2 t , ..., v Mt ),
j=0

j = 1 i≤j

m+ 1

where x 0 t = k 0 [t], M = 3 g j + m, and q order of the highest polynomial.
j=1

Obviously, the corresponding structure can be generated by means of networks of elementary
models like:
f1 (vi , v j ) = a0 + a1 vi + a2 vj ;
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f2 (vi , v j ) = f1 (vi , v j ) + a3 vi vj + a4 vi 2 + a5 vj 2 ;
f3 (vi , v j , v k ) = a1 vi + a2 vj vk .
This is equivalent describing a system by means of differential or difference equations. Almost all
complex systems have more than one output. Using the structures as described before, it is possible
to obtain linear or nonlinear models of each output variable resulting in a linear/nonlinear model of
the multi-input/multi-output system. In the special case of linear, time-invariant dynamic systems,
systems of interdependent equations of the type
L

L

Ax t + 3 Bx t − k + 3 C j u t − j + e t = 0; t = 1(1)T
k=1

j=0

can be created where xt is a vector of the endogenous variables, ut a vector of the independent
(exogenous) variables, et a vector of the random variables that cover errors of observations as well
as the influence of redundant endogenous variables, T a sample scope, and L a maximum delay. In
economy are widely used so-called production functions like
c

c

c

p = c 0 x 11 x 22 ...x nn ,
where p is the result of the economic process and xi its efforts. Obviously, such models can be
generated using linear elementary models y = f1 (vi , vj ) and the logarithm of all variables, where
y = ln p and vi = ln xi . The final model description is obtained by transformation using exponential
function: p = exp(y). Very important is to consider that any selection criterion used for selforganisation does not evaluate the initial values p, xi , but their logarithm (ln p, ln xi ), which will
introduce some model results bias.

4.2 Generation of alternate model variants
There are different principles that can be used for generating alternate model variants composed of
several elementary models. Choice of an appropriate algorithm determines the effectiveness and
success of self-organising modelling. Parametric algorithms, where model coefficients are
estimated by means of the least squares method, can be classified into complete and incomplete
induction:
Complete induction
• combinatorial algorithm (COMBI);
Incomplete induction
• multilayered iterative algorithms (MIA) creating networks of elementary functions (Statistical
Learning Networks) and
• system of equations. The key feature is generating systems of algebraic or difference equations
as mentioned above.
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1. Combinatorial GMDH algorithm
The classical combinatorial GMDH algorithm generates models of all possible input variable
combinations and selects a final best model from the generated set of models regarding the chosen
selection criterion. It is a complete model induction algorithm and not any possible model is missed
to consider. The disadvantage, however, is that this algorithm can handle only up to 30 input
variables effectively due to a nonlinear increase of the total number of possible model variants.
Since complex systems easily can reach a few hundred input variables, alternative ways are
necessary. Therefore, a new combinatorial GMDH algorithm introduced by Ivakhnenko
[Ivakhnenko, 95] has a multilayered iterative structure and, therefore, could be listed in the second
item also. Its specific feature is that the iteration rule does not remain constant but expands with
each new layer. To obtain a smooth search curve of the selection criterion (Fig. 4.1) that allows one
to formulate the induction cancellation rule, the exhaustive search is done on models classified into
groups of equal complexity. In the first layer, all models of the simplest structure
y = a0 + a1 xi , i=1,2, ... , M
are subject of selection, and a number F of best models will be selected.

σ22 > σ21

σ21

Fig. 4.1: External criterion minima plotted against complexity of model structure C for different
noise variance σ 2
Generation of alternate model variants
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In the second layer, models of a more complex structure are generated. These models were constructed from the input variables of the selected best models of the first layer:
y = a0 + a1 xi + a2 xj , i=1,2, ... , F; j=i+1, ... , F; F ≤ M
In the following layers, generation and selection involves even more complex structures of the form
y = a0 + a1 xi + a2 xj + a3 xk , i=1,2, ... , F; j=i+1, ... , F; k=j+1, ... , F; F ≤ M
and so on. The buildup of the layers continues while the criterion minimum decreases. For F = M ,
the algorithm ensures a complete induction of all models in the polynomial form. The flowchart of
the algorithm is shown in Fig. 4.2. The input data sample is a matrix containing N cases or
observations of a set of M variables.
The sample may be divided, e.g., into two parts. Two-thirds of those observations having a high
variance make up the training subsample N A , and the remaining one-third is forming the testing
subsample N B . The learning sample is used to derive estimates for the coefficients of the
polynomial, and the testing subsample is used to choose the structure of the optimal model. The
above procedure aims the following goals.
(1) A number F of variables yielding the best results are allowed only to form the more complicated models of the subsequent layers.
(2) Instead of one layer, two last layers are used to figure out the best results, so that the value of
the criterion on the search curve can only decrease (Fig. 4.1). This, Ivakhnenko is calling the
left-corner rule .
(3) The best models of each layer are used to continuously expand the input data sample of the
proceeding layers: with each layer, F columns are added to the data sample.
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1 - data sampling;
2 - layers of partial descriptions complexing;
3 - form of partial descriptions;
4 - choice of optimal models;
5 - additional model definition by discriminating criterion.

Fig. 4.2: Combinatorial GMDH Algorithm
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2. Multilayered iterative GMDH algorithm
The multilayered algorithm outlined in section 3.2.1 already (fig. 3.2 - 3.6) is - especially in its
advanced versions (see chap. 7) - the most flexible and most appropriate algorithm when modelling
complex systems. Fig. 4.3 reflects the algorithm. As shown there, the first layer validates models
derived from information contained in any two columns (variables) of the sample. The second layer
uses information from four columns, the third from any eight columns, etc. The induction
cancellation rule is the same as for the combinatorial algorithm: in each layer the best models are
selected by the minimum of the criterion value or by the left-corner rule. Always, the F best models
are used to extend the input data sample successively (fig. 4.3).

1 - data sampling;
2 - layers of partial descriptions complexing;
3 - form of partial descriptions;
4 - choice of optimal models;
5 - additional model definition by discriminating criterion;
F 1 and F2 - number of variables for data sampling extension.

Fig . 4.3: Multilayered Iterative Algorithm
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The multilayered algorithm creates intermediate models (neurons) considering any pairs of factors
vi in the first layer, which is
y 1j = f(v i , v k ), j = 1, 2, ...,

M
2

, i = 1, 2, ..., M − 1, k = i + 1, ..., M.

The relation f(vi ,vk ) represents an elementary function as described in section 4.1. In the k-th layer
those mk-1 models selected in the preceding layer will be combined pairwise again, so that:
y kj = f(y ki − 1 , y kr − 1 ), j = 1, 2, ...,

mk −1
2

, i = 1, 2, ..., m k − 1 − 1, r = i + 1, ..., m k − 1 .

Unfortunately, with this method of induction and selection, some models may be missed to consider (incomplete induction) resulting in a model error caused by that lack of consideration.

4.3 Nets of active neurons
Most important from a practical point of view is modelling of ill-defined stochastic objects with
multiplicative and additive noise (called black boxes). For this objects a single GMDH algorithm as
described so far can usually forecast only a few steps ahead (short-term forecast). A long-term
forecast can be obtained by repeating single short-term forecasts and respective modelling. The lead
time of a long-term forecast can be estimated by the relation tL = h/σ2 , where h - the time horizon
between two input data samples, σ2 - forecast error variance. The smaller the error, the more
frequently a short-term-forecast/modelling approach can be applied for long-term forecasting.
Networks with active neurons can raise accuracy of short-term forecasts, and therefore, increase the
lead time of a step-by-step long-term forecast.

Active Neurons
Since the fundamental McCulloch and Pitts work (1943) neurons are considered as binary, two or
three equilibriums’ states components of a Neural Network. The problem, however, is to organise
a process that connects neurons into an effective ensemble or network known also as network
topology optimisation. To solve this optimisation problem, the neurons have to have a Perceptronslike structure. Using Perceptrons or other elements with a self-organisational behavior as neurons,
it is possible to create optimal Neural Networks. These elements we call Active Neurons
[Ivakhnenko, 95].
Each Neural Network is designed to handle a particular task. This may involve identification of
relations (approximation), pattern recognition, or forecasting of complex processes and repetitive
events. Each neuron, now, is an elementary system able to handle the same task as the complete
network will do. This means, the transfer functions of active neurons are not fixed, they are selforganising systems themselves. For example, if Rosenblatt’s two-layer Perceptron is used as active
neuron, the obtained Neural Network is appropriated for pattern recognition tasks especially.
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It is also possible to use GMDH as active neurons where the processes of self-organisation is well
studied. GMDH should be preferred for approximation tasks (identification and extrapolation
(prediction) of complex processes and repetitive events). Another way to realize active neurons is
described in chapter 7.2.4 (fig. 7.8).
The goal of self-organisation of a Neural Networks’ topology is to learn the optimal number of
neurons and neuron layers and to identify the most effective set of input variables for each neuron.
In this sense, Neural Network self-organisation is similar to self-organisation in each active neuron.
In a Neural Network with active Neurons, we have, finally, a twice self-organised structure:
neurons themselves are self-organised and they will be linked into a common network matrix in a
self-organising way. This means, active neurons are capable to find the most effective inputs and
their corresponding coefficients (weights) automatically, and Neural Network topology selforganisation can be solved in a very powerful and efficient way.
Today, advanced computer technologies allow this new modelling approach corresponding more
thorough to the actions of the human nervous system. In our brain, the links between neurons are
not fixed but vary depending on the states of the neurons themselves. Our biological neurons can
estimate during learning (or self-organisation) which inputs (synaptic links) are necessary to
minimise the given objective function of the neuron. Only by this neuron activity it is possible that
the network structure can organise itself.

Practical Relevance
A Neural Network can be described as a matrix that connects active neurons in several layers. The
neurons differ one from another by their output and input set of variables. The process of NN
topology self-organisation is very similar to that of the multilayered iterative GMDH algorithm
described above. Therefore, networks of active neurons solve the following two optimisation
problems:
• finding an optimal number of neurons and layers for each output variable differently and
• verifying a set of most effective inputs for each neuron separately.
One advantage is that any variable that might affect an output variable can be used as potential input
variable without fearing to establish a very complex model a priori since the algorithm itself selects
the most relevant input variables and organises a parsimonious NN structure.
Neural Networks of active neurons have two goals:
1. Using a self-organising modelling algorithm as active neurons forecast accuracy can be
increased by regression area extension. To improve accuracy, a second level of modelling is
established using the models of the first level (active neurons) represented by their output
values along with the initial input variables to train the network. This works well on inaccurate,
noisy or small data samples. Initial tests have shown, however, that a third level of modelling,
when applied to dynamic modelling, may result in overfitted models with improved
approximation but worse prediction capabilities.
2. Although models are self-organised, there is still some freedom of choice in several areas due
to regularisation requirements of ill-posed tasks. This freedom of choice concerns, for example, the type of model (linear/nonlinear), specification of time lags, and choice of some modelling settings (threshold values, normalisation etc.). To reduce this unavoidable subjectivity, it
can be helpful to generate several alternate models and then, in a second level of modelling, to
improve model outputs by synthesising (combining) all alternate models in a new network.
This means, here models are used as inputs, and the most effective model combination will be
selected as an optimal hybrid model.
84
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Example: Financial forecasting
Based on observations from February 22 to June 14, 1995, seven variables of the stock market (Dax, Dow Jones,
F.A.Z., Dollar a.o.) were predicted. All seven variables with a time lag of up to 35 were used as input information
to create linear and nonlinear input-output models of all seven variables in a network (first level of model
generation).
To improve the accuracy of these models, it is possible to start a second modelling using the models of the first
level represented by their output values and the initial input variables as input information. This procedure can be
continued until the accuracy of the models decreases. Table 4.1 shows the obtained model errors (MAPE [%]) and
the prediction errors (MAD [%]) for the Dollar, Dax, F.A.Z., and Dow Jones and the mean values for all seven
variables for the first three levels of modelling. It refers that a repeated application of self-organization (multileveled architecture) results in increased approximation accuracy and in increased prediction accuracy as well in the
second level. In the third level, however, overfitted models were obtained showing a worse prediction power.

MAPE[%]
Level
Dollar
Dax
F.A.Z.
Dow Jones
mean

1
0.68
0.35
0.22
0.27
0.267

2
0.51
0.24
0.23
0.16
0.184

MAD[%]
3
0.11
0.10
0.03
0.06
0.051

1
2.32
2.20
1.54
2.15
1.43

2
2.17
1.24
1.27
0.84
0.98

3
11.67
5.21
2.32
4.84
3.67

Table 4.1: Multi-leveled application of modelling
(prediction period: May 31, 1995 - June 14, 1995)
To avoid this overfitting, several alternate models (linear, nonlinear, different variables and time lags) can be created
and combined to a best model ensemble in a second level of modelling. Table 4.2 lists the results of such a
modelling.

linear
model
Dollar
F.A.Z.
Dax
Dow Jones
mean

1
2.88
1.22
1.36
1.14
1.14

nonlinear
2
2.10
1.45
2.41
1.26
1.29

3
0.89
1.01
1.51
1.44
0.90

1
1.25
0.82
1.69
3.75
1.21

2.layer
2
1.41
1.12
2.43
3.25
1.35

3
1.40
1.57
4.54
3.79
1.81

1.55
0.88
1.94
2.93
1.20

Table 4.2: Prediction error MAD [%]: combination of best first-level models (prediction period:
May 31, 1995 - June 14, 1995)
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4.4 Criteria of model selection
A central problem of modelling is choosing a “best” model from a class of competing, similar
models. The optimal structure of a model is detected by the difference between model output yM
and observed output y that can be measured by:
J(C) = E{Q(yM, y, C)},
where Q - loss function, E - expected value.
When formulating criteria for selection of models, two aspects have to be considered:
a. Clearly, selection of some best models from the quantity of potential models is not a formal
task, that is, not a mathematical task. It is most doubtful to evaluate the quality of adaptation
from formal criteria only, for example, from the conformity between the output values of a
model and the real object. A summary of respective discussions can be found in [Zypkin, 87].
Therefore, it is necessary to justify the efficient evaluation of a required quality of adaptation to
the models’ appropriateness to solve a respective task like control, prediction or pattern
recognition. However, considerable difficulties arise when non-formal requirements on a
model have to be transformed into a respective formal criterion.
Obviously, verbal formulations of criteria of selection are most thorough. For any criterion
given verbally, however, several mathematical criteria can be formulated. One way to deal with
contradictory demands on the quality of the model is to establish a hierarchy of criteria.
b. Usually, internal criteria are used for modelling. Internal criteria are criteria, which do not use
additional, external information. They are exclusively computed on data, which have already
been used for estimating the model parameters, and therefore, cannot select an optimal model.
An optimal model structure can only be found objectively on new information not yet used for
model formulation or estimation. Therefore, it is very important from a methodological
viewpoint to choose an appropriate external criterion for model selection. Selection criteria can
be classified into criteria with subdivision of data and criteria without subdivision.

Criteria of selection without subdivision of data
In the statistical literature, now more emphasis is paid on model evaluation criteria. Statistical
criteria employ as respective external information knowledge available a priori or, if it is absent,
mathematical-statistical hypothesises on the observations (table 4.3a). Following, we will focus on
criteria, which select models with the best predictive power. One condition is that general data
characteristics like mean value, variance or the trend of the observations of the predicted period
differ only little from those of the training period. Then, it can be expected to find a model that fits
new data similarly as it does the training data. As a measure of this model quality the error variance
criterion can be used
s 2τ =

1

N+τ

τ

t=N+1

3 (y t − f p (x t , a)) 2 =

1

N+τ

τ

t=N+1

3 e 2t ,

where fp (xt , a) is a model with parameters a, estimated on training set, τ- prediction period, and N
number of observations.
The expected value of this variance - the expected squared error - consists of two parts
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E(s 2τ ) = σ 2ε + E(

1

N+τ

τ

t=N+1

3 (f(x t , a) − f p (x t , a)) 2 ),

describing the expected value of the quadratic error of the unknown ideal model and the expected
value of the difference between the ideal and the fitted model calculated on the prediction period.
According to Bearse and Bozdogan [Bearse, 98], the statistical analysis of data can be driven either
by the classical approach (i.e., hypothesis-testing) or by the informational approach for model
evaluation. The informational approach views the statistical analysis as a process of estimating and
evaluating various models, and then, selecting the best models describing the data. All
informational criteria have two components:
• a measure of the lack of fit between the model and the data
• a penalty or complexity term.
„The lack of fit term generally decreases as more parameters are added to the model, but causes the
model to become more complex and the undesirable outcome of overfitting the data may result. The
penalty or complexity term reduces the risk of overfitting the data by penalising larger or more
complex models greater than smaller or less complex one. Thus, any information-based criteria
provides a tradeoff between the ability of the model to explain the data (model precision) and model
complexity in order to adhere to the Principle of Parsimony when it comes to statistical modelling.
The „best“ model is the one that most closely approximates the underlying structure of the data with
either the fewest parameters or the least complexity.“[Bearse, 98].
The used penalization approach provides a formalism for adjusting (controlling) complexity of
approximating functions to fit available (finite) data. According to [Cherkassky, 98] in the penalization approach there are four distinct issues related to the following classes:
• class of approximating functions f(x, a).
• type of penalty functional. There are parametric and nonparametric penalties.
• method for optimization.
• model complexity control by the choice of regularization parameter.
The selection of appropriate penalty functional and the value of regularization parameter should be
made in such a way that an estimate found by minimizing provides minimum of the prediction risk.
The problem of course is how to estimate the prediction risk from finite data. There are several
approaches, such as according to [Cherkassky, 98] :
1. using analytical results based on asymptotic estimates of the prediction risk as a function of the
empirical risk (training error) penalized (adjusted) by some measure of (regularized) model
complexity. All known analytical model selection criteria for linear regression estimators can be
written as a function of the empirical risk penalized (adjusted) by some measure of model
complexity (table 4.3a).
2. data resampling (cross validation).They make no assumptions on the statistics of the data or on
the type of a target function being estimated. The basic approach is the following: a model is to
estimate using a portion of the training data (learning set) and then to use the remaining samples
(validation set) to estimate the prediction risk for this model.
The various implementations of resampling differ according to strategies used to divide the training data:
• the simplest approach is to split the data randomly into two portions for learning and for
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validation, where the results depends from particular partitioning of the samples.
• estimate for all possible partitionings and average these estimates, which gives results
invariant to partitioning (cross-validation). If the validation set has only one observation,
this cross-validation is called leave-one-out-validation. If n data points are given, one is
left out, the statistic of interest is computed with the remaining n-1 points and the end
result is the average over the n different data sets (jackknife).
• divide the data into k (randomly selected) disjoint subsamples of roughly equal size (k-fold
cross-validation). According to [Cherkasky, 98] there is an empirical evidence that k-fold
cross-validation gives better results than leave-one-out (and the leave-one-out approach is
computationally more expensive).
• bootstrap, which is based on idea of randomly sampling with replacement from existing
data to create different training sets.
The main disadvantage of cross-validation is high computational effort and variability of estimates, depending on the strategy for choosing partitions.
3. statistical learning theory developed by V. Vapnik (more detail see [Cherkassky, 98]).

Criteria of selection with subdivision of observations
Other external criteria of selection are working on two subsets of observations N: The training
sequence NA and the checking sequence NB , with NA + N B = N (table 4.3b). An important feature
of GMDH is the systematic application of an external criterion for selecting the most appropriate
models during modelling. The parameters of each model are estimated on the training data set NA
by the least squares method, for example. The testing set NB is used by the external criterion to
rank and select the best model candidates in each layer and to find the final model of optimal
complexity. This methodology guarantees the objectivity of the selection procedure and is most
advantageous when modelling large, complex systems with many variables.
No doubt, each class of task and each class of model has its particular optimal criterion of selection.
The empirical investigation to find this criterion for a given data sample is very difficult because the
optimum of most selection criteria is very flat. For external criteria of selection, it has been
displayed theoretically and empirically that the search curves are gradual and unimodal for the
expected value of the criterion [Ivakhnenko, 86].
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Name

Criterion

s 2e,p

N
s 2e
N−p

Final Prediction Error (FPE)

N+p 2
s
N−p e
p
N

s 2e + 2σ 2p

Predicted Squared Error (PSE)

Ns 2e

Mallow Cp

σ 2c

Given

σ 2p − est. of σ 2e
σ 2c − upper
bound of σ 2e

+ 2p − N

N ln s 2e + 2p + c

AIC

BIC

N ln s

2
e, p

s 2ym

+ pln

s

s 2e + s 2y lnN

Schwarz

2
e, p

N
p

p
N

Rissanen

N lns 2e + plnN

Kocerka

2ps 2e
− N s 2ym
N−p
s 2e

Vapnik

1−λ

k (ln(

N
k

) + 1) − lnα
N

1 ln(
1−
4

N
k

) + 1) − lnα
N

α

N

3 (y¯ mt − y t ) 2

i2(N)

t=1
N

3 y 2t
t=1

where

1 N
1 N 2
1 N
1 N m 2
m 2
2
2
2
s =
3 (y − y t ) =
3 e ; sy =
3 (y − y¯ ) ; s y m =
3 (y )
N t=1 t
N t=1 t
N t=1 t
N t=1 t
2
e

Table 4.3a: Criteria of selection without partition of observations
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However, since the number of model candidates tested in each layer cannot be infinitely large, the
curves show a slightly wavy shape, and a small error may creep into the optimal model structure
choice. Therefore, new GMDH algorithms use two criteria for selecting the best model candidates:
the main and the discriminating criterion. The main criterion preselects enough candidates, first,
while the discriminating criterion decides which of these models will survive and which will die.
The error of approximation or forecasting variance criterion is recommended as the discriminating
criterion
N

3 (y i − yˆ i ) 2
δ2 =

i=1
N

< 1. 0 ,

3 (y i − y¯ )

2

i=1

where y i − value of the output variable; y¯ − its average value; yˆ i − value of the output variable
calculated by the model; N = N A + N B .
Very often, the regularity criterion is used as the main criterion. When demanding that „the prediction has to be precise“, for example, application of this criterion of regularity is advisable. The
criterion of regularity finds out the medium-square deviation of the model on the testing data set:
N

1 B
AB =
3 y − yˆ i (A)
NB i=1 i

2

6 min.

or
N

B

3 y i − yˆ i (A)
Δ 2 (B) =

i=1

2

,

N

B

3 y 2i
i=1

whith yˆ i (A) as the model output estimated on N A (training data set). N B are observations of the
testing data set.
For a constant complex of conditions when assuming a good adaptation in the past will guarantee
also a good adaptation in the future, this criterion can be recommended for short-term predictions,
especially.
Application of the criterion of consistency follows from the demand expressing “the model has to
be the same yesterday, today and tomorrow“. It shows the medium-square deviation calculated on
the complete data sample (t∈T) between the model output yt (A) of a model computed on the
subsample NA, and the model output yt (B) computed on the subsample NB.
3 y t (A) − y t (B)

n 2unb =

t 0T

3 y 2t

t 0T
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Name

Criterion

Criteria of accuracy
Criteria of regularity
2

Δ 2 (B ) = 3 y t − y mt (A )

unsymmetrical

t 0N

B

2

Δ (A ) = 3 y t − y mt (B )
t 0N

2

A

d 2 = Δ 2 (A ) + Δ 2 (B )

symmetrical
Criteria of stability

x2 =

unsymmetrical

t 0N cN
A

2

S =

symmetrical

A

2

B

m
t

3
t 0N cN

y t − y mt (A )

3

y t − y (A )

2

+ y t − y mt (B )

2

B

Criteria of consistency
Unbiased criterion
M

n 2unb,1 = 3 (aAi − aBi ) 2

coefficents

i=1

n

outputs

2
unb, 2

=

y mt (A ) − y mt (B )

3
t 0N cN
A

2

B

Absolutely stable criterion

V2 =

t 0N cN
A

where

y mt (A c B ) − y mt (A )

3

y mt (B ) − y mt (A c B )

B

y mt (A ) y mt (B) − model output estimated on N A ( N B )
aAi (aBi ) − parameters of a model estimated on N A ( N B )

Table 4.3b: Criteria of selection using a training and a testing data sets (NA and NB )

When starting from the fact that the true object character is recognisable by the models A and B, the
respective deviations can be explained from the effect of random disturbance factors. Consequently,
the model selected from this criterion is largely insensitive to the disturbances of new data if these
disturbances are smaller or equal to those measured for the interval of observations the model was
created on. In other words, a model estimated on data of a certain interval of observations should
coincide largely with a model resulting from data of another interval of observations.
Application of the balance criterion (see chapt. 6.4) follows from the demand expressing that "the
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dependence between variables has to be tomorrow the same as today". For example, from all
generated models this model will be selected, for which the sum of the difference between the
annual mean value Yi and the average of the monthly values yij is minimal:
B = 3 (Y t −
t 0P

1
12

12

3 y jt ) 2 6 min,
j=1

where P is the set of data in the interval of prediction.

Combination and system criteria
Two criteria K1 , K 2 can be combined in the following way (0 < ß < 1):
K comb,1 = β K 21 + (1 − β )K 22 ,
2

K1
K comb,2 = β
K 1 max

K2
+ (1 − β )
K 2 max

2

For selecting systems of equations it is necessary to have a system criterion that helps to select the
best system of equations from a given set of alternate systems. Given are Ki =K i (yi , y M
i ) with Ki
as the regularity criterion, for example:
2
3 (y it − y M
it )

Ki =

t 0N

B

3 (y it − y¯ i ) 2

; i = 1 (1) r,

t 0N

B

where yi - vector of observations and y M
i - vector of model output of the i-th variable and
N

y¯ i =

1
N

B

B

3 y it .
t=1

For K i , Ki ∈[0, 1] is valid and K i =0 can be obtained for the true model only. As a system criterion
can be used the mean value
K=
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or, alternatively,
1 + 3 Ki
K=

i 0I

1 + ¯I

,

where I- set of indices of variables included in the system and ¯I - number of variables included.

Improvement of criteria
One important problem of an inductive approach is the evaluation of the effectiveness of the selection procedure like investigation of noise immunity, optimality and adequateness of criteria or their
comparison. This is described in more detail in [Belogurov, 90], [Ivakhnenko, 85], [Ivakhnenko,
86], [Stepasko, 88]. In the GMDH theory, the fact that a minimum of a criterion (expected value)
exists is used. However, as shown in [Aksenova,95], for a wide range of applications, the
minimum of the expected value of criteria becomes less distinct and will disappear when the data set
increases without bounds. Therefore, it is necessary to study the asymptotic criteria’s
characteristics. In Aksenova [Aksenova,95], this aspect is discussed for six most commonly used
criteria of model selection.
Most of the existing criteria used in GMDH so far are poor selectors in the presence of noisy data
and in medium- to long-term prediction. The regularity criterion, for example, which is simply the
square root of MSE is very sensitive to the presence of outlier in the data [Hild, 95] and does not
consider complexity.
A main purpose of the GMDH research in the USA is to introduce and develop statistical criteria
increasing the predictive power of the models. The criteria ICOMP and ICOMP(IFIM) [Hild,95]
are based on information-theoretic statistical theory and they consider the parametric uncertainty,
model uncertainty and complexity while eliminating the need for arbitrarily subdividing the data sets
for cross-validation.
Bozdogan’s ICOMP criterion is designed to estimate a loss function:
Loss = Lack of Fit + Lack of Parsimony + Profusion of Complexity.
„This is achieved by using the additivity property of information theory and the developments of
Rissanen in his Final Estimation Criterion (FEC) for estimation and model identification problems,
as well as Akaike’s AIC.“[Bearse, 98].
The ICOMP(IFIM) criterion operationalize ICOMP using the estimated inverse Fisher information
matrix (IFIM).
Criteria developed by Bozdogan are much more general than Akaike’s information criterion AIC.
They control the risks of both insufficient and overparametrized models and incorporate the
assumption of dependence and the independence of the residuals in one criterion function. ICOMP
and ICOMP(IFIM) relieves the researcher of any need to consider the parameter dimension of a
model explicitly, which is illustrated by a numerical example provided in [Hild, 95].
Commonly, criteria select variables only according to the reduction of the prediction error. Therefore, variables with redundant information may be inserted into the model making the model
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complex while increasing calculation time [Wang, 95]. Also, it is possible that multicollinearity will
be induced in higher layers of the network causing the model to lose efficiency. Simultaneously,
those variables with relevant information may be rejected because of weak interrelation to the
output. Therefore, Wang [Wang, 95] has introduced the „Innovation-Contribution“ criterion to
select independent variables automatically. The criterion QI shows the „contribution“ of x on
approaching the vector y:
2

N

3 e(t)y(t)
QI =

t=1
N

,
2

3 e (t)
t=1

where Rk =[x1 , x2 , ..., xk ], xi ∈RN, for an arbitrary N dimensional vector x; u=Rk (RkT Rk )-1 RkTx
and e=x-u. In this way it is possible to compute the „innovation“ every vector brings and to
calculate the „contribution“ to the output y.
Lange [Lange, 95] gives a short review of main results of investigations done according to the
problem of defining selection criteria for structure modelling in case of uncertainty. It is shown that,
if simplified models are in the set of competing models, a structure criterion will be necessary that
will take into account both the error of reproducing the dependence Q1 (that means the dispersion of
evaluation) and the bias Q2 [Lange, 95]
Q = Q1 + Q2 = tr ρ 1 (y B , y B(A) )(X TB X B + α I) − 1 + ρ M (a A , a B ) ,
where ρ - distance measured in the output and parameter spaces Rl and RM; A, B training and
testing data sets; yB - observations of the output of the testing data set (B), yB(A) - calculated output
(testing data set (B)) of the model, which is estimated on the training data (A); aA, aB - parameters
estimated on training (A) and testing data (B) sets; α− ridge-parameter. It follows [Lange, 95]
B

3 y iB − x Ti aˆ A
Q = tr

i=1

B−M

r
M

(X TB X B + α I) − 1 + 3 (aˆ iA − aˆ iB ) 2 ,
i=1

with 1 ≤ r ≤ 2 , âA , âB robust estimations of parameters, and α can be chosen depending on information matrix (XTX).

Subdivision of data
One disadvantage of external, data based criteria is subdivision of the available data into training
and testing data sets. As discussed above, the rationale for this subdivision is that when models are
cross-validated against a different set of data points, a large sum of squares suggests
overspecialization of the respective model [Hild, 95].

94

Criteria of model selection

4

Parametric GMDH Algorithms

Sarychev [Sarychev,95] shows that results obtained by applying the regularity criterion generally
depend on how subdivision was realised in each special case. Utilisation of the repeated
observations scheme feasible in an active experiment eliminates this problem. He established a
connection between the regularity criterion and a scheme of repeated observations with J-functional
quality of regression models. He shows that applying the regularity criterion within the repeated
observations scheme allow detecting a J-optimal set of regressors.
Almost all criteria of model selection used for self-organising modelling are unsuitable for underdetermined tasks of experimental systems analysis. The necessary subdivision of observations into
a training and a checking sequence reduces the often small number of observations even more. For
these conditions, cross-validation criteria are a powerful element to overcome these problems. One
example here is the PESS (prediction error sum of squares) criterion:
1 N
PESS =
3 (y − f(x t , aˆ t )) 2 ,
N t=1 t
where â t is the estimation of unknown parameters on the complete data set, from which the t-th
observation is excluded dynamically (NA=N-1; NB=1), however. For linear models f(x, a)=aTx,
the enormous computation time can be reduced with
y t − aˆ T x t
1 N
PESS =
3
N t = 1 1 − x Tt (X T X) − 1 x t

2

,

where xt =(x1t , x2t , ..., xM-1t ) , y=xMt , X=(x1 , x2 , ..., xN), and â is the estimation of parameters
on the whole data sample.
Sarychev [Sarychev, 98] has shown analytically that both kinds of data subdivision (cross validation and explicit subdivision of data into two fixed data subsets) allow to solve the problem of
discriminant analysis in a broad sense based on a finite number of observations.

4.5 Validation
A very important and still unsolved problem in knowledge discovery from data is analysis and
validation of the obtained models. That is, to decide whether the estimated model can reflect the
causal relationship between input and output adequately or whether it is astochastic model with
noncausal- correlations. This evaluation process is an important condition for application of models
obtained by data mining. Besides the theoretical investigations of the principles of models of
optimal complexity (section 3.2.3), there are some other ways to proof model quality.

1. Empirical investigations
Since the number of observations is always finite, it is possible that the model may adopt stochastic
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noncausal relationships. To identify this, a well-proven approach is computation and comparison of
two models [Ivakhnenko, 92] (Fig. 4.4):
r

yM
Model Mr

Rr

yr
Randomization

x

y

System

Model M

yM

Comparison

R

Fig. 4.4: Empirical validation by means of randomisation

a. without randomisation
Model M is estimated from the given observations of input x and output y. R is the resulting
criterion of comparison with a relevant reference model.

R ij = 1 −

N
1
3 (y t − y it ) 2
N − Pi t=1
N
1
3 (y − y jt ) 2
N − Pj t=1 t

,

where y t - observations of output variable, ykt - output of model k, and Pk - number of estimated
parameters of model k (k=i, j).
b. with randomisation
The given observations of output y are randomised. The model Mr is estimated based on the given
input x and the randomised output yr. Rr is the corresponding criterion of comparison with the same
reference model. For R>>Rr the assumption cannot be declined that the model M can reflect the
causal relations.
To obtain a measure for the significance of the criterion R, some stochastic samples of input and
output were computed by Monte-Carlo simulation , and, models of optimal complexity were run by
means of self-organising modelling. In either case, the obtained criterion of comparison with the
mean value y- is
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QN,P = 1 −

N
1
2
3 (y t − y M
t )
N − M t = m+ 1
N
1
3 (y t − y¯ ) 2
N − M t = m+ 1

,

where M=m+p, m - maximum delay, p - number of estimated parameters, yM
t - output of the
model fitted on stochastic samples yt , and P - possible (potential) number of parameters.

Fig 4.5: Upper estimation Qu

Due to the finite number of observations, the obtained value of QN,P is different from zero, as,
theoretically, there is
lim
Q =0.
N 6 4 N, P
For several N, P and different stochastic samples the mean value Q and the upper estimation
Qu= Q + cβsQ were computed for a given probability of error ß (fig. 4.5). This is a common
indicator of significance for the computed value of criterion R.
Example: Analysis of interconnections between transport economy and macroeconomy
From 58 variables,
• 25 macroeconomic variables,
• 25 variables of transport economy, and
• 8 variables characterizing important raw materials and energy resources,
between 1960 - 1985, several models of the East German economy were generated by means of self-organising
modelling:
• input-output models
10

58

x it = ai0 + 3 b ik x it − k + 3 c ijk x jt − k
k=1

j Öi

• autoregressive models
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m

x it = 3 b ik x it − k
k=1

• trend and saturation functions.
Variable
gross national product
national income produced
material consumption
depreciation
national income available
whole consumption
individual consumtion
accumulation
investments in the national economy
investments in the production field
investments in the construction
investments in the facilities
fixed assets in the production fields
foreign trade turnover
exports
imports
net income of population

R io

Ra

R ar

0,79
0,63
0,71
0,74
0,54
0.74
0.72
0.22
0.71
0.61
0.65
0.63
0.5
0.97
0.97
0.98
0.53

0.47
0.29
0.42
0.41
0.37
0.61
0.33
0.09
0.42
0.31
0.29
0.10
0.47
0.02
-0.28
0.12
0.35

0.07
0.13
0.19
0.18
0.18
0.17
0.24
0.16
0.02
0.02
0.03
0.01
0.10
0.12
0.13
0.12
0.04

R io: criterion of comparison of input-output-models with trend/saturation functions
R a: criterion of comparison of autoregressive models with trend/saturation functions
R ar: R a obtained with randomization

Table 4.4: Validation of models and estimation of exogenous variables
Table 4.4 shows for selected variables the obtained R and Rr values. As reference models were used some trendand saturation functions. From this results, it can be concluded:
• comparison of Rio and Ra shows that input-output models give better descriptions. Only the whole
consumption can be described with similar accuracy by an autoregressive model.
• R a shows that autoregressive models don’t give for all variables better descriptions than trend and
saturation functions. Therefore, accumulation, investments in facilities, foreign trade turnover, export and
import can be modelled by trend and saturation functions rather than by autoregressive models.
• comparison of Ra and Rar for autoregressive models shows that autoregressive models for accumulation,
individual consumption, investments in facilities, trade turnover, export and import are not valid.
• not all generated input-output models are valid. With

-

Q = 0,56, sQ = 0,07 and Qu =0,7 can be concluded

that input-output models for national income, accumulation, fixed assets, net income of population, and
investments are suggested not describing real causal relationships but some stochastic influences only.
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2. Inclusion of a priori information to self-organising modelling
Application of self-organising modelling describing economical or ecological systems has shown
that a purely automatic approach to modelling is not the most promising approach. It has to be
admitted, however, that some methodological problems are not sufficiently solved, even that new
problems have emerged.

Fig 4.6: Selection of systems of simultaneous equations

To overcome these difficulties, it is advisable to use a priori information about the system under
study, but also knowledge accumulated in systems research by modelling of large scale systems as
shown in fig. 2.9.
The capability to use available theoretical knowledge is a very important feature of GMDH in
distinction to Neural Networks. In GMDH, the a priori information can be used directly without
transformation. Neural Networks cannot use it directly; it need to be transformed to suit the world
of neural networks, i.e., network architecture and threshold functions.
For example, the approach developed in [Ivakhnenko, 92] for selection of systems of simultaneous
equations widens the basic scheme of self-organisation by knowledge extraction from theoretical
systems analysis (scientific theory) and synthesis of alternate models (fig. 4.6).

Validation

99

J.A. Mueller and F. Lemke

3. Selection of exogenous variables
In economical applications, for example, it is often not possible to decide based on the given observations which variables are exogenous and which are endogenous. Moreover, this decision
depends on the given variables themselves. To derive meaningful conclusions, time series models
(i.e. trend and saturation functions, AR- or ARIMA models) but also nonparametric models (chap.
5) can be computed for a given variable, and then, can be compared with an input-output model of
that variable.
As a criterion of great handiness we have used
E=

n unb (B) − n unb (A)
≥ 0. 05 ,
n unb (B)

where nunb is the criterion of unbiased estimation (see section 4.4).
Another criterion is

R=1−

N
1
3 (y − y At ) 2
N − PA t=1 t
N
1
3 (y t − y Bt ) 2
N − PB t=1

≥Qu ,

B
where yA
t - output of an input-output model A, yt - output of the time series model B.

If the input-output model does not provide a significantly improved quality, i.e., R≥ Qu (or E ≥
0.05), the investigated variable cannot be explained by the chosen input-output model sufficiently.
Therefore, this variable should be considered as exogenous and should be described by a time
series model or by Analog Complexing.
Example: Analysis of interconnections between transport economy and macroeconomy

The results of table 4.4 are showing that accumulation, national income, fixed assets and net
income of population are exogeneous variables, which cannot be described without further
information (inclusion of other input variables, e.g.) by input-output models. Autoregressive
models, trend and saturation functions and also Analog Complexing can give an adequate
description.
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Parametric GMDH algorithms have proven to be highly efficient when modelling objects with
deterministic characteristics such as many engineering objects. In cases where modelling involves
objects with fuzzy characteristics, it is more efficient to use nonparametric modelling algorithms
representing models of intervals of data or clusters. Here, the problem of coefficients estimates bias,
important for parametric algorithms, is eliminated. In this chapter, three nonparametric algorithms
are discussed. First, there is the Objective Cluster Analysis (OCA) algorithm that operates on pairs of
closely spaced sample points. It finds physical clusters that are most consistent on two separate
subsamples (section 5.1). For the most fuzzy objects, the Analog Complexing algorithm is
recommended selecting most similar patterns from a given data set (section 5.2). Third, a selforganising fuzzy-rule induction can help to describe and predict complex objects qualitatively
(section 5.3).

5.1 Objective Cluster Analysis
Clusterization can be considered as a model describing an object in a fuzzy language. For a given
object, some system variables are observed and each data sample refers to a point in the space of the
systems variables. The task of clustering is to break down this space (or the points in the space)
into partial spaces (or partial sets of points) so that each point in a partial space has a smaller
distance from all points of this partial space than from points of all other partial spaces. These
partial spaces are called clusters (fig. 5.1).

Fig. 5.1: Possible clusters of a given data set

With model building, cluster analysis is important for reducing the dimension of the state space by
dividing similar variables into disjunctive sets (nuclei) and for studying changes of the state clusters
in time or space. The results are homogeneous variable sets of the development of complex
systems.
Using data sample clustering for describing ill-defined objects is often more effective than using
parametric polynomial models. Clustering can give more accurate approximations of fuzzy objects
Objective Cluster Analysis
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or better results for random processes forecasting, and it is usually understood as "self-access"
pattern recognition. The result of the clustering process is called clusterisation.
Today, more than two hundred algorithms are known for cluster analysis. Almost all algorithms,
however, use a single internal criterion for forming clusters and finding their optimal number (the
latter only for certain algorithms). As shown for parametric models, internal criteria cannot avoid
overfitting expressed by “the more clusters are created, the more accurate their clusterization will
be”. To find the optimal number of clusters using internal criteria, a threshold value or some
constraints are necessary to define.
Inductive self-organising algorithms for objective cluster analysis are using two criteria. The clusters are formed based on the first criterion while their optimal number and their composition of
variables are detected by another criterion - the consistency criterion. This approach transforms the
core concepts and principles of the theory of parametric model self-organisation (GMDH) to
clusterisation theory adequately. This means, the optimal number of clusters that a data sample
should be divided into and their composition can be realised by adapted GMDH algorithms defining
the algorithm of Objective Cluster Analysis (OCA) [Ivakhnenko, 92].
The goal of the OCA algorithm is to search for a clusterisation that is optimal and consistent for a
given level of noise variance. The greater the inaccuracy of the data, the simpler the resulting
optimal clusterisation will be. Objectivity of the algorithm is mostly given by finding optimal
clusterisations in an inductive way while minimising required a priori information about the data. In
this way, the computer is given the maximal possible freedom of choice for modelling. Commonly,
a data set of observations and an appropriated set of external criteria are required to enable a selforganising clusterisation when using the OCA algorithm.
One criterion used in OCA is the consistency criterion expressing the requirement for an unbiased
clusterization structure. A clusterization obtained on a subsample A has a least-possible difference
from a clusterization generated on a subsample B. The simplest unbiased clusterization is called
‘true clusterization’.
To generate external information, it is possible to subdivide a data set into two subsets or, more
efficient when searching for clusterizations on small data sets, to induce new data by compensation
of noise. The simplest representation of outputs of black boxes is a set of random figures. Random
figures can be compensated only by other random figures after smoothing or averaging. This can be
realised by discretization of the input data to D interval levels. The degree of black boxes mutual
compensation can be controlled and optimized by balancing two clustering criterion calculations.
They are obtained using clustering trees’ construction. Then the balance of clustering is calculated
for two hierarchical trees [Ivachnenko, 91]:
BL =

k − Δk
6 min ,
k

where k -number of clusters and Δk - number of similar clusters.
Figure 5.2 shows a simplified working scheme of the OCA algorithm, which is described in more
detail in [Ivakhnenko, 93A].
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1 - input data sample
4, 5 - first and second hierarchical clustering tree
2, 3 - subsamples A, B generated by subdivision
6 - calculation of the clustering balance
criterion BL or by discretization of thedata set

Fig. 5.2: Objective Cluster Analysis
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5.2 Analog Complexing
Analog Complexing can be considered as a sequential pattern recognition method for predicting and
qualitatively explaining fuzzy objects inherently. This method is based on the assumption that
typical situations of a time process will repeat in some form. That is, each actual period of state
development of a given multidimensional time process may have one or more analogous periods in
history. If so, it is likely that a prediction can be obtained by transforming the known continuations
of the historical analogues into continuations of the present state. Consequently, the observed
process itself is used for forecasting. Forecasts are not calculated in the classical sense but selected
from the table of observational data.
It is essential that searching for analogous patterns is not only processed on a single state variable
(time series) but on a set of representative variables simultaneously and objectively. The Analog
Complexing method was developed by Lorence [1969] and was successfully applied to
meteorological forecasts first. Recently, it has been enhanced by an inductive self-organising
approach and by an advanced selection procedure to make it applicable to evolutionary processes
too [Lemke, 97]. The main assumptions of the method are:
• the system is described by a multidimensional process;
• many observations of the process are available (long time series);
• the multidimensional process is sufficiently representative, i.e., essential system variables are
forming the data set;
• it is likely that any behaviour of the process will repeat similarly over time.
If we succeed in finding one or more sections of past behaviour (analogous pattern) which are analogous to the most recent behaviour trajectory of the process (reference pattern), the prediction can
be achieved by combining the known continuations of the analogous patterns to a continuation of
the reference pattern. However, this relation, in this absolute form, is only true for nonevolutionary processes.
Following is described an Analog Complexing algorithm appropriated for forecasting
multidimensional evolutionary processes. With this goal, the question arises whether it is admissible to apply this approach at evolutionary processes. Besides this philosophical side of the
question, there has been a formal problem. For evolutionary processes, stationarity, one important
condition of this methodology, is not fulfilled.
If it is possible to estimate the unknown trend (and perhaps seasonal effects), the difference
between the process and its trend can be used for Analog Complexing. However, the trend is an
unknown function of time, and the subjective selection of an appropriate function is a difficult
problem. A solution for selecting the trend in a more objective way is provided by the GMDH
algorithm through its extraction and transformation capabilities. In any case, however, the results of
Analog Complexing would depend on the selected trend function.
Therefore, it was advisable to go a more powerful way as a four-step-procedure (see also section
7.3 for implementation details):
1. Generation of alternate patterns,
2. Transformation of analogues,
3. Selection of most similar patterns,
a. Pattern similarity measures
b. Selection
4. Combining forecasts.
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1. Generation of alternate patterns
For a given real-valued m-dimensional time series xt = {x1t , ..., xmt }, t =1,2,...,N, with N number of observations, a pattern is defined as a table Pk (i) of k rows (observations) starting at time i,
where k is the pattern length, i =1,2,..., N-k+1, and m columns (variables):
x 1i

. . x li

. . x mi

.

. . .

. . .

.

. . .

. . .

. . x li + j

. . x li + j

.

. . .

. . .

.

. . .

. . .

P k (i) = x 1 i + j

x 1 i + k − 1 . . x li + k − 1 . . x mi + k − 1
Using a sliding window generating the set of all possible patterns {Pk (i), i=1(1)N-k+1}, each of
these patterns is compared with the reference pattern PR = Pk (N-k+1) as the last pattern just before
the forecast origin using a chosen similarity measure.

A3 : selection of similar patterns;

A4 : combination of forecasts

Fig. 5.3: Principle of Analog Complexing
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P3
CLOSE PRICES BMW [DM]

830
P2

P4

810
PR
790

Forecast Horizon

Fig. 5.3 reflects the principle of Analog Complexing for multidimensional processes and fig.5.4
shows the reference pattern and five selected analogous patterns with a pattern length of seven for
the BMW stock price time series (one-dimensional process).

770
P5
750

P1

BMW

REFERENCE PATTERN

SELECTED ANALOGUES

PREDICTION

TRUE CONTINUATION

Fig. 5.4: Selected analogous patterns relative to the reference pattern

reference pattern

Fig. 5.5: Patterns of transformed macroeconomical variables
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In fig. 5.5 several patterns of a length of five years are displayed for a transformed
macroeconomical data set of 25 variables. The pattern P5 (1974) is the reference pattern and as the
best analogous pattern P5 (1965) was selected.

2. Transformation of analogues
For the given reference pattern with a length of k observations, there may exist one or more similar
pattern Pk (i) in history (i ∈ J, where J -set of indices i of best patterns, F number of best patterns).
For evolutionary processes, patterns with similar shapes may have different mean values, standard
deviations and trends. These differences can be described by a transformation Ti . This means,
similarity must be measured between the reference pattern and the transformed analogue Ti [Pk (i)],
i ∈ J.
There are several functions describing the transformation Ti . For a local approximation (small k) of
the unknown transformation Ti , it is advisable to define the transformed pattern Ti [Pk (i)] as a linear
function of the pattern Pk (i). It is
x ∗1 i

. . x ∗1 i

. . x ∗mi

.

. . .

. . .

.

. . .

. . .

. . x ∗li + j

. . x ∗li + j

. . .

. . .

T i P k (i) = x ∗1 i + j
.
.
x

. . .
∗
1i + k − 1

. .x

. . .
∗
li + k − 1

. . x ∗li + k − 1

with
x ∗li + j = a i0 l + a i1 l x li + j ,
j=0, 1, ..., k-1; i=1, 2, ..., N-k+1; l=1, 2, ..., m.
The parameter ai0l can be interpreted as the difference between the states of the reference pattern and
the analogous pattern P k (i), and the parameter ai1l as an extension factor. The unknown weights
ai0l , a i1l can be estimated for each pattern by means of the least squares method giving not only the
unknown weights but also the total sum of squares as a similarity measure.
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3. Selection of most similar patterns
a. Pattern similarity measures
The main purpose of this step is to recognise similarity between the shapes of patterns. To detect
similarity between the reference pattern PR and a given pattern Pk (i), it is necessary to measure
the distance between k observations of m system variables (or their transformed values) in both
patterns. Distances can be measured differently, for example, by the Euclidean distance of points
of the reference pattern and the evaluated pattern or by canonic correlation analysis.
With canonic correlation analysis the systemic interconnection between variables can be considered. To evaluate the canonic connections between variables of the reference pattern PR and
variables of the generated patterns Pk (i), the supermatrix of bivariat correlations
Ri

R=

R iA

R Ai R A

,

have to be estimated, where RA - correlation matrix of the variables of the reference pattern , Ri correlation matrix of the variables of the analogues pattern Pk (i), and RAi - matrix of correlations
between the variables of the reference pattern and the evaluated pattern.
The canonic correlation is the largest root of the eigenvalue β 2 estimated by resolving
(R −i 1 R iA R −A1 R Ai − β 2 I)v = 0.
Another possible approach is using the Euclidean distance
M

l i = 3 (x ri − x rN ) 2
r= 1

or the Hamming distance
M

l i = 3 x ri − x rN ,
r= 1

which are calculated for a pattern length of k=1. A better measure can be obtained using a transformation that considers the different ranges of variables [Balzer,84]:
2
i

D =

1
M

3 αj

M

3 αr
r= 1

x ri − x rN
sr

2

,

j=1

where s r - standard deviation, α r - weight of variable r . For k > 1, it is possible to use the mean
value
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1 k
3
k + 1 j=0

M

3 (x r , i + j − x r , N − k + j ) 2 .

r=1

If time-series are nonstationary and if there is no transformation used, Motnikar et al. [Motnikar,
96] propose a two-stage comparison algorithm. They define and distinguish between two types
of pattern characteristics: eliminating and ordering.
Each characteristic should have an intuitive logical meaning and a simple analytical expression.
Based on experience, they define three eliminating characteristics: local extremes, trend and
season and four ordering characteristics: mean, standard deviation, rank and season. For each
ordering characteristic, a distance measure was defined separately [Motnikar, 96].
According to this, in a first stage all patterns are ranked by an eliminating factor De according to
their difference in the eliminating characteristics. In a second stage, the ordering factor is calculated, where the distances δi between the ordering characteristics are weighted automatically or by
the user’s judgement about their importance for explaining the characteristics of a given timeseries: Σ = gi δi . As a similarity measure, dissimilarity D is used

D=

3T
,
De

where T is a time factor that favours patterns that are chronically close to the reference pattern.
Years

61-64
62-65
63-66
64-67
65-68
66-69
67-70
68-71
69-72
70-73
71-74
72-75
73-76
74-77
75-78
76-79
77-80

number of main components

selected

1

2

3

4

4.979
1.955
1.627
5.657
0.475
2.573
5.023
5.282
4.486
1.028
5.211
5.259
4.128
5.148
4.48
3.315
3.882

15.667
13.443
9.345
10.462
3.114
12.253
16.583
16.026
12.962
12.155
9.494
7.294
14.455
15.803
10.178
3.532
8.548

23.256
18.826
9.956
14.591
10.888
19.045
20.376
16.242
19.825
18.466
10.955
14.408
17.488
17.469
15.692
8.081
16.257

27.594
23.236
13.605
15.962
15.606
23.015
22.546
17.363
24.528
23.21
15.566
15.335
21.316
20.238
16.295
9.604
16.548

analogs

*
*
*

*
*

*

Table 5.1: Mean squared error, reference pattern: 1981-1984 (4 years)
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Finally, a pattern is inserted into the set of similar patterns when the dissimilarity D is smaller
than a threshold value Dmax chosen a priori by the modeller.
In our procedure, where a transformation is used, the total sum of the squares obtained by the
least squares estimation of the unknown transformation parameters (step 2) provides the
information on the similarity of two patterns. Table 5.1 lists the sum of the squares σ for a pattern
length of four obtained on a data set of a national economy (12 variables and 25 observations).
Up to four main components were used. The results have shown that a reduction of the
dimension of the state space (number of variables) by an analysis of main components has only a
relative effect on the selected best analogues. With growing number of main components, the
same six analogous patterns were selected (*).

b. Selection
For the given reference pattern, it is necessary to select several, most similar patterns Pk (i), i ∈ J
and their combination to a forecast. The selection task is a four-dimensional problem with the
following dimensions:
I. set of variables used,
II. length k of the pattern (number of observations forming the pattern),
III. number of analogues selected and
IV. values of the weight coefficients the patterns are complexed with
Here, the first two dimensions of selection are considered. The other tasks are covered in step 4.
I. set of variables used
The first task of finding essential variables objectively is a common problem for all data
mining tasks and was considered in more detail in section 1.5. Experience has shown that the
effect of data reduction or the generation of a nucleus depends from data. Not necessarily, a
generation of a nucleus or inclusion of other variables will give better results.
Example: Financial forecasting
The 53 equities introduced in chapt. 1.5 were used to generate predictions by means of Analog Complexing
for two portfolios:
Portfolio P1: BMW, SAP, IBM, Nestle, Dow Jones
Portfolio P2: Bayer, SAP, Thyssen, VW, IBM.
The predictions were obtained from models generated
a. on all 53 variables (ma),
b. only on the 10 variables of the nucleus (mb ) (portfolio P1) ,
c. on the variables of the portfolio (mc),
d. only on the variable itself (md).
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prediction period
pattern width: 5-20
ma
mb
mc
md
pattern width 5-10
ma
mb
mc
md
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P1

P1

P1

P2

P2

P2

5

10

30

5

10

30

2,1
2,2
2,1
1,7

2,5
2,8
2,9
2,5

7,6
7,8
7,4
4,8

3,2

3,9

6,2

3,3
3,3

4,0
3,8

7,2
6,8

2,3
2,5
2,5
1,8

2,3
2,8
2,9
2,5

7,0
7,0
7,2
7,2

3,0

3,6

6,4

3,8
3,3

4,1
4,0

6,8
6.8

Table 5.2: Mean long-term prediction error (MAD [%]) for two portfolios and different sets of
considered variables
Table 5.2 contains the mean long-term prediction errors (MAD [%]) for forecast horizons of 5, 10, and 30 days.
Here, but also for other portfolios for other prediction periods, the best results were obtained if the model was
created only on the variable itself.

With Analog Complexing, Ivakhnenko proposes the following procedure [Ivakhnenko, 91].
Using a „sliding window“, the F best patterns with a length of one are selected. Then, one
step forecasts can be calculated, and the corresponding error on all data is:
Δ x ij = xˆ ij (B ) − xˆ ij (A 1 , A 2 , ..., A F ) ,
where i position of sliding window for the j-th variable, B - reference pattern, and A1 ,A2 , ...,
AF analogous patterns. For the complete data set, the error of the j-th variable is
1 N−1
CVj =
3 Δ x ij .
N − 1 j=1
This can be used as a measure of efficiency of the j-th variable on the mean value
1 M
CV =
3 CVj .
M j=1
Now, the most efficient variables can be selected when ranking all variables according to their
CVj .
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II. length k of the pattern (number of observations forming the pattern)
An important, but unsolved task is choosing an optimal pattern length. The residual variance
s ∗k 2 =

k
σ2 ,
k−F k

with k - length of pattern, F - number of patterns used for prediction and σ2k - mean squared
error, explains the relation between the minimum of s*2k and the minimal prediction error MAD
pretty good. Therefore, the minimum of s*2k can be used to detect the optimal pattern length.
Fig. 5.6 shows this dependence of MAD and s*2k (MSE*) from pattern length k for the DAX
and DOW JONES indexes.
Motnikar [Motnikar, 96] suggests three alternatives for finding out an appropriate pattern
length k. They enable the analyst to choose the pattern length so that
• it minimises the chosen criteria’s function (such as mean absolute error (MAE), mean
absolute percentage error (MAPE) or mean squared error (MSE)) of a one-step forecast
on a chosen validation data set,
• it is equal to the maximum significant lag in the time-series’ partial auto-correlation
function,
• it is equal to the mean distance between the neighbouring turning points.

Fig. 5.6: Optimal pattern length

4. Combining forecasts
Because of the selection procedure, there are F most similar patterns Pk (j), j ∈ J with a length of k
observations. Each selected analogue has its own continuation giving a forecast when transformed
to the reference pattern. Therefore, F forecasts are obtained needed to be combined to one forecast
in some way.
III. number of analogues selected
First, it must be decided which of the F analogues in which combination are most effective to
form a forecast. The two special cases, F=1 pattern and F=N-k patterns, set the limits for finding
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the optimal number. One way to get a solution is experience. Based on heuristic tests, Balzer
[Balzer, 76] suggests for meteorological problems, for example, to select 4..10 patterns. Later he
found out that the best results were obtained when using 35 patterns for summer periods and 20
patterns for winter periods [Balzer, 84].
IV. values of the weight coefficients the patterns are complexed with
A second problem is combining several patterns to one pattern as a forecast. Here again, different
solutions are known. Balzer [Balzer,84] proposes for meteorological tasks, e.g., to use the
arithmetic mean for several variables like the minimum and maximum temperature, while for
other variables like precipitation (rain) the geometric mean and for the relative duration of
sunshine the median would be well.
Generally, linear combinations of two analogues can be used
Y(B) = λ 1 Y(A1 ) + λ 2 Y(A2 )
with λ 1 + λ 2 =1 , or
Y(B) = (1-λ)Y(A1 ) + λY(A2 ),
where 0 < λ < 1, A 1 , A 2 - first and second analogue of the reference pattern B, λ -parameter, and
λ = 0.1 , 0.2, ... , 1.0.
According to this, for 3 analogues we obtain:
Y(B) = λ 1 Y(A1 ) + λ 2 Y(A2 ) + λ 3 Y(A3 )
with λ 1 + λ 2 + λ 3 =1 , or
Y(B) = (1- λ 2 − λ 3 )Y(A1 ) + λ 2 Y(A2 ) + λ 3 Y(A3 )
with 0 < λ 2 + λ 3 < 1 and λ 2 : 0.1, 0.2, ..., 0.9, 1.0 , λ 3 : 0.9, 0.8, ... , 0.1.
To reduce the possible values of λ, the initial values for the search procedure can be calculated by

λ2 =

l −2 2
l −1 2 + l −2 2 + l −3 2

, λ3 =

l −3 2
l −1 2 + l −2 2 + l −3 2

,

where li - mean distance between B and Ai .
A very effective approach is embracing the task of detecting the unknown number of analogues
and the task of estimating the unknown weight coefficients to form the best prediction
Analog Complexing
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xN+i={x 1N+i , x2N+i , ..., xmN+i}, i=1, 2, ..., τ, where τ -forecast horizon, of the m systems
variables. This can be resolved by a linear combination of the continuations of the selected
analogous pattern, i.e.,
x N + i = g 0 + 3 g j x Tj + k + i , i = 1, 2, ..., τ .
j 0J

When using a parametric selection procedure like GMDH, the most relevant patterns and the
unknown parameter g0 , gj , j ∈ J, will be detected automatically. The only problem here is the
small number of observations (pattern length k). Therefore, for very small pattern lengths
(k<<10) it is advisable to use the weighted mean of the selected continuations.
Motnikar et al [Motnikar, 96] also estimate the forecast by a linear combination of the continuations of the selected patterns:
x N + i = x N + 3 g j (x j + k + i − x j + k ) , i = 1, 2, ..., τ ,
j 0J

where the weights are calculated according to the similarity measure D and Dmax so that the inclusion of more similar patterns has a greater impact on the forecast:
g j = const

Dmax − Dj
, with 3 g j = 1 .
Dmax
j 0J

A more heuristic way is assuming that the importance of patterns depends on their distance from
the reference pattern, i.e.,
l¯−j p
gj =
,
3 l¯−i p
i 0J

where -l j mean distance. For -l j = 0, i.e. accordance between reference pattern and selected analogous pattern, follows
gj =1, gi =0, i≠j.
For the parameter p, Ivakhnenko [Ivakhnenko, 89] proposes:
p=F-1,
where F - number of analogous patterns.
If the canonic correlation ρj is used as a distance measure, for ρj > 0 follows:
l j = ρ −j 1 − 1 .
For evolutionary systems, it appears more appropriate to use a two-step-approach considering an
estimated trend and its deviations. First, the trend can be estimated by mean values
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M

x¯ i = 3 x ri , i = 1, 2, ..., N ,
r= 1

and may have the form of a polynomial
R

T(t) = 3 a i t i .
i=0

Using the F most similar patterns, the unknown prediction can be calculated by
x N + i = T(N + i) + 3 g j d j + k + i , i = 1, 2, ..., τ, where d ri = x ri − x¯ i .
j 0J

5.3 Self-organising Fuzzy Rule Induction
Fuzzy modelling can be interpreted as a modelling scheme that qualitatively describes a system
behaviour using a natural language. Zadeh has suggested the idea of fuzzy sets since he found
difficulties in modelling of complex systems based on differential equations with numeric
parameters. Fuzzy modelling is an approach to form a system model using a description language
based on fuzzy logic and fuzzy predicates.
A fuzzy system can be described by some fuzzy rules that specify an input-output mapping and, in
fact, represent associations between fuzzy sets in the input and output space [Cherkassky, 98].
Such a fuzzy model is the model of Sugeno [Sugeno, 92], describing multi-input/single-output
system:
j

j

j

R i :IF x 1 is A11 AND x 2 is A22 AND ... AND x n is Ann THEN y is B i
or
R i :IF x is Ai THEN y is B i , i = 1(1)m ,
where Ri is the i-th rule and Aij , Bi are fuzzy sets (linguistic variables), which encode the value of
(crisp) input variables xi and the (crisp) values of the output variable y respectively. All fuzzy sets
are specified by their membership functions µAij(xj ) and µBi(y) that give partial degree of membership of variables xj resp. y in Aij and Bi .
A collection of fuzzy rules that specifies input-output mapping is called a fuzzy inference system.
Such a representation of a mapping allows effective utilization and representation of a priori
knowledge (human expertise) about the system, and it is highly interpretable.
When applying the black box approach to automatic fuzzy model generation from data (fig. 5.7),
there is to find a model using empirical input-output data samples x1 , x2 , ..., xn , y, where x is the
Self-organising Fuzzy Rule Induction
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input and y is the output data of the system. A fuzzy inference system that is implementing a realvalued function of n input variables has the following form [Cherkassky, 98]:
x→ fuzzifier → fuzzy inference → defuzzifier → y*
where x = (x1 , ..., x n ) is a (crisp) multivariate input vector and y is a (crisp) univariate output.
Commonly, modelling consists of two tasks: structure identification and parameter identification.
For self-organising fuzzy modelling, mainly a structure identification is necessary, and there are
four steps to solve these tasks:
• fuzzification,
• rule generation,
• parameter optimisation of fuzzy sets,
• defuzzification.

Fig. 5.7: Self-organising fuzzy modelling

1. Fuzzification
Fuzzy quantities are expressed by fuzzy numbers or fuzzy sets associated with linguistic labels. The
numerical observations of the inputs x = (x 1 , x2 , ..., xn ) and the output y must be transformed into
fuzzy vectors (x11t , x21t , ..., xm1t , x12t , ..., x1nt ,..., xmnt ) with x jit = µAji (x) and y = (y1t , y2t , ..., ymt)
with yjt = µBj (y). Fuzzy sets provide fuzzy quantization of input and output variables. Each (crisp)
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input and output variable is represented as a (small) number of overlapping regions with vague
boundaries.
There are several typical fuzzy membership function, such as triangular, trapezoidal, Gaussian a.o.,
which can be used in self-organising fuzzy modelling. One example, which is used in software
"KnowledgeMiner" is the membership function of Lambda type (fig. 5.8).
1

0.5

0

xmin
NB_X

xmax
NS_X

ZO_X

PS_X

PB_X

Fig. 5.8: Lambda type membership function (m=5)

2. Structure identification: rule generation
Given a global class of models (description language) and the data type (fuzzy sets), the task of
system identification is to find a model that may be regarded as equivalent to the objective system
with respect to input-output data.
Self-organising fuzzy modelling solves two subtasks:
1. Selecting relevant fuzzy sets from a finite number of possible input candidates and
2. Adaptively creating a fuzzy model with an optimal number of fuzzy rules.
Each fuzzy rule has two parts: the antecedent (IF) part and the consequent (THEN) part. Fuzzy sets
in the antecedent part will be called input fuzzy sets, and fuzzy sets in the consequent part of fuzzy
rules are called output fuzzy sets. Every fuzzy rule specifies a mapping between local regions
(fuzzy sets) in the input and output space. Therefore, self-organising fuzzy modelling also has to
find out, how the input space should be divided into fuzzy subspaces (parameter optimisation). For
this task, it is possible to use GMDH but also the algorithm of Objective Cluster Analysis.
The rules are written in a IF-THEN-form. Commonly, they are collections of some expert knowledge, and they are defined in a rule base by an expert a priori. In the black box approach, the goal
is to create these rules systematically using input-output data of the system only. According to the
number m of output fuzzy sets, m static or dynamic fuzzy models have to be generated (for m=5 it
is: NB_x, NS_x, ZO_x, PS_x, PB_x, with NB-negative big, NS-negative small, ZO-zero, PSpositive small, PB-positive big; fig. 5.8).
In self-organising fuzzy rule induction using GMDH (fig. 5.9), the inputs of the first layer are
represented by input fuzzy sets of the initial input variables. The number of inputs in the first layer
is defined by the total number of fuzzy sets (m) and the number of input variables (n). This means,
there are n*m input neurons when generating a static model, where n - number of inputs and m number of fuzzy variables (m=2, 3, 4, 5, 6, 7). For a dynamic model, there are n* (L+1)* m input
neurons, with L as the maximum time lag.
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Fig. 5.9: Multilayered self-organising fuzzy modelling

Figure 5.9 outlines a multilayered GMDH architecture, in which every neuron (fig. 5.10) has two
inputs (xji , x lk ) and one output (yr) realising the relation:
IF x ji v x lk THEN y r (i, j, k, l) .
Using fuzzy logic, each neuron establishes the conjunctive combination, that is, an "AND“ association for each fuzzy set combination. The method for fuzzy inference uses the most common minmax inference:
y r (i, j, k, l) = min(x ji , x lk ) .

Fig. 5.10: Neuron for self-organising fuzzy modelling

In the first layer, fuzzy model outputs yrt (i,j,k,l) are evaluated (r=1(1)m), on all observations
t=1(1)N for all pairs of inputs (i=1(1)n, k ≥ i, j=1(1)m, l=1(1)m). After generation of all possible
combinations, the F best rules of two inputs are selected, and they are then used as inputs in the
second layer to generate fuzzy rules of 2, 3 or 4 inputs. A selection criterion may be
120
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N

N

Q1 (i, j, k, l) = 3 y t (i, j, k, l) − y rt , or Q2 (i, j, k, l) = 3 (y t (i, j, k, l) − y rt ) 2 .
t=1

t=1

The procedure stops when the selection criterion Q1 (Q 2 ) increases compared to its value of the
proceeding layer. Now, in a second run of fuzzy rule induction, all pairs of disjunctive
combinations of the selected F best models of the first modelling run can be generated. Each neuron
now has as transfer function
y rm (i, j) = max(y in , y jn ) ,
where yin , yjn - outputs of the n-th layer (last layer of the first run), i=1(1) F, j > i . Again, the best
fuzzy rules in the sense of the criterion Q1 or Q2 will generate the final fuzzy model yrm
r

l

y rm = ( v ni = 1 x jii ) w ( v ni = 1 x ki i ) .

3. Parameter optimisation of fuzzy sets
In a fuzzy model, the unknown parameters are the unknown parameters of membership functions.
In the case of Lambda type membership functions these parameters are every point µj (x)=0 (at the
borders µj (x) = 1) defining the intervals of the membership functions of the fuzzy sets
(fuzzification). The unknown parameters can be estimated
a. in an interactive way by experts;
b. automatically, using symmetric membership functions, where the interval (xmin , xmax ) of every
input variable x will be divided into overlapping, equidistant intervals (fig. 5.8).
c. by Genetic Algorithms or other optimisation algorithms, using the mean squared error of outputs Q2 (i, j, k, l) as a performance criterion. Here, the regularity criterion can be used as external information:
N

N

1 A A AB 2 1 B B
2
Q=
3 (y − y k ) +
3 (y − y BA
k ) ,
NA k=1 k
NB k=1 k
where NA , N B - the number of observations in the subsets A and B,
yAk , y Bk - the output values of the subsets A and B
yABk - the fuzzy model output on subset A when the model was created on subset B
yBAk - the fuzzy model output on subset A when the model was created on subset A
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4. Defuzzification
In the result of modelling/prediction, the output fuzzy vector y = (y1t , ..., ymt) is generated by means
of the fuzzy inference system, where yit describes the degree of membership of fuzzy set Bi . For
defuzzification, the known methods like the gravity method can be used to transform the estimated
vector of fuzzy outputs yr , r=1(1)m back into a crisp value y*.
With application of GMDH, another method is a synthesis of a (crisp) output y* of the fuzzy
system by linear combination
m

y ∗ = a0 + 3 ai y i ,
i=1

where a0 , a 1 , ..., am are constant parameters estimated by the least-square method on a training data
set, e.g. Here, the fuzzy output yr can be transformed back into the original data space by a third
run of self-organisation using GMDH. As a result, an optimized transformation
y* = f(y1 , y 2 , ..., y r)
will be obtained that excludes redundant or unnecessary fuzzy outputs.

5.4 Logic based rules
The algorithm of self-organsing fuzzy rule induction described in section 5.3 can be employed also
for generating logic based rules. In this special case, the variables xi are of Boolean type, for
instance, xi = 0 or x i = 1. Instead of the n(L+1)m input neurons used for self-organising fuzzy rule
induction (fig. 5.9), there are now only 2n(L+1) input neurons using both the Boolean variables x i
and their negation NOT xi . In this way, logical IF-THEN rules can be induced from data
m

IF w j =i 1 v r 0 Ni z r THEN z i , i = 1(1)n,
j

where zr stands for x or NOT x, Nij for the j-th set of indexes of Boolean variables in the i-th rule,
and mi for the number of conjunctions in this rule.
Example: Generation of trading signals
For the period April 1, 1997 to March 6, 1998 are given daily close prices of DAX, Dow Jones and BMW but also
the Dollar/DM exchange rate. Using the transformation

B_x(t) =
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Boolean variables B_bmw(t), B_dax(t), B_dj(t), B_dollar(t) are obtained, and from the user/investor the corresponding ideal buy signals buy_BMW(t) are generated as the target variable. Based on this information, this logic based
rule was created:
IF B_bmw(t-1) & B_dj(t-6) OR B_dj(t-1) & NOT_B_dax(t-2) OR B_dj(t-1) &
NOT_B_dax(t-10) OR B_bmw(t-1) & NOT_B_dj(t-3)
THEN buy_BMW(t)
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Application of Self-organising Data Mining

In this chapter we want to point to some application opportunities of self-organising data mining
from our experience. To satisfy object and task dependence of modelling a spectrum of selforganising algorithms was developed in the past 30 years. They are listed in section 6.1 and section
6.2 describes how appropriate algorithms can be chosen out of this spectrum for a given object.
Selected application fields and ideas on how a self-organising modelling approach can differently
contribute to improve results of other modelling methods -simulation, Neural Networks and
econometric modelling (statistics) - are suggested in section 6.3. Section 6.4 is dedicated to a
synthesis of model results, its goals and its options while the last part gives a compact overview of
existing self-organising data mining software.

6.1 Spectrum of self-organising Data Mining methods
Requirements for solving various practical problems and the flexibility of the GMDH theory design
force the development of a broad spectrum of algorithms. Each algorithm has some definite
conditions and advantages for its application. They mainly differ one from another the way how the
model-candidates are generated for a given elementary function, how the model structure is getting
more complex and which external criteria are feasible. The choice of an appropriated algorithm
depends on some characteristics of the problem like noise dispersion level and sufficiency of the
data sample. It is also important to consider if the data sample is continuous-valued or discrete.

Algorithms
Variables

Parametric (GMDH)

Nonparametric

Continuous
valued

Combinatorial
Hard algorithm of Objective Cluster Analysis (with dipoles construction)
Multilayered Iterational
Soft algorithm of OCA (with clustering trees construction)
Objective Systems Analysis
Analog Complexing
(systems of equations)
Self-organising Fuzzy Rule Induction
Harmonical
Multiplicative-additive
Networks of Active Neurons

Discrete
and binary

Harmonical rediscretization

Algorithm based on Multilayered Theory of Statistical Decisions

Table 6.1: Spectrum of inductive self-organising modelling algorithms

Table 6.1 lists the spectrum of inductive self-organising modelling algorithms developed since
1967.
Less known are parametric algorithms applying harmonic and harmonic-exponential elementary
functions and multiplicative-additive algorithms. Here, polynomial models obtained by taking the
logarithm of the product of the input variables are tested [Ivakhnenko, 84].
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Recent developments of networks of active neurons realise a twice self-organised structure: the
neurons are self-organised and they are synthesised into a network model by a self-organising
algorithm again. The accuracy of forecasting, approximation or pattern recognition can be increased
beyond the limits reachable by networks with passive neurons (Neural Networks) or by traditional
statistical methods ([Ivakhnenko, 94], [Ivakhnenko, G.A., 95], [Ivakhnenko, 95]). Nets of active
neurons correspond more thorough to the actions of the human nervous system, where the links
between neurons are not fixed but change depending on the states of the neurons themselves.
Active neurons can decide during the self-organising process what inputs are necessary to minimise
the given objective function of the neuron. Therefore, more parsimonious, more robust and more
accurate models are created systematically.
Initially, GMDH algorithms have been developed for continuous-valued variables. In practice,
however, data samples often contain variables discretized into a few levels or even binary values.
To extend GMDH algorithms to discretized or binary variables, the Harmonical Rediscretization
algorithm has been developed [Ivakhnenko, 92].

6.2 Choice of appropriate modelling methods
To find an appropriate algorithm for a given type of object and task, several alternate algorithms
have to be compared.
Appropriate choice of a modelling method means on the one hand to find an adequate mathematical
description for a given object. Generally, real systems are nonlinear dynamic systems. Therefore, it
may be useful to allow GMDH to generate systems of nonlinear difference equations. Such models
are very sensitive, they are locally very accurate, i.e., accurate in the borders of changes of
measured inputs and outputs, but may be very inaccurate or not valid without these borders.
Considering non-stationarity of systems, i.e., time varying characteristics of most real systems,
local approximations by means of systems of linear difference equations are a better way to describe
the local properties of the systems. Such an approach needs a frequent adaption of model
parameters and structure, however.
Example: Efficiency of a lead melting furnace
Linear and nonlinear models were elaborated to determine the dependence of the efficiency of a lead melting furnace
on agglomerate consumption (u 1 [kg/h]), coke consumption (u2 [kg/h]), air consumption (u3 [m 3 /h]), air pressure
(u4 [mm]), temperature of gas produced (u5 [°C]), quantity of black lead (u6 [kg/h]), quantity of cinders (u7 [kg/h])
and the lead content of cinders (u8 [%]) [Ivakhnenko, 84]. Based on 20 observations of these eight variables selforganising modelling was used to generate model variants with growing complexity. As results the following
models of optimal complexity were selected:
y1 = − 3370− 0. 945u1 + 13. 32u6 + 1. 625u7 + 0. 00032u21 − 0. 0084u26 − 0. 001u27
and when using vi = ln ui as inputs and y* = ln y as output (chapt.4.1):
y2 = 1. 539u01. 06u16. 054u−7 0. 04
The models show that the indicators “agglomerate consumption” (u1 ), "quantity of black lead" (u6 ) and "quantity of
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cinders“ (u7 ) influenced the efficiency of the „lead melting furnace“ (y) most strongly. Fig. 6.1 shows the partial
influence of these indicators when the remaining indicators are held constant at their mean values. In the field of
variation of the indicators and thus in the field of validity of models a very good conformity of the two models is
recognizable. Simultaneously, a limited field of extrapolation is clearly visible.

Fig.6.1: Conformity of two models in the field of variation

Also, one almost unsolved problem is estimating the maximum number of delayed arguments
(maximum lag). If there are not too many input variables, it is useful to try to justify the maximum
lag on limitations of the software allowing GMDH to find useful delayed arguments among
possible ones by itself. Often, the maximum lag can be estimated a priori according to knowledge
about real processes. Another way is preselection by means of statistical methods (correlation, for
example).
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Example: Financial forecasting
Table 6.2 shows the mean long-term prediction error (MAD [%]) for the portfolios P1 and P2 introduced in chapt.
1.5, whereby the models were generated for several maximum time lags (T=1, 5, 10)
a. on all 53 variables (m a).
b. only on 10 variables of nucleus (mb ). In portfolio P2 the models of those variables not included in the
nucleus were obtained by means of dynamic models of variables of the nucleus (dynamic derivation of the
nucleus).
c. only on the variables of portfolio (mc).
Table 6.3 lists the system criterion for several approaches using the corresponding maximum lag. The obtained
models are very similar in most cases (table 6.4), and they can be described by x(t)=f(x(t-1),e(t)) with e –
exogenous variable. It follows that even if a large time lag was chosen a priori the selected optimal models remain
nearly the same. This positive effect is caused by the ability of a self-organising modelling to avoid overfitting
models. So, if the maximum time lag is unknown a priori and there is enough computer memory and computing
time available, it is useful to choose rather a large time lag.

Lag

1

Predicted

5

P1
ma
mb
mc
P2
ma
mb
mc

5
10

30

10

5

10

30

5

10

30

2.2
1.8
2.0

2.8
2.4
2.7

5.8
7.0
6.2

2.1
2.0
2.3

2.6
2.5
2.6

12.8
6.8
6.1

2.0
2.0

2.2
2.5

6.8
6.3

2.7
2.4
3.0

3.2
2.6
3.5

4.6
6.6
6.8

2.9
2.4
2.7

4.1
3.3
4.1

10.0
5.2
5.8

2.8
2.9

3.1
4.1

6.0
6.0

Table 6.2: Mean long-term prediction error (MAD [%]) for several maxiumum lags
Lag
all variables
portfolio P1
portfolio P2
nucleus

1

5

10

0.05
0.24
0.23
0.13

0.06
0.27
0.29
0.13

0.22
0.29
0.12

Table 6.3: System criterion
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Lag

1

Variable

model

BMW
BMW(t-1),Daimler
Combank
Comb(t-1),Dt.Bank
SAP
SAP(t-1),Nestle
VEBA
VEBA(t-1),Henkel
IBM
IBM(t-1),GE
Nestle
Nestle(t-1),Henkel
DITGB DITGB(t-1),MS,Industria,DITPaz(t-1)
DITGeld
DITGeld(t-1),VIAG(t-1)
DAX
CONCENT,Metall(t-1)
DJONES
DJONES(t-1),DAX
Bayer
Bayer(t-1),BASF
Thyssen
Thyssen(t-1),Continent
VW
VW(t-1),Daimler

5
PESS
9.8
0.2
0.6
0.4
0.6
6.0
0.1
0.0
4.4
16.7
0.3
1.9
4.0

model

PESS

BMW(t-1),Daimler
Comb(t-1),Dt.Bank
SAP(t-1),Nestle
VEBA(t-1),Nestle
IBM(t-1),GE
Nestle(t-1),DITGB
DITGB(t-1),Ind.,DITPaz(t-1),E-Disney
DITGeld(t-1),VIAG
DAX(t-1,DJONES
DJONES(t-1),RWE(t-1)
Bayer(t-1),Daimler
Thyssen(t-1),Continent
VW(t-1),Linde

9.9
0.2
0.6
0.4
0.6
6.1
0.1
0.0
9.3
17.8
0.3
2.0
4.1

Table 6.4: Models of variables included in the nucleus using a lag of one and five

Fig. 6.2: Choice of appropriate self-organising modelling algorithms
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On the other hand, quality and features of the data sample decide, which methods have to be selected [King, 95]. With this, information about the dispersion of noise can be very useful for choosing
adequate methods considering the ideas of Stafford Beers’ adequacy law [Beer, 59]: The "black
boxes" of the objects that have to be described mathematically have to be compensated by
corresponding "black boxes" in the information or control algorithm. For a small level of noise
dispersion, all regression based methods using internal criteria can be applied:
• GMDH using internal criteria,
• Statistical methods, or
• Neural Networks.
For considerably noisy data - which includes small data samples inherently - GMDH algorithms
based on external criteria are preferable. For a high level of noise dispersion - processes showing a
high random or chaotic behaviour -, finally, nonparametric algorithms of clustering, analog
complexing or fuzzy modelling should be applied to satisfy the adequateness law. These aspects are
still under research, but figure 6.2 shows a possible decision tree.
Example: Prediction of characteristics of stock market
On the base of observations in the period of October 12, 1994 to December 11, 1995 (300 observations) for several
stock indexes of car industry input- output models by means of GMDH and Analog Complexing models are
generated.
Table 6.5 compares for several periods long-time predictions (5 and 10 days) obtained by means of Analog
Complexing and GMDH. Both methods give comparable results.

GMDH- Algorithm

Analog Complexing

Period

T

BMW

VW

Audi

Ford

BMW

VW

Audi

Ford

18.4./1.5.
16.5./29.5.
28.11./11.12

5
5
5

1.90
1.09
0.62

1.57
1.53
3.47

0.71
1.70
1.47

3.00
1.24
0.54

1.76
4.52
0.34

1.49
2.18
2.61

0.81
1.43
1.50

2.14
1.93
0.47

18.4./1.5.
16.5./29.5.
28.11./11.12

10
10
10

1.24
1.06
0.70

2.37
2.45
5.24

1.31
2.83
3.04

4.81
1.67
0.58

1.47
3.11
2.33

2.65
2.96
2.78

1.40
1.56
3.21

3.67
2.05
1.12

Table 6.5: Comparison of longtime predictions (MAD [%])

T

Terms

BMW a

VWa

BMW b

VWb

BMW c

VWc

5
10
5
10

5
5
7
7

1.62
1.88
0.86
0.99

1.29
2.13
1.15
2.15

2.89
2.02
3.84
2.81

6.67
7.99
4.41
3.33

2.63
1.96
1.59
1.16

2.22
1.99
2.30
1.70

Table 6.6: Prediction error, obtained by means of self-organising fuzzy modelling (MAD[%])
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Tab.6.6 shows for 3 periods (a: 21.2.-6.3.1995, b: 7.3.-20.3.1995, c: 4.4.-17.4.1995 ) prediction error (MAD [%])
obtained by means of self-organising fuzzy modelling for T=5, 10 using 5 and 7 linguistic terms. This table shows
also comparable prediction results.
Example: Financial forecasting
Based on observations (August 30, 1996 - January 9, 1998) of close prices of several stocks (those 30 stocks
composing the DAX and 23 other national and foreign equities) long-term predictions for all 50 variables are
generated by means of GMDH and Analog Complexing. Table 6.7 compares the mean values over all 50 variables
and different prediction periods of out-of-sample long-term predictions (prediction period T=5, 10, 15, 20, 25, 30,
35, 40). It is shown, that Analog Complexing gives the same or better prediction accuracy than GMDH, whereby
the required evaluation time is much shorter.

T

GMDH

Analog Complexing

5
10
15
20
25
30
35
40

0.0276
0.0403
0.0505
0.0608
0.0698
0.0834
0.0851
0.1211

0.0264
0.0344
0.0426
0.0493
0.0554
0.0590
0.0643
0.0660

Table 6.7: Comparison of long-term prediction error (MAD [%])

Because of the broad spectrum of possible algorithms and because it is impossible to define the
characteristics of the controlled object in advance exactly, it should be valuable to try several
modelling algorithms to decide which suit the given type of object best or to combine the results of
different modelling runs in a synthesis. As a criterion of choice, the discriminating criterion can be
used: the deeper its minimum is, the more appropriated the algorithm should be.

6.3 Application fields
One important application field of self-organising data mining is decision support in many areas of
human activity:
• economy: analysis and prediction of national economies and their interconnections; market
analysis; sales and financial predictions; balance sheet prediction; ...
• ecology: air and water pollution analysis and prediction; influence of natural position factors on
harvest; analysis of geo-ecological processes; analysing how water quality and temperature is
influenced by the environment and vice versa; ...
• medicine/ biology: contribution on better understanding and detecting cancer; medical
diagnoses; ...
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• sociology: prediction of population growth; analysis of educational-psychological time series;
...
and others. Another example of application is prediction of effects of experiments. Here, GMDH
solves two problems:
• calculation of effects of a given experiment and
• calculation of parameters necessary to obtain optimal effects.
This includes technical experiments but also experiments in economy or ecology. The goal is to
replace experiments on the true object by computer experiments based on corresponding
observations of the object.
Next, self-organising data mining methods can be used to improve several widely used modelling
technologies: Simulation, Neural Networks, econometric modelling.

1. Simulation
Self-organising modelling is not only useful in cases where a priori information about the system is
insufficient. It is suitable and valuable also as a part of simulation when
• setting up scenarios,
• designing experiments,
• evaluating results of experiments.
a. Scenarios
For the more complex systems, many input variables have to be investigated simultaneously.
Many of them are exogenous and their development is unknown. Using the advantages of selforganising modelling like GMDH or Analog Complexing, it is possible to get many forecasts fast
and objectively, which can be used as inputs (scenarios) for simulation models.
b. Design of experiments
Simulation can be understood as experimenting with models. Its task is not only investigating the
behaviour of a system, but mostly one would also like to find out how the system has to be affected to guide it onto desired trajectories. Often, a search that employs many simulation runs leads
to acceptable results. Numerical optimisation procedures allow more systematic searches, but
they are not appropriated for complex simulation models. Self-organising modelling can be used
for
• reduction of the dimension of exogenous influences by means of selection of most relevant
variables,
• generation of linear or nonlinear, local input-output models, which can be used not only for
sensitivity analysis but also finding locally optimal strategies.
c. Evaluation of results of experiments
The result of simulation is not a universal analytical solution of the general case but many numerical values describing the evaluated situation. Such a table of numerical values cannot be
interpreted. So, there is a need to find so-called meta-models aggregating the numerical data into
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an analytical description of the behaviour. Here, GMDH or self-organising Fuzzy Rule Induction
can be used, for example, to create these meta-models very comfortably.
Example: Macroeconomic modelling
As an example, a simple dynamic model of a national economy is considered (fig. 6.3).

Fig. 6.3: Simple simulation model of a national economy

The results of this simulation model are numerical data of the consumption Kt (K1 in fig.6.4). The accumulated
consumption
T

Q = 3 Kt = f(c, v, ε , k, m, am, ak)
t =1

is a function of parameters c, v (parameters of capital reproduction), ε, k (parameters of production function), m
(material consumption), am (amortization rate), and ak (accumulation rate). After running several simulations,
the following model was generated by the „KnowledgeMiner“ GMDH tool: Q= 4009 + 287v - 15709c - 5863m.
According to this model, the capital reproduction (c, v) and the material consumption (m) have an important
impact on the accumulated consumption. Changing these parameters, a more convenient development was
obtained (K2 in fig. 6.4).

Fig. 6.4: Simulation results
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2. Neural Networks
Table 6.8 shows the difference between Neural Networks and GMDH Neural Networks and
reflects some advantages that an inductive self-organising approach can have. As GMDH NN’s
here GMDH and nets of active neurons technologies is considered. Both technologies are
developed from the same principles (see also section 3.2):
• the black-box approach and
• the connectionism.

data analysis
analytical model
architecture

network synthesis
threshold
self-organisation

Neural Networks

GMDH Neural Networks

universal approximator

structure identificator

indirect by approximation

direct

preselected unbounded network structure;
experimental selection of an adequate
architecture requiring time and experience

bounded network structure evolved during
the modelling process

globally optimised fixed network structure adaptively synthesised structure
threshold transfer functions

threshold objective functions

deductive; subjectively given number of
layers and number of nodes

inductive; number of layers and nodes are
estimated objectively by minimum of
external criterion

parameter estimation in a recursive way; long data samples
are required

estimation in batch by means of
maximum likelihood techniques using all
observational data; extremely short samples

optimisation

global search in a highly multimodal
surface; result depends on initialisation;
slow and tedious; requires the user to set
various algorithmic parameters by trial
and error; time-consuming methods

Parsimonious, adaptively synthesised
networks; inappropriate network structures
are automatically not included in the model

regularization

without, only internal information

estimation on training set, selection on
testing set

a priori information

without transformation into neural
network termini not applicable

can be used directly to select the
elementary functions and criteria

needs knowledge about the theory of
Neural Networks

needs some knowledge about systems
theory

knowledge
convergence
computing

feature

global convergence is difficult to guarantee a model of optimal complexity exists
suitable for implementation in hardware
using massively parallel computation,
for ordinary computers inefficient

efficient for ordinary computers and
for massively parallel computation

general-purpose, flexible, nonlinear
(linear) static or implicit models

explicit, general-purpose, flexible linear
or dynamic nonlinear, static or dynamic
parametric models

Table 6.8: Comparison of traditional Neural Networks and GMDH Neural Networks
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GMDH NN’s, however, consider also inductive self-organisation as an additional principle
including self-organisation, use of external information and regularisation of ill-posed tasks. It
employs analytical functions as nodes derived from systems theory instead of transfer functions
derived from NN theory. GMDH models are explicit mathematical models obtained in a relatively
short time and from short data samples. These models can be used immediately after modelling for
analysing and explaining the results. The known problem of an optimal NN structure choice is
solved by an adaptive synthesis objectively. A parsimonious (optimal complex) network structure is
evolved during modelling by inductive self-organisation.
Another important problem is application of NNs for prediction. To obtain a long-term forecast yt+τ
it is necessary to teach a network from observations of all inputs xit , i=1(1)m and the output yt+τ,
t=1, 2, ..., T-τ. In this way, nonlinear models with a lag of τ are generated that can be used for
one-step predictions. To get long-term predictions for τ = 1, 2, ..., P in a single step, NN theory
requires either to learn P neural networks of one output yt+τ , or one neural network of P outputs.
Commonly, neural network software don’t support such forecasting efficiently.
Developments of recent NN theory have been shown an adaptation of some principles of inductive
self-organisation for the same reasons GMDH was developed in 1967. This process of
convergence of NN theory covers items like subdivision of data into learning and testing samples
(external information), regularisation steps and pruning, or optimisation methods to get less
complex NN models or to exclude non-relevant variables from the initial models deductively.
Existing demands for an analytical model as an explanation component is usually solved by an
independent, post-processed approximation of the approximated NN model.
For certain areas of modelling, improvement of traditional Neural Networks has been happening,
already, by both application of GMDH Neural Networks and by adaptation of its principles at NN
theory.
Example: Identification and prediction of a system of equation
Let's have a look at the system of equations (Fig 6.5) y 1t = -2y1t-1 (1- y 1t-1 ), y2t = 1 + 0,5y1t-2 y 2t-1 , where the
first equation is a logistic function, a simple chaotic system. For modelling was used data with artificial noise
added: y 1t = y 1t + αz, y 2t = y2t + αz , where z∈ [-0.5; 0.5] and α = 0; 0.1; 0.5.

Fig.6.5: System of equations y1t, y 2t
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The self-organising algorithm is able to identify the systems of equations. For α=0 the following model was
obtained from 50 observations:
y1t = − 2. 00y1t − 1 + 2. 00y1t − 1y1t − 1 + 2. 34∗ 10− 6
y2t = 1. 002+ 0. 50005y1t − 2y2t − 1 + 4. 8 ∗ 10− 8y1t − 2 .
Similar models, but with increased errors, were obtained if noise is present (α>0). Neural Networks are not able to
identify the system. Several implicit, distributed models were obtained using five input neurons, two output
neurons and n (n=2, 4, 6, 10, 20) neurons in the hidden layer. With growing complexity (number of neurons in the
hidden layer), the approximation error (fig.6.6) decreases. From figure 6.6 follows that for large complexity n, the
approximation error is independent from noise level. This underlines the fact of overfitted models.

Fig. 6.6: Approximation error for several number of neurons (n) in the hidden layer
The selected models were used for predicting the next ten data points. Table 6.9a shows the derived prediction error
MAD for one-step predictions of the variables y1 , y2 . Table 6.9b lists the long-term prediction errors obtained
from self-organised models (MAD). The available NN software did not support long-term predictions, so that a
comparison is not possible here.
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Backpropagation NN
# of nodes

y1

2
4
6
10
20

116.0
11.34
8.0
18.9
7.8

2
4
6
10
20

21.1
20.2
20.6
18.9
4.0

2
4
6
10
20

24.6
29.1
27.0
27.1
22.7

Self-organised GMDH NN

y2

y1

y2

= 0

= 0
7.7
3.3
2.0
1.4
1.8

0

0

= 0.1

= 0.1
4.8
3.8
4.0
3.7
3.3

6.9

1.3

= 0.5

= 0.5
8.5
5.7
5.8
10.2
7.3

29.6

5.0

Table 6.9a: Prediction error MAD for step by step predictions
(MAD=

M
1 10 yk − yk
3
100%)
10 K = 1
yk

= 0

= 0.1

= 0.5

t

y1

y2

y1

y2

y1

y2

1
2
3
4
5
6
7
8
9
10

0.0
0.0
0.0
0.0
0.1
0.1
1.5
1.2
1.5
2.8

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.1
0.3

3.9
23.8
39.0
119.8
88.3
949.4
1.4
2.5
22.4
0.4

0.8
0.9
3.1
9.4
8.6
16.7
25.6
53.2
21.1
5.0

6.4
83.3
89.9
296.8
76.9
269.4
71.4
11.6
56.4
0.6

9.6
5.1
9.5
33.3
22.1
31.8
31.0
25.4
33.9
12.7

Table 6.9b: Long term prediction errors from self-organised GMDH models
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3. Econometric modelling
Potentially, self-organising modelling can be used to solve the problems as listed in section 1.4.
With application of data driven approach for common econometric modelling as systems of
interdependent equations, it also provides a high degree of automation of modelling simultaneously.
Aspects of interest here are:
• Expenditure necessary with self-organisation of models or computerised design of models is
limited only to applying existing software; the user need not know its internal composition.
• Empirical information as the basis of econometric modelling is not necessary for selforganisation.
• The user needs to have only limited technical knowledge especially in the field of mathematics,
systems theory and computer technology.
• The purpose of applying self-organisation is to select from the variety of model variants (that
is, from the class of possible models in which the model looked for is contained) the model of
optimal complexity according to a given criterion of selection. In econometric modelling, on
the other hand, the unknown parameters have to be estimated according to the minimum of the
least squared error, for example using procedures of statistical estimation for a given model.
This implies that the class of models contains only one element due to the assumption that the
model structure is determined precisely, already, except the parameters.
• Application of self-organising modelling permits to limit required a priori information to some
essential and confirmed pieces of knowledge.
• For final selection, an external criterion is used, that is, a criterion that works on information
not yet used for estimating the model.
• The set of elementary functions also has to contain all possible trend functions so that the selection, within the framework of generating gradually more complicated models, also covers
those models that describe the trend components by trend functions while the dynamics is
expressed by state equations.
• The decisive precondition for every prediction-unchanged structure and parameters of the general dynamic system is supported by selection criteria like „the model has to be the same
yesterday, today and tomorrow“ (criterion of consistency). Instead of subjective reduction of
the number of parameters, the arbitrary simplification of models along with the intuition of the
modeller and the use of statistical procedures for selecting essential factors of influence, the
tools of self-organisation involve using principles of a gradual increase of complexity,
selection and regularisation, and they produce models with a respective optimal complexity
also for small data sets. Additionally, parametrisized time-variant structures can be realised by
appropriate choice of elementary functions.
• With self-organisation, the selection of a model of optimal complexity is made from the set of
possible models according to one or several criteria of selection expressing the requirements of
the task and its solution. When transforming the conceptual demands into a respective
formalised criterion, various mathematical formulations can be applied. Additionally, the
existence of differently formalised criteria for selecting a model of optimal complexity is based
on the demands mentioned above. Therefore, hierarchies of criteria are being applied
frequently.
Example: Analysis and prediction of monthly power consumption at fish supply depots
A company Fischhandel Berlin has more than 50 fish supply depots (FSD). The energy consumption per month of
the FSDs is calculated in advance for each quarter of the year in the company. Any difference between estimated and
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true energy consumption affects the enterprise in that way that unused monthly quotes become invalid and that a
possible remaining demand has to be separately applied for in the following period.
The essential factors influencing the consumption of electrical energy in an FSD are
• the provision of chilled cargo through fishing
• the core temperature of chilled cargo to be stored
• the ambient temperature of cold storage
• the technical parameters of cooling aggregates.
Fischhandel Berlin provides time series of monthly energy consumption in kWh for 10 FSDs. It was possible to
get the monthly mean temperature for the various territories as only measurable variable published in the monthly
weather forecasts by the climatological center of Potsdam.
For such situations of insufficient a priori information, the Box-Jenkins ARIMA approach is a very powerful and
widely used approach in econometrics for analysing and predicting time series. However, successful application of
this methodology requires not only a time-consuming analysis but also profound knowledge of the theory of time
series analysis by means of ARIMA techniques. Information and decisions necessary for a dialog-based ARIMA
modelling are listed in table 6.10 [Götze, 87].
The monthly power consumption at fish supply depots for the ten different depots was estimated by means of
• univariat and bivariat ARIMA models;
• self-organising modelling of univariat and bivariat models.
Table 6.11 shows the MAD prediction error in 1984 (MAD84 ) and 1985 (MAD85 ) for these methods. It is shown
that the huge effort of statistical knowledge and techniques only results in comparable prediction errors with
automatic modelling by means of self-organising modelling.

Step

Necessary Information

Necessary Decisions

1

• knowledge about the process like trend,
seasonal or stochastic components

• application of ARIMA methodology yes/no
• univariat or bivariat approach

2

• characteristic functions of the time series such
as auto-correlation, inverse auto-correlation,
partial auto-correlation functions, spectral density a.o.
• estimation of these functions

• transformation
• structure of trend and seasonal filters
• multiplicative approach
• order of model components

3

• statistical estimation and test techniques
• characteristic functions of residuals and their
theoretical type
• theoretical characteristic functions of several
ARIMA-processes

• control variables in estimation techniques
• models of optimal complexity
• model validity
• model suitable for prediction

4

• criteria of model quality
• prediction algorithms
• measures for prediction quality

• control variables for prediction
• selection of a best model

Table 6.10: Information and decisions necessary for a dialog-based ARIMA modelling
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FSD

ARIMA
univariat
M A D 84 M A D 85

1
2
3
4
5
6
7
8
9
10
mean

6.9
8.3
19.5
10.4
18.3
15.7
18.4
14.7
24.6
12.3
16.5

15.6
12.9
60.9
18.2
53.0
16.4
14.5
25.6
27.1

GMDH

bivariat
M A D 84 M A D 85
13.1
11.1
16.6
8.6
11.3
4.2
17.6
19.7
26.5
14.8
14.4

16.8
15.8
8.5
13.8
13.0
21.5
10.8
18.4
14.8

univariat
M A D 84 M A D 85
9.9
13.8
13.5
8.4
16.0
7.6
25.6
24.1
25.5
18.1
16.3

8.5
15.0
13.8
14.2
9.7
18.7
17.8
22.8
15.1

bivariat
M A D 84 M A D 85
12.1
13.4
9.1
12.0
14.7
6.8
22.3
14.3
15.5
17.7
13.8

10.9
19.8
14.9
12.4
11.7
23.3
14.1
22.7
16.2

Table 6.11: Prediction error MAD[%] in 1984, 1985

We think, instead comparing statistical procedures and GMDH Neural Networks, it should be more
promising to unite them into networks of active neurons. Any good working regression or pattern
recognition procedure can be considered as an active neuron.

6.4 Synthesis
All kinds of parametric, nonparametric, algebraic, binary/fuzzy logic models are only simplified
reflections of reality. There are always several models with a sufficient same degree of adequacy for
a given data sample. For comparison of two models i and j, the following criterion can be used:

R ij = 1 −

N
1
3 (y t − y it ) 2
N − Pi t=1
N
1
3 (y t − y jt ) 2
N − Pj t=1

,

where yt - observations of output variable, ykt - output data of the model k, and Pk - number of
estimated parameters of model k (k = i, j). For several tasks, model j acts as a reference model (for
instance trend function or saturation function in macroeconomical modelling).
However, every model is a specific abstraction, a one-sided reflection of some important features of
reality only. A synthesis of alternate model results gives a more thorough reflection.
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1. Combination of alternate forecasts and vagueness of model results
If modelling aims at prediction, it is helpful to use alternate models to estimate alternate forecasts.
These forecasts may be combined using several methods to yield a composite forecast of a smaller
error variance than any of the components have separately. It is possible to generate a combination
of models (synthesis) by GMDH itself. From forecasts obtained by several models, a continuous
parameter adaptation of the GMDH models and a frequent adaptation of nonparametric models is
possible. The desire to get a composite forecast is motivated by the pragmatic reason of improving
decision-making rather than by the scientific one of seeking better explanatory models. Composite
forecasts can provide more informative inputs for a decision analysis, and therefore, they make
sense within decision theory, although they are often unacceptable as scientific models in their own
right because they frequently represent an agglomeration of often conflict theories.
Example: Analysis and prediction of monthly power consumption at fish supply depots
The monthly power consumption at fish supply depots for ten different depots was determined by means of
different mathematical models:
• Univariat and bivariat ARIMA models
• Selection of auto-regressive models with optimal complexity with different criteria of selection (crossvalidation, model selection)
• self-organisation of univariat, bivariat and multivariat models.
Predictions of 1985 show an average error of 15 to 16 percent (MAD 85 )(table 6.12). These predictions were
obtained from models preselected from a group of methods according to their achieved preciseness of prediction of
1984 (ex-post prediction). When selecting through all groups of methods (MIX), the average prediction error MAD
85 is 12.7%..

FSD

ARIMA

GMDH

1
2
3
4
6
7
8
10
mean

15.6
12.9
8.5
13.8
13.0
21.5
14.5
25.6
15.7

8.5
13.6
14.9
13.0
11.3
19.4
14.1
22.7
14.9

AR/crossvalid. AR/model select
10.0
10.6
31.9
17.1
10.6
9.4
19.1
13.6
15.3

12.3
13.9
26.7
16.8
10.3
20.0
19.2
10.9
16.3

MIX
8.5
10.6
14.9
13.0
10.3
19.4
14.1
10.9
12.7

Table 6.12: Decreasing prediction errors MAD [%] by means of synthesis (MIX)

If models can be obtained in a short time, it is possible to generate several alternate models to estimate the vagueness of model results. Figure 6.7 shows this uncertainty of prediction obtained
combining several parametric models (linear, nonlinear, different input variables and time lag) and
nonparametric models (width of patterns, variables included, number of patterns used) for a
financial forecast.
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Prediction Interval
795

CLOSE PRICES BMW [DM]

790
Interval of uncertainty

785
780
775
770

BMW

P1 - P5

12/4/95

12/1/95

11/30/95

11/29/95

11/28/95

11/27/95

11/24/95

11/23/95

11/22/95

11/21/95

765

MEAN P1 - P5

Fig. 6.7: Vagueness of model results

This approach is used in [Lemke, 97], where a synthesis of linear and nonlinear parametric models
obtained by GMDH and nonparametric models selected by Analog Complexing is used in a
prediction module of a trading system. Analog Complexing can be used to predict the external
variables of a GMDH model but also to predict the state variables themselves for synthesis.
Using the estimated vagueness, frequent updates of models are advisable. Another direction of
research for improving this approach is implementing fuzzy combining or synthesis methods.

2. Combination of model results obtained at various levels of description and specification
As result of modelling at various levels of description and specification, there are various models
supplying statements with a different degree of specification. They can be combined by means of
invariance conditions. This invariance is resulting from a priori information according to criteria as
formulated in [Ivakhnenko, 84]. These criteria are the maintenance of moments, climatic means for
trend behaviour. Balance criteria are of special importance here.
Balance criteria are based on reliable a priori information. They supply invariance for the complete
time span like the time-related invariance of a law or balance condition or the artificial relationship
between various variables. The balance criterion requires correspondence between statements of
different specification for the same period, that is, they have to be the same owing to elimination
differences in specification (determination of the mean value, for example). Consequently, the
following requirements exist:
• The sum of monthly values yjt is always the annual value Yt
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12

B 1 = 3 (Yt − 3 y jt ) 2 6 min.
t 0P

j=1

• The mean value of an item at different points in a region yjt is equal to the average value for this
region yt

12

B 2 = 3 (y¯ t − 3 y jt ) 2 6 min.
t 0P

j=1

• Certain laws or theoretical balance conditions fi (u1 , ..., u s ) = 0 are satisfied with any moment
m

B 3 = 3 3 f i (u 1 (t), ..., u s (t)) 2 6 min ,
t 0P i = 1

where P is the set of samples of the testing data set. Model combinations at the lower level of
specification are selected because of the statements of that model at a higher level of specification
that shows a minimum deviation from the balance conditions.
As many calculations are necessary for elaborating balance criteria and as always many models
satisfy balance criteria, they need to be combined with other criteria to get a unique solution, finally.
Example: Analysis and prediction of monthly power consumption at fish supply depots
If the factors of influence on power consumption of a single fish supply depot are the power demands of all other
depots and all other environmental temperatures, multivariate models are obtained. These models have no direct
physical interpretation, but show partial improvements at the preciseness of prediction, for example. Table 6.13
shows some results for selected fish supply depots.

FSD

1

2

3

6

7

mean

M A D 84
M A D 85

11.7
13.8

11.7
13.1

5.4
11.3

9.5
19.4

10.5
13.6

9.8
14.2

Table 6.13: Decreasing prediction errors MAD [%] by inclusion of nonphysical information
The strong irregularities in the time series suggest striving for predictions at a higher level of aggregation. Then,
the prediction error for two depots is only MAD 84 = 7.2 %.
Example: Prediction of retail trade turnover
As far as the overall retail trade turnover is concerned, prediction of average annual values and quaterly values were
obtained on monthly realizations from 1963 to 1976 by means of various mathematical models (trend function,
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saturation function, climatic means, autoregressive models, ARIMA models, self-organisation of auto-regressive
and multivariat models). Predictions presented in fig. 6.8 regard to average annual values and quaterly values clearly
show the vagueness of the predictions.

Fig.6.8: Prediction of average quaterly values and annual values
Selection of quaterly models can be controlled from the balance of quaterly values and the average annual values Yt
selected according to their out-of-sample prediction of 1977 to 1986
bt = Yt - s t ,
where st = 0.25 (yIt + y IIt + y IIIt + y IVt) and

B = 3 b 2t .
t 0P

Table 6.14 shows the results but also the errors of annual predictions obtained for this time period.
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year

Yt

yI

y II

y III

y IV

st

yt

1977
1978
1979
1980
1981
1982
1983
1984
1985
1986

7405.4
7679.5
7943.7
9198.2
8443.4
8679.7
8907.4
9126.7
9338.1
9541.7

6583.6
6822.5
7061.4
7300.3
7539.2
7778.1
8017.0
8255.9
8494.8
8733.7

7236.0
7525.0
7813.0
8102.0
8391.0
8679.0
8968.0
9256.0
8545.0
9833.0

7323.0
7601.0
7879.0
8158.0
8436.0
8714.0
8993.0
9271.0
9550.0
9828.0

8217.0
8549.0
8827.0
9088.0
9447.0
9691.0
10002.0
10305.0
10784.0
10893.0

7339.9
7624.4
7895.1
8162.1
8453.3
8715.5
8995.0
9272.0
9543.5
9821.9

7453.0
7708.0
7976.0
8332.0
8541.0
8628.0
8691.0
9055.0
9436.0
9821.0

y t / y t [%]
1.5
1.1
1.0
2.0
1.0
1.0
3.5
2.4
1.1
0.0

Table 6.14: Selection of quaterly predictions using balance criteria, st=0.25(y It + y IIt + y IIIt + y IVt)

6.5 Software tools
There are several software packages that have implemented GMDH for creation of multi-input/
single-output models. „ModelQuest“, „ModelQuest Enterprise Miner“ (AbTech Corp.), and
„ASPN-II“ (Algorithm for Synthesis of Polynomial Networks from Barron Ass.) are the most
known tools developed in the USA. AbTech’s tools are based on GMDH theory and on what was
known in the USA as Adaptive Learning Networks. However, they have been giving their
implementation their own name - abductive polynomial networks.
The GMDH module of the NN development environment „NeuroShell 2“ of Ward Systems Group,
Inc., was developed by a Russian team and seems a more advanced implementation concerning
network function optimisation and network structure construction. Like „ModelQuest", however, it
does not support long-term forecasts, generation of systems of equations (multi-output systems)
necessary especially for modelling dynamic systems, active neurons or multiple models in a
document. Specification of output and input variables and their delayed arguments is time
consuming and inconvenient.
Unfortunately, they also do not take advantage of recent developments and experience of modern
GMDH theory. For example, an internal criterion (Predicted Squared Error - PSE) is used as
default criterion of selection. It employs a heuristically chosen penalty term value as external
information to avoid over-complicated models (see section 4.4) contradicting in this way both goal
and approach of self-organisation. Due to the internal nature of the criterion, these tools are
supposed to be successful in cases when noise dispersion of data is small or when long data
samples are available.
Usually, more effective are original inductive GMDH algorithms based on external criteria. In the
„Glushkov Institute of Cybernetics", Kiev, the freeware version COMBI (combinatorial GMDH
algorithm) was developed and can be downloaded from the Internet at:
ftp://gu.kiev.ua/pub/text/science/GMDH.
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It has no graphical user interface, however.
A self-organising modelling tool that is described in this book is „KnowledgeMiner“. It provides
GMDH, active neurons, systems of equations (networks of interconnected GMDH network
models), Analog Complexing and self-organising Fuzzy Rule Induction in its present state of
development. It is the first time that all these algorithms together have been available on any
computer platform. Several new features like cluster analysis are scheduled for implementation, and
news, updates and new versions are available at:
http://www.knowledgeminer.net .

For new research results, call for papers on self-organising modelling related publications or other
discussion areas, you may also want to have a look at:
.
In chapter 7, the implemented modelling features of this tool are described based on the general
explanations of the preceding chapters.
http://www.informatik.htw-dresden. de/~muellerj
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In this chapter the software tool KnowledgeMiner will be discussed more deeply to give the reader an
instantiated understanding of the advantages of self-organising modelling. It is also intended to help
examining the examples included in the accompanied diskette. GMDH, Analog Complexing and
Fuzzy Rule Induction implementations are described based on preceding chapters. It is also explained how the created models can be used for prediction and financial trading immediately within
KnowledgeMiner.

7.1 General features
KnowledgeMiner is a self-organising modelling and prediction tool that has implemented GMDH,
Analog Complexing (AC), and Fuzzy Rule Induction (FRI) modelling methods in its version 3.0.
The GMDH implementation employs active neurons and provides in this way networks of active
neurons at the lowest possible level already. It can be used to create linear/nonlinear, static/dynamic
time series models, multi-input/single-output models and multi-input/multi-output models as
systems of equations from short and noisy data samples. All obtained models are described
analytically. Systems of equations are necessary to model a set of interdependent variables
objectively and free of conflicts. They are available both analytically and graphically by a system
graph reflecting the interdependence structure of the system.
For modelling and prediction of fuzzy objects, Analog Complexing and Fuzzy Rule Induction can
be applied.
In Analog Complexing, a model consists of a composition of similar patterns. Since several most
similar patterns are always used to form a model and a prediction by a synthesis, an interval of
uncertainty of prediction will be produced simultaneously. This is of special importance when using
predictions for decision support.
Fuzzy Rule Induction can be used to create fuzzy or logic rules or systems of rules from fuzzy or
Boolean data. Complex systems are described qualitatively and the obtained models are relatively
easy to interpret.
All models that are created in a document are stored in a virtually unlimited model base. This
means, every variable in KnowledgeMiner’s data base can have five different model representations
in a single document - a time series model, a multi-input/single-output model, a system model
(multi-output model), an AC model and a fuzzy model. Another, special kind of model that is related to fuzzy modelling is a defuzzification model. When using GMDH or FRI, up to three best
models are created and stored in the model base separately. They are equally accessible and
applicable. Every model can be used immediately after modelling for status-quo or what-if
predictions within the program creating new data. Comments can be added to models by either
writing text or voice annotations.
All data are stored in a spreadsheet with core functionality including simple formulas and absolute
or relative cell references. The data can be imported in two ways: as a standard ASCII-text file or
via the clipboard by copying/pasting data. Several mathematical functions are available for
synthesising new data to extend the data basis optionally (fig. 7.1).
Figure 7.2 shows the typical construction of the data basis. To avoid exhausting homogeneous
information, the complete document (data, models, text, sound) will be stored in a single file.

General features

147

J.A. Mueller and F. Lemke

Fig. 7.1: Table menu providing spreadsheet related functionality

7.2. GMDH implementation
7.2.1 Elementary models and active neurons
One condition for a self-organisation of models is that there is a very simple initial organisation
allowing modelling of a large class of systems by its evolution. For many dynamic and static
systems, these elementary models or neurons can have a polynomial form. Therefore,
KnowledgeMiner has implemented a complete second order polynomial as default analytical
elementary model structure:
f(vi , v j ) = a0 + a1 vi + a2 vj + a3 vi vj + a4 v2i + a5 v2j .
The arguments vi , vj represent all kinds of input data like non lagged input variables xi,t , lagged
input variables xi,t-n , derivative input variables or even functions or models, e.g., √xi , 1/x i , sin(xi )
or log(x i ). In contrast to classical GMDH algorithms, the elementary model structure is not fixed
here. It is rather an abstract definition of the most complex model a single neuron can have a priori.
The true model of every created neuron is instantiated adaptively by self-organisation. In this sense,
the chosen abstract elementary model defines the class of possible models for this level of selforganisation.
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KnowledgeMiner

relativecell
references

Fig. 7.2: The data basis of KnowledgeMiner: data are stored in a spreadsheet and can be edited

Here, self-organisation and statistics are closely connected: Beginning from the simplest possible
model f(vi , vj ) = a0 , a process of advanced regression techniques, model validation and selection is
induced. Each particular model instance is estimated on a learning data set and is validated on a
separate testing data set using an external criterion. By this evolution from a simple to a more
complex model, a neuron really can have every possible model instance within the frame of a
second order polynomial. Every neuron self-selects during modelling which inputs in which
combination are relevant according to the chosen task-related criterion. This neuron activity has
proven to be very effective for both avoiding inclusion of non-relevant variables and creating more
parsimonious and less complex network models.

7.2.2 Generation of alternate model variants
The second level of self-organisation employs a multilayered-iterational GMDH algorithm as
described in sections 3.2 and 4.2. There are two enhancements to the basic algorithm, however.
The first difference is that the neurons must not have two input variables due to their self-selecting
capability. Here, it is obvious now that this is a valuable feature since it allows a more flexible,
more independent model synthesis and estimation. With active neurons, for example, it is possible
equally to select models consisting of an odd number of variables or an odd number of polynomial
order.
The second difference of KnowledgeMiner’s GMDH algorithm is (optional) application of a socalled layer-break-through structure: all original input variables vi and all selected Fp best models of
all p preceding layers are used as inputs to create the model candidates of layer p+1. In the classical
algorithm, for comparison, the original input variables are used as inputs for the first layer only, the
F1 best models of the first layer are used as inputs to form the models of the second layer and so
forth (fig. 7.3.a). The enhanced version breaks with this fixed layer dependence structure, and it
allows considering any selected model candidate (or original input variable) as input information at
any layer of model creation (fig. 7.3.b). This processing requires more computer memory and more
computing time, of course, but it improves independence and flexibility of model synthesis gained
by active neurons, already, even more. This greater flexibility of model synthesis, however, also
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amplifies the danger that models are becoming increasingly collinear with growing number of
layers. To avoid evolution of collinear input variables generated during modelling, the information
matrix will be optimized after each new layer.
To get a well conditioned information matrix for any given data set, all used variables will be
normalised before modelling and denormalised after modelling internally if this option was chosen:
v˜ =

v − µv

, µ v − mean of variable v, σ v − standard deviation of v

σv

Although the complete modelling is done in the normalised data space, the modeller always will
work in the original data space, for modelling and application of models (e.g., prediction).
Considering the two levels of self-organisation, the GMDH implementation of KnowledgeMiner
represents a (multi-input/single-output) network of active neurons.
w2= - 2.39e-1v1 + 2.03e-1v3(t-1) - 3.63e+0

v1

w2
w3

v2

w3 = ...

z4

z4= 1.31e-1w2 + 1.13e+0w9 - 1.14e+0
y5

v3
z7

v4
v5

y*=f(v)

y 5= 7.11e-1z4 + 1.43e+0z7 - 5.14e-2

z 7 = ...

w9

w9= 1.09e-2v3 + 2.01e-4v32 + 1.47e+1

a. Classical layer structure of a final multilayered GMDH model using active neurons

w2= - 2.39e-1v1 + 2.03e-1v3 - 3.63e+0
v1
v2
v3
v4
v5

w2
w3
w=
w4
3

z4= 1.01e-1w2 + 2.73e+0v5 - 1.54e+0
...

z4

u 3 u 3= 4.45e-3z4z7 - 9.36e+1
y5

w4 = ...

z7

w9

y*=f(v)

y 5= 9.01e-1w4 + 1.23e+0u3 - 1.44e-3

z 7 = ...

w9= 1.09e-2v3 + 2.01e-4v32 + 1.47e+1

b. Final multilayered GMDH model that has employed both active neurons and
layer break-trough
active neurons
normalisation/ denormalisation of input/ output variables

Fig. 7.3: Classical GMDH network structure and layer break-through structure
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Since the main purpose of KnowledgeMiner is prediction, it has implemented a criterion of
selection that produce powerful predictive models. One most efficent solution here provides the
Prediction Error Sum of Squares criterion (PESS; section 4.4):
1 N
PESS =
3 (y t − f(x t , aˆ t )) 2
N t=1
It is an external criterion but does not require users to subdivide data explicitly since it employs
cross-validation techniques internally. Therefore, it is appropriated for under-determined modelling
tasks or for modelling of short data samples.
The PESS criterion virtually uses the complete data set for learning and validating a model. Virtually only, because it automatically excludes the t-th observation (t∈T) at a time t as a validation set.
Using a kind of sliding window of a length of one, each data point is cross-validated against the
other data points. The sum of all N validations provides a measure of how consistent a model is
when applied to new data. PESS is computed every time a new model candidate variant is
synthesised and it controls both self-organisation of active neurons and self-organisation of the
network model.
Since the selection characteristic of PESS is very smooth, a discriminating criterion, the
approximation error variance criterion (section 4.4), is used to make selecting several best model
candidates in each layer more certain. After preselecting F* best model candidates from the PESS
criterion value, F best candidates are selected finally from the preselected set according to the
approximation error variance criterion (F* > F).
A third criterion that is reported, but one that has no influence on selecting models, is the mean
absolute percentage error criterion (MAPE):
3 y i − yˆ i

MAPE =

i0 N

3 yi

i0 N

where y i , yˆ i are observed and estimated values of the output variable.
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7.2.4 Systems of equations
So far, GMDH was connected with modelling of time series or multi-input/single-output systems.
However, complex systems usually have several output variables. Mathematically, they can be
expressed by systems of algebraic or difference equations forming a static respectively dynamic
model of the multi-output system.
The goal of modelling systems of equations using GMDH is to self-organise a model for each
output variable and to identify the interdependence structure between the system variables including
separating variables into endogenous and exogenous variables according to their corresponding
model quality. For linear, time-invariant dynamic systems it is
L

L

x t = 3 Bx t − k + 3 C j u t − j + e t , t = 1 (1) T
k=1

j=0

After modelling a system of m equations, KnowledgeMiner selects a best autonomous system
consisting of m* equations (m* ≤ m) necessary to describe the system completely. Here, the
number m* of equations the best system consists of and its composition of variables is completely
detected by the algorithm using a system criterion. All variables of the identified best system can be
considered as endogenous variables of the system. All remaining variables which may be part of the
autonomous system are either exogenous or are identified as exogenous due to an insufficient data
basis. An example is presented in figure 7.4. Here, the autonomous system consists of the
variables x1 , .., x6 . The best system contains 3 variables formed by x1 , x2 and x4 as endogenous
variables. The remaining three variables can’t be identified clearly and are handled as if they would
be exogenous variables of the system.
This system of 6 output variables xj,t (j=1, 2, .., 6; t ∈ T) was created from 17 input variables (5
non lagged variables xi,t (i ≠ j) and 12 lagged variables xi,t-k (k=1, 2)) and is described by the
corresponding difference equations of figure 7.5.
SYSTEM OF EQUATIONS
created on Thursday, January 23, 1997 at 10:12 AM
Identified state variables of the system :
X1
X2
X4

-

COD conc.
Watertemp.
DO conc.

Not identified variables of the system :
X3
X5
X6

-

Transparency
Salt conc.
FilteredCOD

CHOSEN HEURISTICS:
Data Length: 40
Max. Lagged Time: 2
Model Type: System of Equations / exclusively linear / dynamic

Fig. 7.4: Created system of equations for a water pollution problem.
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x1,t = 0.6729 + 0.2819 x4,t -0.4059 x6,t-1 + 0.1189 x2,t -0.6601 x 3,t + 0.5339 x6,t
x2,t = 10.3684 + 1.3855 x2,t-1 + 0.3126 x4,t-2 -1.1419 x3,t-2 -0.2245 x5,t -0.6172 x2,t-2
x3,t = 1.0247 -0.0693 x4,t-2 -0.1174 x4,t + 0.0994 x5,t-1
x4,t = 12.9655 + 0.3754 x6,t -0.1181 x2,t-1 -0.1432 x2,t-2 -0.2124 x4,t-2
x5,t = 14.9117 + 0.6597 x4,t -0.2917 x4,t-1 + 0.2847 x5,t-1 -0.7420 x6,t + 0.1741 x2,t-2
x6,t = 2.0541 + 0.1799 x1,t-1 -0.0348 x2,t-2

Fig. 7.5: System of linear difference equations created by GMDH for the water pollution example

Additionally, the autonomous system is also described by a system graph qualitatively showing the
interdependence structure of the system (fig. 7.6). By clicking in a S-rectangle, the corresponding
model and its equation will be selected.

Fig. 7.6: System graph of the autonomous system showing its interdependence structure

When modelling linear, dynamic systems for prediction purposes, the system-of-equations-feature
of KnowledgeMiner allows to consider non lagged variables as input information also as shown in
the water pollution example above. This useful option is based on one condition: the requirement
that a mathematically conflict-free system must be created. Mathematically conflict-free here means
that the system contains no dependencies between the non lagged input variables. Graphically this
means that there is not any closed loop of interdependencies between non lagged variables. For
example, the system
x1,t = f1 (x3,t , x 2,t-1 , x 2,t-2 )
x2,t = f2 (x1,t , x 3,t-2 )
x3,t = f3 (x2,t , x 1,t-1 )
is not free of this conflicts because each variable xi,t is self-depending via the system structure at a
time t (fig. 7.7). Such conflicted systems cannot be used for prediction.
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x1,t
x2,t
x3,t
Fig. 7.7: Closed loop between non lagged variables reflecting self-references.

KnowledgeMiner avoids the genesis of conflicted systems automatically during modelling and
ensures predictability of the created system. For a system prediction, all included non lagged
variables are transformed internally so that all system variables can be predicted for long time
horizons simultaneously. When modelling static systems, the conflict detection feature is turned off
automatically and any interdependence structure is permissible.

Fig. 7.8: Threefold self-organisation generating a system of equations
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Summarizing, the implemented algorithms for creating systems of equations can be viewed as a
threefold self-organised process (fig. 7.8):
• evolution of an optimal elementary model (active neuron);
• generation of an optimal complex network model for every output variable;
• selection of an optimal autonomous system of equations out of the set of possible systems.

7.2.5 Example: Creating an input-output model
A short example of creating an input-output model shall illustrate the overall process more clearly.
Assuming we have a data set of a national economy and we want to use some variables of the data
set only to model a certain output variable. For this example, the dependent variable shall be
x1,t = yt - Real National Product.
As potential input variables shall be used:
x2,t - National Income,
x3,t - Personal Income,
their lagged samples
xi,t-k , i=2, 3; k=1, 2, 3, 4
and the variable x6 - Consumer Price Index with a time lag of 4 only
x6,t-4 .
The definition of this output and input variables will be done in the spreadsheet intuitively (fig.
7.9): By clicking with the mouse in the first row of column X1, first, the output variable is defined.
The header of the column changes from X1 to Y. Then, by selecting corresponding cells, the input
variables will be identified - columns are indicating variables and rows their time lag accordingly.
Irregular definitions will be detected and corrected later during modelling. In this way, any
combination of input and output variables can be chosen for a given table of data without the need
of reconstructing the table always manually. Construction of the information matrix is a task
KnowledgeMiner is responsible for, already.

Fig. 7.9: Input and output variables and their time lags can be defined free by selecting
corresponding cells in the spreadsheet
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Choose the menu item Create Input-Output Model... (fig. 7.10), and the dialog window in fig.
7.11 appears.

Fig. 7.10: The Modeling menu of KnowledgeMiner

At the left side of the window, the output variable and all selected input variables are listed and can
be reviewed. Then, it is necessary to define the data length one would like to use and the maximum
time lag for dynamic systems or just zero for static systems. When time lags were defined with
selecting variables in the table already (as shown in fig. 7.9 for this example), they don’t need to be
redefined in this window. Next, the general model type can be chosen: linear or nonlinear. When
nonlinear is selected, KnowledgeMiner not necessarily will create a nonlinear model due to active
neurons. If a detected optimal model would be linear, it would also be selected as the best model.
Finally, it must be decided whether a system of equations should be generated or not. A system of
equations would consist of all considered variables as output variables (here, x1,t, x2,t , x3,t and
x6,t ) and input variables accordingly (including lagged variables). When clicking on “Memory:” the
approximately required memory of the first four network layers will be listed for the chosen
settings. Click on the “Modeling” button and the modelling process will start.

Fig. 7.11: Dialog window for setting up the modelling process

Alternatively, an extended dialog window (fig.7.12) can be used when clicking on the More
Choices button.
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Fig. 7.12: Extended dialog window for setting up the modelling process

First, a third data subset, the examination set, can be defined if a greater length than zero will be
typed in. The examination set is employed for true out-of-sample model performance testing during
modelling on data not yet used for both learning and testing of created model candidates. The
performance measure is referenced then when selecting best model candidates within a layer as
another discriminating criterion. The examination data set will always be cut from the end of a data
set while reducing the available data sets for learning and testing models. Therefore, the
examination set length should be very small only.
Next, it is possible to set up a range of variables within which the chosen settings shall be applied
automatically. In our example, the choice “from X1 to X6” would generate input-output models for
the variables x1 , x2 , x3 and x 6 sequentially on corresponding sets of input and output variables. In
this case, the same effect would appear by simply checking the “all selected variables” control.
Usually, it should also be checked when creating systems of equations in a single modelling run.
The “Layer Break-Through on...” control defines the permissible grade of freedom for network
structure synthesis. If “no application” was chosen the network will evolve in the classical way
(fig. 7.3.a). Otherwise, either lagged and non lagged inputs or non lagged inputs only will be
served for all layers of network synthesis (fig. 7.3.b). Note that application of layer break-through
significantly increases memory requirements and computing time, but also may improve modelling
results dramatically. Therefore, it is the recommended option.
Finally, there are two slider controls influencing selection of best model candidates at different
levels. The left slider controls self-organisation of active neurons by defining a threshold value of a
performance gain a created model candidate must show after validation - compared with a
previously selected intermediate best model - to become the new best reference model for that
neuron. The greater this threshold value is the more restrictive active neuron self-organisation will
be, and its transfer function will be composed of the more significant input variables and terms.
Usually, thresholds between 1% (linear models) and 15% (nonlinear models) are good.
The right slider should be used to define an appropriate number of best models of a layer which will
survive as inputs for the following layer(s). This choice dramatically influences memory
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requirements, so appropriate number means to find a compromise between memory and computing
time and a comfortable freedom of choice. This is especially true when layer break through network
synthesis was chosen. Here, a small number of best models are good, already, since the best
models of all layers plus the initial input variables are used as inputs at any layer also.

Fig. 7.13: Model equation and report for the created model

Here again, self-organisation can be started by clicking on the window’s 'Modeling' button.
When the modelling process has finished itself, the created model(s) are visible graphically and
analytically (fig. 7.13). Along with the model equation(s) other important information is reported in
the same window. The model(s) are added to the model base, and they can be applied in a next step
for prediction immediately.
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7.3. Analog Complexing implementation
7.3.1 Features
KnowledgeMiner provides an Analog Complexing algorithm for prediction of most fuzzy time
processes like financial or other markets.
First, it is a multidimensional search engine for selecting most similar system states compared with
a most recent reference state. This means, searching for analogous patterns is usually not only
administered on a single time series (column), but on a specified, representative set of time series
simultaneously (fig. 7.14). When analysing markets, for example, Analog Complexing should be
applied on a set of variables representative for a specific market (the major players are a first choice
here) covering in this way the market behaviour rather than the behaviour of a single market player
only. Every pattern of a certain section of the process (length of the pattern) represents a
corresponding market situation. All market influences and all information that is stored in the data
as well as causal effects are reflected through patterns respectively models inherently.

Fig. 7.14: Reference pattern and similar pattern for a three-dimensional process

Since it is usually impossible to define an optimal pattern length a priori, KnowledgeMiner allows
searching for similar patterns of a continuously increasing pattern length within the same modelling
run. The minimum length is three and the maximal possible length is half the length of the given
data set minus one. Several similar patterns for each pattern length are selected based on a
corresponding similarity measure (section 5.2). This criterion considers pattern length as one of its
parameters, so that longer patterns are not automatically worse than shorter ones. This is
conditional when ranking similarity of patterns over different pattern lengths.
As an additional option for evolutionary processes, searching for similar patterns can be constrained
considering those patterns only, which show the same qualitative linear trend behaviour (rising/
Analog Complexing implemetation
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falling) as the reference pattern does. If the reference pattern has a falling trend component, for
example, any selected similar pattern will have a falling trend also, if this option was chosen. This
seems self-evident for evolutionary processes, but fuzzy objects are often contradictory themselves.
Almost equal information or events can cause contrary effects at different times. Therefore, it may
be necessary sometimes to reflect this contrary behaviour of fuzzy systems in models also.
A next step within Analog Complexing is generating a prediction from the selected similar patterns.
KnowledgeMiner provides two options. First, it is possible to use all selected similar patterns of
any pattern length to synthesise a most likely prediction using the weighted mean of the patterns’
continuations.
The other way is optimizing the prediction using GMDH. Here, a best ensemble of patterns is
generated from all preselected similar patterns, objectively, according to their similarity value. The
number of patterns the optimal synthesis consists of and its composition is completely decided by
the algorithm. The result is a collection of the very best analogous patterns of several pattern
lengths, which is used then to generate a prediction by the weighted mean of the patterns’
continuations. The entire procedure is integrated in the general Analog Complexing algorithm, and
it does not require additional efforts by the user. Since a combinatorial GMDH algorithm is
employed here, this option is available for 25 selected similar patterns, only, to keep the algorithm
fast and efficient.
Any similar pattern synthesising a most likely prediction creates its own, different prediction
resulting in uncertainty of prediction (section 6.4). This uncertainty expresses a most optimistic
prediction respectively a most pessimistic prediction as its extremes opens a prediction interval. All
three predictions, the most likely, the most optimistic and the most pessimistic, will be plotted in
KnowledgeMiner when generating an Analog Complexing based prediction. In this way, additional
information for decision making is provided. A special application of prediction uncertainty for
decision making is presented in section 7.5.2.

7.3.2 Example: Creating an Analog Complexing model
A stock index prediction example shall explain the application of Analog Complexing. Financial
markets are most fuzzy objects and need to be described adequately (section 6.2), so Analog
Complexing is a good choice for this task.
Here, the German stock index DAX shall be predicted and is considered as the target variable
yt = x1,t - DAX.
Since the US stock market, expressed by its stock index Dow Jones, and the DM/USD exchange
rate are relevant indicators for the German market, they are used simultaneously for finding similar
market situations:
x2,t - Dow Jones
x3,t - Dollar.
These variables will be selected in the spreadsheet again (fig. 7.15). First, the target variable is
defined when clicking the mouse in the variables’ first row. The other two variables are defined in
the same way while holding down the shift-key.
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Fig. 7.15: Selected variables for Analog Complexing

After choosing the menu item Analog Complexing... from the Modeling menu, the dialog window
in fig. 7.16 opens.

Fig. 7.16: Dialog window for setting up the Analog Complexing process

First, it is necessary to define the data length N. Then, it must be decided which pattern lengths k
the algorithm shall evaluate. The first value bounds the shortest pattern Pkmin , the second value the
longest pattern P kmax (k= kmin (1) kmax ). For each pattern length k the reference pattern PR(i) is
also specified correspondingly (i= N-k+1 (1) N) (section 5.2). The next data field implies how
many best patterns p of each pattern length k shall be selected as models for generating the
prediction. Together, m models will be chosen by the algorithm:
m = p * (kmax - kmin +1).
The forecast horizon is an integral part of the algorithm and must be specified here also.

Fig. 7.17: Interval of prediction of the DAX generated by Analog Complexing: most optimistic
(upper limit), most likely (red line) and most pessimistic (lower limit) predictions
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Finally, there are three options to check. The first suggests whether or not considering the patterns’
trend behaviour for identifying analogous patterns. The second option allows to model and to
predict all of the selected variables (fig. 7.15) with the same settings automatically when it is
checked. The third checkbox is responsible for pattern synthesis optimization for prediction. Note
that this option is limited to m ≤ 25.
When modelling has finished after a short time, the generated most likely prediction will be shown
graphically along with its uncertainty (fig. 7.17).
All finally used patterns, their similarity measures and other information about the modelling
process are available in the Model Equation window (fig. 7.18). Similarity is expressed in the range
[0, 1]: A zero suggests totally different patterns, and a one claims identity between the reference
pattern and the analogous pattern. Since the pattern synthesis optimization option was checked in
this example, a best collection of all preselected patterns was generated. The report shows that not
any pattern of a length of nine was included, and also that patterns of a length of 8, 10 and 11 are
inserted once only. It can be reviewed also that the first pattern of a length of 12 has a greater
similarity than some shorter patterns, for example.

For the chosen data basis the following best patterns were selected:
Row 261 To Row 265 (Pattern Length: 5) Similarity: 0.89936
Row 205 To Row 209 (Pattern Length: 5) Similarity: 0.88352
Row 56 To Row 61 (Pattern Length: 6) Similarity: 0.78022
Row 204 To Row 209 (Pattern Length: 6) Similarity: 0.75842
Row 49 To Row 55 (Pattern Length: 7) Similarity: 0.74543
Row 302 To Row 308 (Pattern Length: 7) Similarity: 0.73685
Row 269 To Row 276 (Pattern Length: 8) Similarity: 0.72362
Row 46 To Row 55 (Pattern Length: 10) Similarity: 0.70294
Row 45 To Row 55 (Pattern Length: 11) Similarity: 0.70079
Row 351 To Row 362 (Pattern Length: 12) Similarity: 0.75816
Row 350 To Row 361 (Pattern Length: 12) Similarity: 0.68897
Row 350 To Row 362 (Pattern Length: 13) Similarity: 0.71976
Row 349 To Row 361 (Pattern Length: 13) Similarity: 0.69683
Row 349 To Row 362 (Pattern Length: 14) Similarity: 0.69461
Row 183 To Row 196 (Pattern Length: 14) Similarity: 0.66748
Averaged Similarity Criterion: 0.74380
AIMVARIABLE:
X1 - DAX
ADDITIONALVARIABLESCONSIDERED:
X2 - DJ
X3 - DOLLAR
CHOSENPARAMETERS:
Data Length: 389
Number of Variables Considered: 3
Pattern Length: from 5 to 14
Selected Best Patterns For Each Pattern Length: 2

Fig. 7.18: Several information about the modelling process reported in the Model Equation window

Every selected pattern can be checked out in the spreadsheet also. Their corresponding cells are
displayed in a gray background color, where a darker gray informs the beginning of a pattern (fig.
7.19).

Fig. 7.19: Analogous patterns are displayed in a gray background color in the table (here: pattern
length of 5)
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7.4 Fuzzy Rule Induction implementation
The new aspect of fuzzy modelling is that it works on fuzzy sets or intervals of data instead of working on single numeric values. Zadeh has suggested the idea of fuzzy sets since he found that
modelling based on differential equations can have some disadvantages when modelling the
behavior of real-world systems. Fuzzy models can describe complex systems in a more natural
language using fuzzy predicates like large, hot, very slow or medium.
Fuzzy modelling in KnowledgeMiner is based on GMDH technology, and therefore, it works much
like creating a GMDH model. This means that KnowledgeMiner extracts fuzzy rules from data
autonomously. Due to similarity to our natural language, these models have a strong interpretational
power.
In KnowledgeMiner, a multi-input/ single-output model of a given set of linguistic variables basically has this form:
R i : IF premisei,1 OR premisei,2 OR ... OR premisei,k
THEN conclusion
with
premisei,j : NOT linguisticVar 1 AND NOT linguisticVar 2 ... AND NOT linguisticVar m
conclusion: y is B i
k > 0, m > 0
Self-organising fuzzy modelling is composed of three sub-tasks (fig. 7.20):
1. Fuzzification of the initial data set
2. Rule induction
3. Defuzzification of the output variable.
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Fig. 7.20: Working principle of Fuzzy Rule Induction
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7.4.1. Fuzzification
Fuzzification is the process of transforming a discrete or real-valued variable x into a number m of
variables x1 , x2 , ..., xm that are associated with linguistic labels. Imagine a series of temperature
measurements, for example, we can express these measurements qualitatively by some qualitative
linguistic terms like cold, medium or hot. Here, the number m of linguistic variables is three. Each
temperature measurement has a certain membership to one or even two linguistic variables. In a first
version these membership functions 0 ≤ µ p (x) ≤ 1 have a Lambda type form, and their parameters
are selected in such a way that the sum of membership functions is always equal to 1:
m

3 µ p (x) = 1 ,
p=1

where µ p (x)=0 indicates no membership and µp (x)=1 indicates full (exclusive) membership to the
linguistic variable xp (fig. 7.21).
1
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N_x (cold)

xn
ZO_x (medium)

xmax

0

P_x (hot)

Fig. 7.21: Equidistant fuzzification of variable x into m=3 linguistic variables xp (N_x, ZO_x, P_x)

Generation of linguistic variables is not yet part of the automated rule induction process, and therefore, has to be done manually in KnowledgeMiner's spreadsheet, e.g. If you have fuzzy or boolean
data, already, fuzzification can be skiped.
With fuzzification, the number of fuzzy intervals which the initial variable shall be transformed into
is of some relevance. In KnowledgeMiner, 2-5 linguistic variables are permissible. For the resulting
variables, these naming conventions are valid correspondingly:
NB_<VarName> (e.g., very cold water)
N_<VarName> (e.g., cold water)
ZO_<VarName> (e.g., pleasant water)
P_<VarName> (e.g., hot water)
PB_<VarName> (e.g., very hot water)
There are two options for equidistant fuzzy interval construction.
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The span based construction is build around the span of the initial variable x, i.e., maximum value
minus minimum value of the given data, for defining the equidistant intervals. Maximum and minimum values are assigned to µPB(xmax ) = 1 and µNB(xmin ) = 1 respectively.
The mean based equidistant fuzzy interval construction, in contrast, is centered around the mean value x- of the initial variable x, and assigns it to µZO(x-) = 1 (fig. 7.22).
Span based fuzzification
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Fig. 7.22: Span based and mean based fuzzy interval construction

7.4.2. Rule Induction
Commonly, rules are defined a priori in a rule base by an expert as collections of some expert
knowledge. In KnowledgeMiner's black box approach, the goal is to create relevant rules from input-output data of a system automatically based on GMDH technology. In result, these rules are
constructed by an a priori unknown composition of selected, relevant linguistic variables of an a
priori unknown structure of AND, OR and NOT operators. All generated rules are available
analytically and may look like this:
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IF NOT_N_Watertemp. & P_DO conc. & N_Transparency
OR NOT_N_DO conc. & P_Watertemp. & P_Filtered COD
OR NOT_N_Watertemp. & N_Transparency
& NOT_ZO_Transparency & P_DO conc.
THEN P_COD conc.

read:
IF Watertemp. is NOT low & DO conc. is high
& Transparency is low
OR DO conc. is NOT low & Watertemp. is high
& Filtered COD is high
OR Watertemp. is NOT low & Transparency is low
& Transparency is NOT medium & DO conc. is high
THEN COD conc. is high
As the main criterion for model selection, the absolute error (AE) is used here:
N

AE= 3 y t − y rt , y t − observed value; y rt − calculated value from rule.
t=1

The approximation error variance criterion (section 4.4) again is used to support model selection,
and the mean absolute percentage error (section 7.2.3) is provided as a third criterion.

7.4.3. Defuzzification
If the output variable is required to be available in the original data space, its defuzzification is necessary. KnowledgeMiner provides an option for defuzzification, where GMDH is used to transform the estimated vector of fuzzy outputs y(r), r=1, 2, ..., m, back into the initial interval of values.
y* = f(y(1) , y (2) , ..., y (m)) .
This transformation is done automatically, and the resulting defuzzification model is a fully featured
GMDH model that is stored and accessed via the model base. This also implies that up to three best
models are stored for the same target variable.
According to the set principle of modelling, there are always several models of a quasi same quality
for a given finite data set. This freedom of choice can result in alternate models that equally describe
the same defuzzification relation. For the Net Operating Result characteristics of a balance sheet
prediction problem, for example, these defuzzification models y*k are generated:
y*1=330.50 - 319.86y(1) - 158.95y(2) - 203.83y(4) + 506.37y(5) (Approximation Error Variance: 0.0000)
y*2=180.93 - 174.55y(1) + 148.36y(3) - 51.27y(4) + 654.41y(5) (Approximation Error Variance: 0.0001)
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NB_Net Operating Result
NS_Net Operating Result
ZO_Net Operating Result
PS_Net Operating Result
PB_Net Operating Result
Defuzzification model k of the Net Operating Result characteristics

To make defuzzification unique, KnowledgeMiner uses all generated defuzzification models of a
target variable (up to three) to calculate a single defuzzified output value:
y∗ =

1 k ∗
3 y ,1 # k # 3 .
k i=1 i

This special feature of KnowledgeMiner's defuzzification models is executed internally when using
a model for prediction.

7.4.4 Example: Creating a fuzzy model
Let's have a look at the COD concentration example. Here, we want to create a fuzzy model for
variable x1
x1,t = yt - COD conc.
Potential input variables are:
x2,t - Watertemp.
x3,t - Transparency
x4,t - DO conc.
x5,t - Salt conc.
x6,t - Filtered COD
First, these variables are needed to be transformed into some fuzzy sets. We will do this separately
for target variable x1 and input variables xm.
Target variable
We identify variable x1 as that variable that is to be fuzzified (source column) by clicking into the
first row of column X1. By holding down the command-( ) key and clicking with the mouse into
the first row of column X8 (or any other empty column), the target columns for the linguistic variables are specified (fig. 7.23).

Fig. 7.23: Specification of source column (X1) and target column (X8)

The "Fuzzification..." menu item from the "Functions" sub menu (fig. 7.1) opens the Fuzzification
dialog window (fig. 7.24).
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Fig. 7.24: Dialog window to setup fuzzification/ defuzzification

The first control defines how many linguistic variables the crisp variable shall be transformed into.
In KnowledgeMiner, 2-5 linguistic variables can be generated. In this example, we use the default
value of 3 variables. The "mean based" and "span based" radio buttons are defining what kind of
fuzzification shall be applied (see section 7.4.1). Via the "apply differences" checkbox it is possible
to specify whether the given values of the crisp variable x are used for fuzzification or their row
based differences Δxt = xt+1 - xt . Here, we will consider the initial values of x1 . As we are now
fuzzifying the output variable and as we would like to see the results in the original data space, we
have to check the "create defuzzification model" checkbox to let KnowledgeMiner create this model
automatically. This model is responsible for transforming the linguistic variables (which we are up
to generate now) back into crisp values (section 7.4.3). Click the "OK" button and the fuzzification
process starts.
Input variables
Clicking into the first row of column X2 and, while the command-key is pressed, into the first row
of columns X3 to X6, these variables are selected as source columns now. By commandkey/mouse click into an empty column (X11, e.g.), the first target column for the resulting linguistic variables is defined (fig. 7.25).

Fig. 7.25: Selection of input variables X2 to X6 (source columns) and first target column (X11) for
fuzzification

Choosing the "Fuzzification... Again" menu item from the "Table" menu, the dialog window opens
(fig. 7.24). Here, we use the same settings as we did for the target variable with the exception that
no defuzzification models are required now.
As the data basis for fuzzy modelling is prepared now, rule induction can begin. Since KnowledgeMiner's Fuzzy Rule Induction is based on the GMDH framework, setting up a fuzzy model works
much like setting up a GMDH model. A difference is that for each linguistic variable of the output
variable (N_COD conc., ZO_COD conc., P_COD conc. in this example) a separate model must be
created.
Starting with N_COD conc. as the target varaible y, output and potential input variables (X11 [
N_Watertemp.] to X25 [P_Filtered COD]) have to be selected in the spreadsheet in the known way
(fig. 7.26, see also section 7.2.5).
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Fig. 7.26: Selection of output variable X8 and potential input variables X11 to X25

Choosing "Create Fuzzy Model..." from the "Modeling" menu opens the fuzzy modelling dialog
window (fig. 7.27).

Fig. 7.27: Fuzzy Modelling dialog window

Much of this window looks and works like setting up a GMDH input-output model as described in
section 7.2.5 (fig. 7.12). For active neuron generation there is a new option for whether or not the
NOT operator shall be considered for model construction. With this settings, fuzzy modelling can
be started by activating the "Modeling" button.
When the process has finished both a graph and a corresponding report including the generated rule
are available (fig. 7.28).
For the chosen data basis the following best fuzzy rule was generated:
IF N_Watertemp. & P_Salt conc. OR P_Salt conc. & N_Filtered COD
OR NOT_N_Watertemp. & P_Transparency & NOT_P_Filtered COD
& ZO_Salt conc. OR NOT_ZO_Salt conc. & NOT_N_Transparency
& ZO_Salt conc. & P_Salt conc.
THEN N_COD conc.
Summarized Absolute Error:
Mean Absolute Percentage Error:
Approximation Error Variance:

5.44
13.59 %
0.6528

OUTPUT VARIABLE:
X8 - N_COD conc.
RELEVANT INPUT VARIABLES:
X11 - N_Watertemp.
X22 - P_Salt conc.
X23 - N_Filtered COD
X11 - NOT_N_Watertemp.
X16 - P_Transparency
X25 - NOT_P_Filtered COD
X21 - ZO_Salt conc.
X21 - NOT_ZO_Salt conc.
X14 - NOT_N_Transparency
CHOSEN HEURISTICS:
Data Length: 40
Number of Input Variables: 15
Max. Lagged Time: 0
Model Type: fuzzy input-output-model / static
Number Of Chosen Best Models: 23
Application Of Layer Break-Through: on non lagged variables
Active Neurons Using NOT Operator: Yes

Fig. 7.28: Generated report for the N_COD conc. variable
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7.5 Using models
7.5.1 The model base - representation and prediction of models
One important aspect of a self-organising data mining is generating several models from a given
data set using different modelling methods to reflect an objects’ behavior more thorough (section
6.4). Any model can use different parts of the data set: Different variables (columns) and different
data lengths (rows). This implies both collecting several models based on the same physical data set
and their specific, instantiated relationship to the given data.
KnowledgeMiner provides a model base for this purpose. It is virtually unlimited and any created
model is stored in the model base. Every variable (column) can have five distinctive models stored
in the model base: An auto-regressive GMDH model (a “-AR” is added to the variables’ name for
model representation), an input-output GMDH model (no suffix), an Analog Complexing model
(suffix “-AC”), a fuzzy model (suffix “-F”), and a system model that belongs to a system of
equations (suffix “-S” or “-SF” for a system of fuzzy rules). Another special kind of model is a
defuzzification model. This type of model is expressed by the prefix “Defuzzification for:” added to
the variable's name (fig. 7.29).

Fig. 7.29: The Models menu fills all models of a document’s data base

All models can be accessed via the Models menu, but only one model at a time is the active model
shown by a menu check mark (X1 in fig. 7.29). Alternatively, the model base can be scanned by
using the forward/backward arrow buttons in the palette (fig. 7.30). All models have the same
representation: Graphically in the Graph window displaying actual vs. predicted graphs (exceptionally AC models) and analytically in the Model Equation window. For GMDH and FRI models it is
also possible to put the models’ estimated values into the spreadsheet for further evaluation.
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Fig. 7.30: Controls of the Palette window

An important feature of the model base is that models are applicable for prediction within the
program immediately. There are two kinds of predictions for GMDH models: What-if and statusquo predictions. A status-quo prediction expresses an object’s future behavior at unchanged
environmental conditions. It needs an autonomously working model or a set of models for this
intention. Therefore, status-quo predictions can only be generated on auto-regressive (time series)
models or systems of equations. An input-output model cannot create a status-quo prediction due to
its dependence from other variables’ future development. Analog Complexing based predictions are
generated from the given data set autonomously also, and they can be considered as a superposition
of several status-quo predictions too.
A what-if prediction predicts an object’s behavior on given, already known or assumed future
developments of the model’s input variables. In this way changing environmental conditions can be
grasped evaluating different scenarios for the input variables. The necessary input information can
be gained by means of prediction (employing other models), simulation, expectation/speculation or
otherwise. Here the problem is, however, that complex systems have a complex interdependence
structure so that results of what-if predictions probably affect back to the models’ input variables
directly or indirectly. To cover the complex behavior of a system completely along with changing
environmental influences, it seems most promising to merge a self-organising data mining (systems
of equations, AC models, fuzzy models or time series models) and a reliable system’s simulation
interactively (see also section 6.3).
Any active model unlocks its corresponding prediction methods and locks the other. For a time
series model, for instance, the Predict Time Series... and the What-If Prediction... menu items are
available, while for an AC model the Predict AC Model... menu item is the only permissible
prediction method. When clicking the prediction button in the palette window, the model’s
corresponding (what-if or AC based) prediction method is started automatically. The same is true
when browsing the model base using the forward/backward arrow buttons. Here, the new model
will be selected, the correct prediction method will be activated and a prediction will be generated
and displayed for the new model autonomously when a prediction for the active model was initiated
just before that operation. In this way, the predictive power of any model in the model base can be
valuated by a single mouse click. This kind of batch processing can be cleared clicking on the “Clr”
button in the palette.
Example: Predicting the Real National Product using an input-output model
Using a generated model, a prediction can be calculated using new data. When clicking at the prediction button in
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the palette window (fig. 7.30) the dialog window of fig. 7.31 opens. Note that the what-if prediction dialog was
opened for this single input-output model.

Fig. 7.31: What-if prediction dialog window
After specifying the forecast horizon, there are two options to choose. If there are true values of the output variable
for the forecast horizon available for comparison actual vs. predicted, it can be set with the first control (for more
info here, please check the tutorial coming with the software). The second check box asks if the predicted data
should be added to the spreadsheet as continuations of the observed data automatically. When the Prediction button
was pressed, the generated prediction will be shown in the graph window (fig. 7.32).

Fig. 7.32: Graph actual vs. predicted for the Real National Product

7.5.2 Special module: Finance
KnowledgeMiner provides a small module for supporting financial trading decisions. Its intention
is integrating self-organising data mining into financial decision making by applying the idea of
predictive control based on the example described in section 2.3.2. In result, a self-adjusting, predictive, and rather fuzzy trading indicator is obtained.
An analysis of financial markets (section 2.3.2) points out that
a. financial markets are integrated. An intermarket financial analysis needs adequate tools for
modelling of complex systems.
b. financial markets are fuzzy processes that are not susceptible to a purely quantitative analysis.
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According to Zadeh's principle of incompatibility, as the complexity of a system increases, our
ability to make significant statements about the system's behaviour diminishes so that, finally,
precision and significance are becoming almost mutually exclusive characteristics. The closer
one look at a real-world problem the fuzzier becomes its solution (see also section 1.3).
c. financial systems are nonlinear and instationary.
Starting from these facts, two sorts of models are closely integrated.
Predictive Model
Applying the ideas of section 6.2 (fig. 6.2), there is to find an algorithm that satisfies the above
requirements and that also fits the task of prediction. When using daily price data, the first choice
are nonparametric modelling methods, and here Analog Complexing especially (section 5.2),
because
• it covers market behavior by searching for similar market situations on a set of representative
market player’s data. Analog Complexing uses exclusively the observed data to predict actual
market developments capturing in this way any market influences stored in a pattern’s price
data respectively a pattern’s continuation.
• financial markets, on a daily price basis, are the most fuzzy and noisy processes and require
adequate models. Analog Complexing forms models from the data itself ensuring equal
fuzziness of object and model.
• nonlinearity and dynamics of the process is described by the method inherently due to its selfreferencing modelling approach. Instationarity can be explained by repeating modelling daily
on updated data accomplishing moving modelling. A synthesis of several models indicating
different market situations and different predictions is integrated in the algorithm. A result is
that a measure of prediction uncertainty is available.
• finally, Analog Complexing is a very fast working modelling method and can be applied at
many assets likewise.
The asset's recent volatility is used by KnowledgeMiner to automatically determine the forecast
horizon of the predictive model following the rule "the more volatile the asset, the shorter the forecast horizon". Common values are between 1 and 5 days.
Decision Model
Driven by Zadeh's principle of incompatibility and based on the Moving Average Convergence
Divergence (MACD) principle (2.3.2), we have modified this indicator for KnowledgeMiner in two
directions:
1. One important disadvantage of the MACD is that only historical data are used to describe trend
developments of financial processes by some smoothing. Thus, the resulting trading signal
will probably lag advantageous trading points in time. Financial trading has a forward looking
nature. An exclusive retrospective reflection of the market is not sufficient, obviously, for
decision making. Any time lag of the decision model forced by averaging or smoothing has to
be compensated (ideally) or minimized (practically) by a predictive approach. A predictive
model generates prediction uncertainty. A forward looking decision model should reflect this
uncertainty as well.
2. The difference of the MACD and the Signal line is a line (let's call it the indicator line) that ocillates around zero. Concluding from the MACD principle described in section 2.3.2, the comUsing models
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mon decision rule of the MACD indicator is that each time the indicator line crosses the zero
line, a corresponding trading signal is suggested (positive indicator: buy; negative indicator:
sell). When applying the MACD to a series of random numbers as a reference model, many
buy/sell trades are generated by the indicator while a correct model should suggest no trades at
all. Increasing the averages for MACD calculation will not really help, it will decrease the
absolute of the indicator's amplitude only. We concluded that, for a given set of averages,
there is a fuzzy, time variant interval of uncertainty (-ε, ε), |ε| > 0, between which only random changes of the examined time series will be reflected. The uncertainty ε can be estimated
by GMDH, for example, using the reference model and the asset's volatility, a common characteristics of financial time series. Implementing an uncertainty estimation model into the
MACD indicator, a kind of fuzzy decision model is obtained. A signal is generated when the
asset's actual price changes is expected not to fit into the asset's recent trend pattern, that is,
when the indicator line is close or above (below) the uncertainty interval's border. This interval
is computed daily reflecting the rule "the more volatile the asset, the larger decision uncertainty" and must be considered fuzzy (fig. 7.34/ 7.35).
Indicator Calculation
The modified MACD indicator can be applied in two ways:
a. using the data stored in the spreadsheet and
b. predictive model based indicator calculation.

a. Spreadsheet based calculation
Here, data stored in the spreadsheet are used to calculate the indicator. These data can be an asset's
historical price data, but also future expectations or assumptions of its development. Selecting the
"Spreadsheet Based Calculation" mode and choosing "Generate Self-Adjusting Trading Indicator"
from the Finance menu (fig.7.33), the indicator will be calculated and graphically shown beginning
from the selected row of the column (fig. 7.34a). The advantage of this option is that it allows
what-if type scenarios by considering assumed future values or known future events and their
expected impact on the equity’s price while getting different idicator results and signals.

Fig. 7.33: The Finance menu of KnowledgeMiner

a. Spreadsheet based calculation: The graph will be displayed from the selected row (02/10/98 to 02/13/98)
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The indicator's actual
uncertainty based on
the equity's volatility.

b. Corresponding indicator line (green) displayed for the chosen past period (02/02/98 - 02/10/98) and the forecasted
period (02/11/98 - 02/17/98) (the one day shift is due to exponential smoothing of the indicator)

Fig. 7.34: MACD indicator calculated on historical price data and expected data stored in the
spreadsheet

b. Predictive model based indicator calculation
When this option is selected (fig. 7.33, default setting), an AC model of the examined asset is used
internally to generate a predictive indicator. If the document contains no AC model of that asset, this
model will be generated by KnowledgeMiner automatically. In contrast to a., here the uncertainty
of the asset's prediction (fig. 7.17) is transformed into indicator prediction uncertainty correspondingly. Figure 7.35 shows the equity curve with its predictions, the predicted indicator along with
its most optimistic, most likely and most pessimistic future reactions, and the decision model's
actual uncertainty. This graph can be obtained easily by choosing "Generate Self-Adjusting Trading
Indicator" from the Finance menu on a daily basis (when using daily close prices).
PRED IC TION
Indicator calculated on
optimistic predictions.
It generates a buy signal
The indicator's actual
uncertainty based on
the equity's volatility.

Indicator calculated on
pessimistic predictions.

Fig. 7.35: Predictive model based indicator: Uncertainty of signals based on vagueness of prediction
and the equity's recent volatility

Since this module will evolve fast, the following Internet address can be referenced for updated
information:
http://www.knowledgeminer.net
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In this chapter, we present several sample applications and results which are obtained using the
accompanied software KnowledgeMiner. The goal is to give the reader an initial impression on how
employing self-organising data mining with KnowledgeMiner for different prediction and
classification problems. Most of the referenced examples are included in the disk as executable
documents. All provided results were attained on 100 MHz and 160 MHz Apple PowerMacintosh
computers.

8.1 ... From Economics
8.1.1 National Economy
Data Source:
Annual Statistical Yearbook of the Federal Republic of Germany
Problem
One important task given to economic sciences is to improve the quality of planning and
management on all national economic levels. In economic research and elaboration of plans and
strategies the analysis of economic systems, that is, making studies on the level of developments
achieved so far and on existing deviations from a plan decided before, and the prediction of
economic indices, that is, the determination of potential development possibilities of the economy
under study, are gaining importance. The purpose of such studies is to create preconditions
appropriated for expected future developments, and to find the laws and factors of influence
causing these developments. This example shows the status quo prediction of 13 important
characteristics of the German national economy 2 years ahead.
Information Used
Given are 28 yearly observations (1960 - 1987) of 13 variables (fig. 8.1 shows some of these
variables):
x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 -

Gross Domestic Product
Inhabitants
Gross Wages per Employee
Unemployed Persons
Employment Vacancies
Employed Persons
Savings
Cash Circulation
Personal Consumption
State Consumption
Investments
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x12 - Exports - Imports
x13 - Credits
This data set was used as is without additional data preprocessing. The variables are not separated
into endogenous or exogenous a priori, although x12 clearly expresses the influence of other
national economies.

INDEX [1960=100]

1500

1000

500

1960
1961
1962
1963
1964
1965
1966
1967
1968
1969
1970
1971
1972
1973
1974
1975
1976
1977
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987

0

Gross Domestic Product

Investments

Unemployed Persons

Exports/Imports

Fig. 8.1: Indexed time series graphs for x1 , x4 , x11 , x12

Solution
a) GMDH
Given the task of macroeconomic modelling, dynamic models are necessary. For this purpose
and since noise dispersion of most variables is small, GMDH and Fuzzy Rule Induction can be
used here. For GMDH, linear models are recommended, because they are more appropriated for
control and prediction, commonly. If these models do not predict well, nonlinear models can be
created for selected variables. Auto-regressive models can be applied also if the information base
is found insufficient for input-output models.
For setting up modelling, the only parameters required here were the data length (28
observations), the maximum dynamics (4 years) and the model type (linear system of equations).
Other parameters such as when the process has to stop, penalty terms, learning rates or topology
settings are not necessary.
Using this data set (13 columns, 28 rows) and the chosen system dynamic of up to 4 years, the
information matrix for modelling is constructed automatically by the software in the background.
It consists of 64 columns (12 non lagged variables and 52 lagged variables) and 24 rows and
contains normalized values already. This means, for instance, that for x1 a model will be created
out of this information:
x1,t = f(x2,t , x 3,t , ... , x 13,t , x 1,t-1 , x 2,t-1 , ... , x 13,t-1 , x 1,t-2 , ... , x 13,t-4 ).
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Here, a linear, dynamic system of equations with 64 input variables and 13 output variables was
created autonomously by GMDH:
4

x t = Ax t + 3 B j x t − j , x t = (x 1 ,t , x 2 ,t , ..., x 13 ,t )
j=1

The obtained system model was used then for predicting all output variables ex ante 2 years ahead
in a single step.

b) Fuzzy Rule Induction
Here, the data need fuzzification first. We have used five fuzzy predicates:
negative big (NB_)
negative small (NS_)
zero (ZO_)
positive small (PS_)
positive big (PB_)
The data of the input vector x = (x1 , x2 , ..., xp ), (p=13), was transformed into corresponding
fuzzy vectors xjp = (x 1p , x2p , ..., x5p ) with xjp = µ Aj (xp ). The fuzzy membership functions µAj (xp )
we used are of Lambda type. The mean based fuzzification (section 7.4.1) results in a data set of
65 linguistic variables.
Again we decided to create a dynamic system of fuzzy rules with a dynamics of up to four years
using the transformed data set of 65 fuzzy variables. In other words, the task was to create 65
rules from a information matrix of 256 linguistic input variables, and each rule would be
composed of several a priori unknown linguistic variables connected by AND/OR/NOT
operators.
After predicting the system of fuzzy rules two years ahead, we obtained predictions for the initial
13 system variables using the corresponding defuzzification models. To get these models, we
simply applied GMDH for finding a transformation:
x i,t = f(x 1i,t , x 2i,t , ..., x 5i,t ), i = (1, 2, ..., 13)

Results
a) GMDH
After a single modelling run that take about three hours for all 13 variables, the system of
equations was generated. For each output variable an analytical model equation is available that
was transformed back by the algorithm into the original data space. Figure 8.2 displays the
structure of the generated system model generated by KnowledgeMiner automatically.
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SYSTEM GRAPH
OF THE AUTONOMOUS SYSTEM OF EQUATIONS
SELF-ORGANIZED BY GMDH
x 11,t
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Fig. 8.2: System graph of the generated macroeconomic system of equations
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For example, the equations generated for the gross domestic product and for the unemployed
persons are:
x1,t = 0.683 + 0.146 x11,t + 0.032 x5,t-4 + 0.04 x5,t + 0.293 x7,t-3 +
+ 0.028 x4,t-4 + 0.006 x3,t + 0.396 x13,t-4
x4,t = 0.867 - 1.645 x12,t-4 - 0.231 x5,t + 2.579 x13,t-3 - 0.294 x13,t-1 + 5.006 x10,t-1 - 2.142 x7,t-2 - 0.697 x13,t - 4.234 x11,t + 1.541 x1,t - 0.342 x4,t-4

It is evident that only a subset of most relevant variables are included in the models making them
parsimonious and robust. Table 8.1 shows the prediction errors when predicting the system two
years ahead.
YEAR

x1

x2

x3

x4

x5

x6

x7

1988

0,05

0,09

0,25

3,65

56,46

0,08

3,10

1989

0,94

0,19

0,17

9,77

70,73

0,26

11,80

MEAN

0,50

0,14

0,21

6,71

63,59

0,17

7,45

YEAR

x8

x9

x10

x11

x12

x13

MEAN1-13

1988
1989

5,95
9,97

2,35
3,88

0,43
3,54

1,61
1,19

1,01
15,66

2,65
0,23

5,98
9,87

MEAN

7,96

3,12

1,99

1,40

8,34

1,44

7,92

Table 8.1: Absolute percentage prediction errors [%] when applying the generated GMDH system
model

b) Fuzzy Rule Induction
Although the dimension of the modelling task was much larger here, the duration for creating the
system of fuzzy rules was about three hours too. This is, because there are no parameters to
estimate and the structure of the transfer functions are faster to optimize. For the gross domestic
product and employed persons the following rules were synthesized:
IF PB_EmpPers t-3 & NS_Investt-4
THEN NS_GrossDom t
IF PB_EmpPers t-3 & PS_Wag/Emp t-4 OR PS_GrossDomt-2 & PB_EmpPerst-3 OR
PB_Inhabt-1 & ZO_Investt-1 & ZO_StConst-3 & ZO_Investt-4
THEN ZO_GrossDom t

IF NB_Unempt-3 OR ZO_Savingst-2 & ZO_Savings t-1 & ZO_Ex/Imt-2 OR
ZO_Unempt-3 & ZO_Creditst-1 & PB_Inhabt-2 & PS_Invest t-4
THEN PS_GrossDomt
IF NS_Savingst-1 OR PS_Investt-3 & ZO_Savings t-4 OR ZO_Savingst-1 &
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PB_Inhabt-2 OR PB_Inhab t-2 & ZO_EmpVact-4
THEN NB_EmpPerst
IF PB_Creditst-4 OR PS_Ex/Imt-3 & PS_Savingst-4 OR PS_Creditst-2 &
PB_GrossDomt-1 & PS_Invest t-4
THEN ZO_EmpPers t
IF NS_EmpPerst-4 & PS_Invest t-2 & NS_Inhabt-3 OR ZO_EmpVact-1 &
PB_StCons t-2 & NS_Inhabt-2 & PB_CashCirct-3 & PS_Invest t-2
THEN PB_EmpPers t

YEAR

x1

x2

x3

x4

x5

x6

x7

1988

0,77

0,63

0,66

5,73

57,31

0,04

1,51

1989

2,01

1,43

1,59

1,78

54,06

0,37

9,24

MEAN

1,39

1,03

1,12

3,76

55,68

0,20

5,38

YEAR

x8

x9

x10

x11

x12

x13

MEAN1-13

1988
1989

5,59
10,57

2,52
4,12

1,04
4,64

2,70
7,05

8,56
4,99

3,74
4,38

6,98
8,17

MEAN

8,08

3,32

2,84

4,87

6,78

4,06

7,58

Table 8.2: Absolute percentage prediction errors [%] when applying the system of fuzzy rules

YEAR

x1

x2

x3

x4

x5

x6

x7

1988

0,41

0,09

0,09

2,58

26,37

0,06

2,29

1989

1,20

0,40

0,12

12,07

23,96

0,31

10,50

MEAN

0,81

0,25

0,11

7,32

25,16

0,19

6,40

YEAR

x8

x9

x10

x11

x12

x13

MEAN1-13

1988
1989

5,68
9,64

2,43
4,02

0,74
3,96

0,52
4,89

3,10
6,80

2,59
3,22

3,61
6,24

MEAN

7,66

3,23

2,35

2,71

4,95

2,91

4,93

Table 8.3: Absolute percentage prediction errors [%] of synthesized predictions from both methods

For comparision, table 8.2 lists the prediction results for the fuzzy system model and table 8.3
shows the effect of synthesising predictions from both methods.
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Summary
In this example, self-organising data mining was used for macroeconomical modelling and status
quo prediction. The obtained results show that GMDH and FRI can extract, generally, some useful
knowledge for both analysis and prediction of national economies. Results depend on used
information. Here, only a subset of relevant macroeconomical characteristics were used. Also,
some variables are widely influenced by governmental decisions, which hardly can be predicted:
Employment vacancies (x5 ) is an example here. An auto-regressive model with a lag of 10 has
predicted this variable with 25% and 1% (mean: 13%) error indicating that x5 cannot be described
correctly by the given information basis. Analog Complexing was not applied for this example
since it requires longer data sets (>30 observations) and since it does not generate models based on
input-output relations for analysis.

8.1.2 Stock Prediction
Data Source
The NASDAQ Stock Market, Inc.
Problem
Trading currencies, international stocks and derivative contracts play an increasing role for many
investors. Decision making in this field of financing requires tools, which are able to generate a
trading signal on the basis of predictions. Financial objects are complex ill-defined systems which
can be characterized by
• inadequate a priori information
• great number of unmeasurable variables
• noisy and extremely short data samples
• ill-defined objects with fuzzy characteristics.
For these objects is only minimal a priori knowledge or no definite theory on hand. In these cases,
knowledge extraction from data, i.e. deriving a model from experimental measurements, has
advantages over traditional deductive logical-mathematical methods. Therefore, knowledge-based
activities in modelling of such objects must be supported by methods of self-organising modelling.
In finance, the technical analysis is more of importance from a tactical viewpoint while fundamental
analysis is rather significant for a longer-term trading strategy. In this example, we focus on rather
short- to medium-term trading intentions for making the resulting controlled equity curve less
volatile as compared to a buy and hold strategy. The goal ideally here is to get out of the market
before an asset’s price significantly drops and to go into the market before it significantly rises. So
the task of a trading system is to extract information from available sources for indicating these
situations. It is evident that this information must have a strong predictive character, but also that
there is to find an answer to what a significant drop or rise of prices would be. Therefore, a trading
system has to solve two different problems: firstly, to predict an asset’s future prices as accurate
and fast as possible and secondly, to decide, also based on the generated predictive information,
whether or not a significant price change or trend reverse can be expected. This requires both a
prediction and a decision model.
Of course, this relates to the Efficient Markets Hypothesis (EMH) discussion that states that the
price of an asset fully reflects the available information related to that asset suggesting that investors
are making efficient use of all information that is available at a time. If this hypothesis is true, it
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should not be possible to take any advantage from market movements systematically. We don’t
want to vote pro or con this hypothesis here. In this example, we have simulated a predictive
controlled trading system over a longer test period under almost real-world conditions (at least the
predictive part of the system) not considering transaction costs , however. The obtained results may
or may not contribute to the above discussion.
Information Used
For the period April 22, 1996 to April 17, 1998 are given daily close prices of several stocks and
their daily share volumes: Intel Corporation (INTC), Novell, Inc. (NOVL), Sun Microsystems
(SUNW) and Apple Computer, Inc. (AAPL). These raw data were used without preprocessing for
modelling and prediction of the corresponding stock prices five days ahead at each day, and for
generation of trading signals.
Solution
Financial markets are the most fuzzy, time variant processes as characterized in [Kingdon, 97] as
following:
“Firstly, any system (automated or otherwise) that attempts to forecast financial time series faces a significant
technical challenge. Market trading, even in its most analytic forms, has been traditionally regarded as relying on
intuitive and complex reasoning on the part of the human trader. ... The trader interprets and deciphers many factors
surrounding the market of interest. The factors can be wide ranging and can vary over time. This kind of changing
‘structural’ relationship has been interpreted as implying that the form of decision process required by market
trading is not open to precise calculation, and therefore not open to mechanisation. Moreover, traditional economic
theory has held that it is impossible to devise mechanised methods for predicting market movements at all. ...”

From this and the EMH’s perspective, Analog Complexing seems the most appropriated method
here. In fact, it seems to support the EMH since it does not create ‘new’ information - rules or
relationships (fuzzy or otherwise) - but compares historical ‘market situations’ with the most recent
ones and formulates a prediction from the most similar patterns. In this way, any information,
event, market tuning or ‘structural’ changes that caused a specific price in history are captured
implicitely by Analog Complexing. Therefore, we favour this method for financial forecasting.
To simulate the trading system, the following daily procedure was applied installing both a selforganising data mining and a moving modelling that captures updated information on a day-by-day
basis. In this way a predictive controlled trading system was set up as described in section 2.3.2:
I. Data Base
i. Updating the data base with the equity's actual close price and share volume
II. Modelling/Prediction using KnowledgeMiner's Analog Complexing Method
i. Searching for several most similar market patterns on the updated data base
ii. Generating several 5-day out-of-sample predictions and combining them to
a most likely prediction
III.Applying Predictions to the MACD Indicator as a Decision Model using KnowledgeMiner’s
finance module
i. Calculating the indicator on historical and predicted price data
ii. Generating a signal on the predicted indicator
IV. Decision
i. Simulate trading if a buy/sell signal was suggested using the next day's close price
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This procedure was applied to all four stocks separately using the stock’s close price along with its
share volume as input information. By searching for similar patterns on these two dimensions,
inherent and changing patterns of these two variables were considered implicitely. Beginning from
July 1, 1996, the above procedure was simulated for performance tests.
Results
For each day of the tested period a five-day out-of-sample prediction was generated along with
information on the most similar historical patterns. Fig. 8.3 and fig. 8.4. shows this for April 22,
1998, exemplarily, a few days after Apple Computer, Inc. has published its second quater results
of its 1998 fiscal year.

Fig. 8.3: Five-day out-of-sample prediction (bold) using Analog Complexing compared with the true
close prices

For the chosen data basis the following best patterns were selected:
From
From
From
From
From
From
From
From
From
From
From
From
From

12/31/97
12/30/97
01/10/97
12/29/97
01/26/98
12/26/97
01/23/98
12/24/97
01/22/98
12/23/97
01/21/98
12/22/97
01/20/98

To
To
To
To
To
To
To
To
To
To
To
To
To

01/12/98
01/12/98
01/22/97
01/12/98
02/06/98
01/12/98
02/06/98
01/12/98
02/06/98
01/12/98
02/06/98
01/12/98
02/06/98

(Pattern Length: 8) Similarity: 0.79916
(Pattern Length: 9) Similarity: 0.84729
(Pattern Length: 9) Similarity: 0.79177
(Pattern Length: 10) Similarity: 0.85671
(Pattern Length: 10) Similarity: 0.82641
(Pattern Length: 11) Similarity: 0.84005
(Pattern Length: 11) Similarity: 0.83352
(Pattern Length: 12) Similarity: 0.82339
(Pattern Length: 12) Similarity: 0.81234
(Pattern Length: 13) Similarity: 0.81517
(Pattern Length: 13) Similarity: 0.81112
(Pattern Length: 14) Similarity: 0.78896
(Pattern Length: 14) Similarity: 0.78123

Averaged Similarity Criterion: 0.81747

Fig. 8.4: Referenced similar patterns used for prediction

Interestingly, Analog Complexing has selected periods in the middle of January 1997 and 1998 as
most similar situations. At these times, Apple Computer published its first quater results of the
corresponding fiscal year. Obviously, all three announcments have caused similar moderate
reactions so that it can be expected that these similarities will continue to exist, which formulates the
prediction.
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Fig. 8.5: Prediction error MAD [%] of daily five-day out-of-sample predictions for INTC

PROFIT/LOSS (cum.)

Controlled Equity Curve

INTC CLOSE

Fig. 8.6: Performance results of the MACD controlled Intel stock relative to buy & hold

Measured over the entire test period, Analog Complexing generated predictions of about 95%-98%
accuracy in average as shown in fig. 8.5 for Intel Corporation.
When using a traditionally computed MACD indicator as a decision model, for example, the
following performance results were obtained compared with a buy-and-hold strategy (fig. 8.6-8.9).
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The corresponding statistics are listed in table 8.4 - 8.7. Similar results were obtained for Apple
Computer and Sun Microsystems.
PRICE
TEST PERIOD BETWEEN DATES
NUMBER OF PERIODS TESTED
TOTAL PROFIT GAIN IS [$]
NUMBER OF TRADES
% OF WINNING TRADES IS
THE AVG PROFIT IS [$]
THE AVG LOSS IS [$]
RATIO OF AVG WIN TO LOSS
AVG PROFIT PER TRADE [$]

37,563
66,666
07/01/96
04/17/98
454
-8,52
13
38,5%
3,91
-3,51
1,11
-0,66
BUY&HOLD
37,63
100,2%
16,27

NET PROFIT [$]
NET PROFIT [%]
VOLATILITY

MACD
29,10
77,5%
12,31

GAIN VS. BUY/HOLD
-8,52
-22,7%
3,96
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Table 8.4: Statistics for the MACD controlled INTC equity curve
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Fig. 8.7: Performance of the AC based predicted MACD controlled Intel stock relative to a buy & hold
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PRICE
TEST PERIOD BETWEEN DATES
NUMBER OF PERIODS TESTED
TOTAL PROFIT GAIN IS [$]
NUMBER OF TRADES
% OF WINNING TRADES IS
THE AVG PROFIT IS [$]
THE AVG LOSS IS [$]
RATIO OF AVG WIN TO LOSS
AVG PROFIT PER TRADE [$]

37,563
86,844
07/01/96
04/17/98
454
11,66
10
40,0%
7,60
-3,13
2,43
1,17
BUY&HOLD
37,63
100,2%
16,32

NET PROFIT [$]
NET PROFIT [%]
VOLATILITY

PMACD
49,28
131,2%
17,71

GAIN VS. BUY/HOLD
11,66
31,0%
-1,39
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16
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14

12

12
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10

8

8

606

660
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50
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40

30
20
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20

10
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0
07/08/96
07/29/96
08/19/96
09/10/96
10/01/96
10/22/96
11/12/96
12/04/96
12/26/96
01/17/97
02/07/97
03/03/97
03/24/97
04/15/97
05/06/97
05/28/97
06/18/97
07/10/97
07/31/97
08/21/97
09/12/97
10/03/97
10/24/97
11/14/97
12/08/97
12/30/97
01/22/98
02/12/98
03/06/98
03/27/98

PROFIT/LOSS [%]

CLOSE PRICE [$]

Table 8.5: Statistics for the AC based predicted MACD controlled INTC equity curve

PROFIT/LOSS (cum.)

Controlled Equity Curve

NOVL CLOSE

Fig. 8.8: Performance results of the MACD controlled Novell stock relative to a buy & hold
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PRICE
TEST PERIOD BETWEEN DATES
NUMBER OF PERIODS TESTED
TOTAL PROFIT GAIN IS [$]
NUMBER OF TRADES
% OF WINNING TRADES IS
THE AVG PROFIT IS [$]
THE AVG LOSS IS [$]
RATIO OF AVG WIN TO LOSS
AVG PROFIT PER TRADE [$]

13,875
11,234
07/01/96
04/17/98
454
0,67
13
46,2%
0,91
-0,69
1,33
0,05
BUY&HOLD
-3,31
-23,9%
1,51

NET PROFIT [$]
NET PROFIT [%]
VOLATILITY

MACD
-2,64
-19,0%
1,38

GAIN VS. BUY/HOLD
0,67
4,8%
0,14

16

16

14

14

12

12

10

10

8

8

90
6
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70
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40
30
20
10
0

690
80
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07/29/96
08/19/96
09/10/96
10/01/96
10/22/96
11/12/96
12/04/96
12/26/96
01/17/97
02/07/97
03/03/97
03/24/97
04/15/97
05/06/97
05/28/97
06/18/97
07/10/97
07/31/97
08/21/97
09/12/97
10/03/97
10/24/97
11/14/97
12/08/97
12/30/97
01/22/98
02/12/98
03/06/98
03/27/98

PROFIT/LOSS [%]

CLOSE PRICE [$]

Table 8.6: Statistics for the MACD controlled NOVL equity curve

PROFIT/LOSS (cum.)

Controlled Equity Curve

NOVL CLOSE

Fig. 8.9: Performance of the AC based predicted MACD controlled Novell stock relative to a buy &
hold
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PRICE
TEST PERIOD BETWEEN DATES
NUMBER OF PERIODS TESTED
TOTAL PROFIT GAIN IS [$]
NUMBER OF TRADES
% OF WINNING TRADES IS
THE AVG PROFIT IS [$]
THE AVG LOSS IS [$]
RATIO OF AVG WIN TO LOSS
AVG PROFIT PER TRADE [$]

NET PROFIT [$]
NET PROFIT [%]
VOLATILITY

13,875
14,562
07/01/96
04/17/98
454
4,00
11
63,6%
0,75
-0,32
2,35
0,36
BUY&HOLD PMACD
-3,31
0,69
-23,9%
5,0%
1,51
1,00

GAIN VS. BUY/HOLD
4,00
28,8%
0,52

Table 8.7: Statistics for the AC based predicted MACD controlled NOVL equity curve

PROFIT/LOSS [%]

A portfolio composed of equally weigthed INTC, NOVL, SUNW and AAPL stocks was also
tested. Figure 8.10 displays the performance gain for both MACD controlled and predicted MACD
controlled equity curves relative to a buy & hold strategy.
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01/17/97
02/07/97
03/03/97
03/24/97
04/15/97
05/06/97
05/28/97
06/18/97
07/10/97
07/31/97
08/21/97
09/12/97
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10/24/97
11/14/97
12/08/97
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01/22/98
02/12/98
03/06/98
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-100

MACD CONTROLLED PORTFOLIO
PREDICTED MACD CONTROLLED PORTFOLIO

Fig. 8.10: Performance of the MACD controlled and the AC based predicted MACD controlled
portfolio relative to a buy & hold.
TEST PERIOD
NUMBER OF PERIODS TESTED

07/01/96 04/17/98
454

NET PROFIT [%] (B&H = 100)
VOLATILITY

B&H MACD PMACD
100,0% 74,2% 194,5%
7,26
5,58
7,66

Table 8.8: Statistics for the MACD controlled and the AC based predicted MACD controlled portfolio

Summary
This example has demonstrated over a longer test period that Analog Complexing can be a valuable
method for long-term prediction of financial time series with a comparable high accuracy. Even
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when using the MACD trading indicator as a decision model, the generated predictive information
can result in significantly larger returns compared with a buy and hold strategy. Volatility,
however, does not decrease in this example when using the predictive controlled trading system. It
seems necessary to find other, maybe rule based decision models, or a combination of models, to
establish a profitable and also less volatile trading system. The results, at least partly, suggest that
this might be possible. This example has presented the possibility of an almost automated data
mining with predictive control, which is transformable to other applications with other, specific
decision/control models. The result would be an automated data mining for a clearly defined
application area.

8.1.3 Balance Sheet Prediction
Data Source
The company’s annual reports
Problem
Balance sheet analysis and prediction is an important part of fundamental analysis in finance.
Information about status and evolution of a company is a key factor for formulating a long-term
trading decision. Much of this information is contained in the data of balance sheet characteristics,
but also in market and macroeconomical data. A problem here is the large amount of variables, the
very small number of observations for balance sheets, and the unknown relationships and dynamics
between these variables. Here, statistics as well as Neural Networks are not applicable.
Balance sheet analysis and prediction is an emerging problem of interdependent internal and
external flows: some of which can be calculated based on known economic theories, others like the
company’s turnover or operating costs also express monetary and material exchange flows between
environment and company. Exactly these external exchange flows are the main uncertainty factors
when trying to estimate a company’s evolution. While the operating costs can - and really do widely be controlled by the management as quasi the only active instrument to balance operating
expenses with operating results, the latter are almost exclusively dictated by the market. Although
well-known cost-cutting may be of short-term success only, it really seems the only way to react on
changing conditions, which are dictated by market rules and sytems dynamics.
Therefore, it seems worth to try to take a company’s track for analysing and predicting its most
important characteristics using self-organising modelling. Of special interest here, of course, are
those that can hardly be described and predicted theoretically.
Information Used
In the balance sheet example shown here, only balance sheet characteristics themselves are used to
predict them 1 year ahead. Given are 11 characteristics from 10 fiscal years (1986 - 1995) of the
German airline company Lufthansa:
x1 x2 x3 x4 -

Total Fixed Assets
Capital Investment
Current Assets
Equity
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x5 x6 x7 x8 x9 x10 x11 -

Provisions
Liabilities
Balance Sheet Total
Total Turnover
Operating Costs
Net Operating Result
Results Ordinary Activities

These data were used unpreprocessed as taken from the company’s annual reports.
Solution
a) GMDH
Since the data set is very short and since there are several variables to model, again dynamic,
linear systems of equations were self-organised. The advantage of a linear system is that it can
also consider non lagged input variables for creating a prediction model, which often means
adding significant information for modelling. We have created four separate system models of
increasing dynamics, starting with a time lag of one for all variables. The maximum time lag was
four, which is the maximal possible lag at all for this data set since the data length then reduces to
the required minimum of six data points. The information basis, created by KnowledgeMiner
automatically, consisted of 21, 32, 43 and 54 potential input variables correspondingly and 11
output variables for each system.
b) Fuzzy Rule Induction
We have used five fuzzy predicates for fuzzification:
negative big (NB_)
negative small (NS_)
zero (ZO_)
positive small (PS_)
positive big (PB_)
The input vector was transformed into
Δ x p , t = x p , t − x p , t − 1 , t = 2, 3, ..., N
x ∗p , t = Δ x p , t − x¯ p Δ , with x¯ p Δ as the mean value of the differences Δ x p
The transformed input vector x* =(x1* , x2* , ..., xp* ), (p=11), was transformed into corresponding
fuzzy vectors x jp =(x1p , x2p , ..., x5p ) with xjp =µAj (xp ). The fuzzy membership functions µAj (xp ))
we used are of Lambda type. We created three systems using a maximum time lag of 1, 2, and 3
years correspondingly. Each system of fuzzy rules was used then to predict all 55 linguistic variables one year ahead. Based on these predictions, the expected future values of the 11 initial characteristics are calculated using a corresponding defuzzification model (section 7.4.3).
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Results
a) GMDH
Since the data basis was very short (and shortens even more with any additional time lag), and
since we assumed that the chosen variables set would not have been complete (macroeconomic or
market data may be of interest here also), the chosen approach of creating several systems has
proven to be useful. Each system was given different information for modelling by varying time
lags and, implicitely, training data set length. The system models reflect the object’s behavior
incomplete, but also differently. However, when averaging these different reflections
(predictions) into a combined solution, a significant performance gain can be obtained as shown
here in table 8.9. This is especially true for the most interesting variable x11 , but also for x8 , x9 ,
and x10 .
Time Lag

x1

x2

x3

x4

x5

x6

1

0.74

9.27

0.18

23.93

17.72

20.15

2

5.21

1.19

14.88

88.93

43.10

18.88

3

9.10

7.57

1.94

16.05

5.19

8.69

4

1.65

12.01

9.17

18.95

7.30

50.81

SYNTHESIS 1 . 2 0

6.91

1.87

36.96

15.73

10.85

Time Lag

x7

x8

x9

x10

x11

Mean1-11

1

1.41

0.06

5.35

69.81

76.45

20.46

2

3.43

4.89

12.43

21.25

0.61

19.53

3

6.41

10.22

19.42

53.43

92.48

20.95

4

0.34

1.47

1.58

29.81

30.71

14.89

SYNTHESIS 2 . 7 3

3.40

9.70

16.86

3.82

10.00

Table 8.9: Absolute percentage prediction errors for all four systems and for a synthesis of all four
predictions.

This solution was possible, because of GMDH’s inductive approach, its validation capabilities
and its speed. For each system only one modelling run was necessary that took about 15 minutes
in average. The system prediction easily was generated immediately after modelling by the
program.
b) Fuzzy Rule Induction
Similary to a), we also created systems of fuzzy rules. Table 8.10 shows the obtained prediction
errors for each system separately and for an averaged solution of all three systems. Compared
with GMDH, the results are not quite as good here and the effect from synthesis is not so efficient also. However, when synthesising all predictions from GMDH or FRI, prediction errors
decrease again (table 8.11).
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Time Lag

x1

x2

x3

x4

x5

x6

1

4.33

8.31

1.28

1.52

13.81

15.66

2

11.47

5.74

17.75

0.32

6.25

42.56

3

2.25

8.17

9.48

1.53

3.91

54.92

SYNTHESIS 6 . 0 2

7.41

9.50

1.12

1.22

27.27

Time Lag

x7

x8

x9

x10

x11

Mean1-11

1

4.65

0.81

7.54

36.66

16.61

10.11

2

3.02

1.16

6.47

64.37

14.62

15.79

3

3.02

1.16

7.27

64.37

40.18

17.84

SYNTHESIS 3 . 5 6

1.04

7.09

55.13

23.80

13.02

Table 8.10: Absolute percentage error for systems of fuzzy rules

GMDH/Fuzzy

x1

SYNTHESIS 2 . 4 1
Fuzzy/GMDH

x7

SYNTHESIS 0 . 4 2

x2

x3

x4

x5

x6

7.16

3.82

17.92

8.47

8.21

x8

x9

x10

x11

Mean1-11

2.22

8.40

31.79

9.90

9.16

Table 8.11: Absolute percentage prediction error calculated on an averaged prediction of all seven
created systems

Summary
This example has shown that it is possible to predict a company’s most important balance sheet
characteristics with good success from its history very efficiently using GMDH. Inclusion of
market or macroeconomical data may improve results. Alternatively, the variable of most interest,
operating result as the difference of turnover and operating expenses, can be calculated if estimates
of these two variables are available. Since the operating expenses can be widely controlled, and
thus estimated, by the company’s management, the other factor, turnover, is market driven. This
problem, sales prediction, is discussed in the next example more deeply.
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8.1.4 Sales Prediction
Data Source
A company’s weekly sales numbers
Problem
Today, one of the most useful business applications of data mining is trying to capture patterns or
rules in market related time series. Knowing what direction a market is heading and how a product
will sell is a valuable asset for a company. Given a set of products to sell, a company need to
predict sales and order inventories for minimizing operating costs while maximizing potentially
possible sales. Many factors, economical and psychological, measurable and not measurable ones,
are affecting sales forming fuzzy, time varying patterns. Most of them cannot be controlled by the
company itself what makes market time series looking like random processes. Since sales
predictions are key for estimating a company’s operating result, they are, therefore, also very
important for fundamental analysis in finance and, finally, for a company’s stock price and for
investment decisions.
Information Used
In this example application we consider order and delivery of backing goods. Given are 134 weekly
data of order (x1 ) and delivery (x2 ) of some backing goods as displayed in figure 8.11.
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ORDER

DELIVERY

Figure 8.11: Time series graphs for order and delivery

The data set was applied as provided by the company. The first 124 weekly data were used to create
models, while the remaining 10 data points were used to evaluate prediction results.
Solution
In this example, we evaluated three different model types:
a) GMDH
i. nonlinear time series models
ii. a linear system of equations
b) nonparametric models employing Analog Complexing.
... From Economics
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a) GMDH
i. Time series models
Firstly, we created nonlinear time series models for both variables. The information basis was
defined by all lagged samples up to a lag of 20 weeks:
xi,t = f(xi,t-1 , x i,t-2 , ..., x i,t-20 ) , i=1, 2.
ii. System of equations
Then we evaluated whether input-output models would do better. Since models shall be used
for long-term status-quo prediction, a system of equations is the solution here. The
information basis is formed by
xi,t = f(x1,t , x 1,t-1 , x 1,t-2 , ..., x 1,t-20 , x 2,t , x 2,t-1 , x 2,t-2 , ..., x 2,t-20 ) , i=1, 2
when choosing a maximum time lag of 20 weeks here also.
b) nonparametric models
Analog Complexing was applied for capturing similar patterns of both variables. Because data
length (124) and forecast horizon (10) are already defined, we decided to let the algorithm search
for analogous patterns of a length of 3 to 10 weeks and let it keep the two best patterns of each
pattern length for prediction synthesis. A resulting advantage of Analog Complexing is that it
creates an interval of uncertainty along with the most likely prediction automatically.

Results
a) GMDH
i. Time series models
GMDH has created optimal complex nonlinear models that are composed of some most
relevant variables, for example:
x1,t = f(x1,t-1 , x 1,t-3 , x 1,t-4 , x 1,t-8 , x 1,t-9 , x 1,t-11 , x 1,t-12 )
x2,t = f(x2,t-2 , x 2,t-6 , x 2,t-9 , x 2,t-10 , x 2,t-12 , x 2,t-13 , x 2,t-18 , x 2,t-19 , x 2,t-20 ).
Figure 8.12 and 8.13 show model graph and prediction vs. true observations for the two
variables and table 8.10 lists the obtained prediction errors.
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Fig. 8.12: Time series model and prediction of order vs. observed values
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Fig. 8.13: Time series model and prediction of delivery vs. observed values
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WEEK

ORDER

DELIVERY

WEEK

ORDER

DELIVERY

125

0,14

4,21

125

2,83

2,48

126

1,00

4,61

126

1,47

0,86

127

1,86

5,23

127

0,33

0,27

128

6,67

9,50

128

3,11

3,43

129

5,30

7,14

129

6,08

8,03

130

2,29

7,01

130

2,85

6,14

131

0,50

0,05

131

0,20

0,92

132

0,43

0,73

132

0,21

2,06

133

0,63

0,68

133

1,20

1,24

134

0,84

3,65

134

2,15

2,95

MAD

1,97

4,28

MAD

2,04

2,84

STDEV

2,24

3,12

STDEV

1,81

2,48

Table 8.10: Absolute percentage
errors for time series predictions

Table 8.11: Absolute percentage
errors for system based predictions

ii. System of equations
For the linear system the following equations were generated:
X1 = 37.971 + 0.093X1(t-8) - 0.072X2(t-11) + 0.117X2(t-14) - 0.117X1(t-6)
- 0.122X2(t-9) + 0.716X2 + 0.211X1(t-1)
X2 = 54.483 - 0.129X1(t-10) - 0.281X1(t-5) + 0.367X2(t-1) + 0.128X1(t-4)
+ 0.310X2(t-5) + 0.235X1(t-6) + 0.152X2(t-9)

These equations may have not much explanatory importance here, because the indicated
relationships are probably only temporary relevant, and they may vary from week to week.
Important is, however, that the captured temporary relationships better reflect the system’s
behaviour and predict better than time series models do. The system’s time variance can be
reflected by a moving modelling, i.e. creating new, temporarily valid models when new
information is available. In this example, this would be weekly, and with GMDH, this is a
practicable approach. While the prediction error for order is comparable with that of the time
series prediction, it decreases significantly for delivery as well as the deviation of the errors
decreases for both variables (table 8.11).
b) nonparametric models
With Analog Complexing, the best predictions using a single modelling method are attained as
shown in figure 8.14 and table 8.12. Both the prediction error MAD and the deviation of errors
show the best values for both variables. Only synthesising system based and AC based
predictions can increase these results (table 8.13).

198

... From Economics

8

Sample Applications

280

UNITS

260

270

250

260
240

250

230
124

126

128

130

132

134 124

126

WEEK

128

130

132

240
134

WEEK

ORDER

DELIVERY

AC-BASED-PREDICTION

AC-BASED-PREDICTION

Fig. 8.14: AC based prediction of order and delivery vs. true values
WEEK

ORDER

DELIVERY

WEEK

ORDER

DELIVERY

125

0,77

2,86

125

1,80

2,67

126

1,48

0,89

126

0,01

0,87

127

0,16

2,45

127

0,24

1,09

128

4,51

6,16

128

3,81

4,79

129

4,92

7,00

129

5,50

7,51

130

2,46

4,78

130

2,66

5,46

131

2,13

0,53

131

1,16

0,73

132

2,09

3,00

132

0,94

2,53

133

0,26

0,38

133

0,47

0,81

134

0,01

0,18

134

1,08

1,57

MAD

1,88

2,82

MAD

1,77

2,80

STDEV

1,73

2,46

STDEV

1,75

2,35

Table 8.12: Absolute percentage
errors for AC based predictions

Table 8.13: Absolute percentage
errors for synthesis of system based and
and AC based predictions

Summary
In this example, we have used GMDH and AC for sales prediction. It was shown that
nonparametric models (patterns) created by AC are most appropriated for such fuzzy processes (see
also stock prediction example). But a synthesis of results can be helpful also. Implemented in a
predictive control solution, a self-organising data mining may prove as efficient tool for optimizing
costs and sales, and for improving business results.
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8.1.5 Solvency Checking
Data Source
Bischoff [Bischoff, 91]
Problem
Basis for this example are sets of 19 anonymous characteristics (asset, liquidity and rentability
characteristics) of 81 companies that served a bank to decide the companies’ solvency. The goal is
to find a model that classifies based on a company’s recent balance sheet whether or not it is
qualified in the bank’s sense to get some credit. Exactly it is the bank’s decision policy that should
be ‘learned’ from the given data as accurate as possible. It was not guaranteed, however, that this
policy would have been consistent, i.e. that the data samples contain not any false decision. This
makes modelling and interpretation of the results much more difficult since it cannot avoided that a
model may also reflect false decisions.
Information Used
From the given 81 cases, ten decisions are chosen from the bank to serve for results checking while
the remaining 71 decisions are used as learning data for modelling. The 71 learning cases are
composed of 35 positive and 36 negative decisions, the checking data set contains 5 positive, 3
negative, 1 undecided (doesn’t matter) case and one negative decision that was corrected by the
bank to ‘undecided’ afterwards.
Solution
There are several methodologies for obtaining the required models using self-organising data
mining, but in contrast to Neural Networks each of them also provides an explanation component.
a) GMDH
Here, the decision variable was described by linear models
19
M

y = 3 ai x i ,
i=1

and nonlinear models correspondingly from the 19 characteristics xi . The decision variable yM
was assigned by a 1 for positive decisions and by a -1 for negative decisions. This implies that all
cases with a model output value greater than zero are ‘positive’ decisions and those that are
smaller than zero are ‘negative’ ones.
b) Fuzzy Rule Induction
Each variable was fuzzified into 5 linguistic variables using a Lambda type membership function.
For both decisions, a separate model was generated. For the positive-cases-model, the decision
variable was assigned by a 1 for a positive decision (otherwise zero), while for the negativecases-model now all negative cases were assigned by a 1. The final decision was derived from
both models.
c) Analog Complexing
Here, a prototype of Analog Complexing for classification tasks was applied to find the most
similar known cases (p1-p35, n1-n36) to a given test case (t1-t10). The complete set of
characteristics was considered as a fixed pattern of a length of 19 data points. This approach
200
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draws the problem from another perspective as it provides a qualitative description that captures
also not separately measurable influences or inconsistencies like mental decision models or
varying decision weights between all variables.
Results
a) GMDH
For GMDH, the following linear decision model was created shown in figure 8.15:
X1 = - 3.515 + 0.013X15 + 0.890X7 - 0.014X18 - 0.012X13 - 0.818X9
+ 0.903X11 + 0.098X12 .
2
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Fig. 8.15: Model graph and prediction of the created linear GMDH model
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-1,80

-1,16

n

n

n

t7

n

-0,65

-1,26

-0,95

n

n

n

t8

p

0,05

0,01

0,03

p

p

p

t9

p

0,27

0,35

0,31

p

p

p

t10

n

-0,46

-0,59

-0,53

n

n

n

0

1 (t4)

false classified

lin. model nonlin. model

decision
mean

lin. model nonlin. model

2 (t1, t4)

mean

Table 8.14: Classification results for linear and nonlinear GMDH models
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As significant variables x7 , x9 , x11 , x12 , x13 , x15 and x18 were selected for the linear model. The
nonlinear model is composed of the variables x3 , x4 , x5 , x6 , x8 , x11 , x13 , x14 and x18 . Table
8.14 lists the classification results for both types of model. From fig. 8.15 that also shows three
false classifications on the training data set (as well as the nonlinear model does) can be
concluded that the model was not overfitted to a zero classification error, but, obviously, it rather
identified some contradictions in the data, which coudn’t be resolved by a viable model. This
would underline the assumption of some inconsistency in the data.
b) Fuzzy Rule Induction
Fuzzy Rule Induction has created these two rules:
IF NOT_NS_X10 & NOT_NS_X6 & NOT_ZO_X11 & ZO_X13 &
NOT_NB_X6 & ZO_X19 & NOT_PB_X13
THEN positive_Decision
IF NOT_ZO_X19 OR NOT_ZO_X13 OR NOT_PB_X7 & NOT_PS_X6
& NOT_PB_X6 OR ZO_X11 OR NOT_PB_X10 & NOT_PS_X6 & NOT_PB_X6
THEN negative_Decision

This is a more natural description of the problem using another set of variables in the premise
parts, but only x10 and x 19 are new contributors compared with the GMDH solution. Table 8.15
shows the classification power here.
FRI

predicted value
p-model

selected

decision

case

similar patterns

case

Target

t1

n (n/p)

0.27

0.73

n

t1

p3, n26, p7, p6, p9

0.94

p

t2

n/p

0.17

0.83

n

t2

p30,p20,p25,p31,p11

0.75

p

t3

p

0.99

0.30

p

t3

p7.p3,p24,p27,p9

0.94

p

t4

n

0.00

1.00

n

t4

p29,p28,p13,p30,p31

0.72

p

t5

p

0.66

0.34

p

t5

p1,n26,p7,p9,p20

0.86

p

t6

n

0.00

1.00

n

t6

n21,n6,n24,n5,n35

0.86

n

t7

n

0.00

1.00

n

t7

n12,n8,n9,p15,n23

0.92

n

t8

p

0.35

0.65

n

t8

p31,p25,n11,p8,n29

0.92

p

t9

p

0.90

0.44

p

t9

p34,n27,p22,n3,p28

0.93

p

t10

n

0.45

0.60

n

t10 n34,n5,n11,n29,n27

0.91

n

false classified

n-model

AC

1 (t8)

Table 8.15: Classification results using
Fuzzy Rule Induction

false classified

similarity decision

2 (t1, t4)

Table 8.16: Classification results using
Analog Complexing

c) Analog Complexing
For the test case t1, for example, AC has selected these instances as similar cases compared with
t1:
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p3
n26
p7
p6
p9
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Similarity: 0.95592
Similarity: 0.94944
Similarity: 0.93897
Similarity: 0.92397
Similarity: 0.92372

All five analogs show a high degree of similarity, even the only negative one. From this
viewpoint, it isn’t a very clear decision, but when using a majority decision, this model suggests
a comfortable positive vote. The test case t4 was also supposed to be a positive decision as
shown in table 8.16. It has, however, the smallest similarity of all test cases, including the
undecided case t2 with almost the same value, indicating that it should be either considered as
undecided also or that it is a new, outstanding case that has no close analogs in the training
samples. If the latter would be the case, it would add important new ‘knowledge’ to the data base
for future similarity checks of other test cases.
Comparison with other modelling methods
In Bischoff [Bischoff, 91], the results listed in table 8.17 are published using several Neural
Networks on exactly the same data set.
NN's
case

Target

D

B1

B2

B3

B4

P

A

M

t1

n (n/p)

p

p

p

p

p

p

p

p

t2

n/p

p

p

p

p

p

p

p

p

t3

p

p

p

p

p

p

p

p

p

t4

n

p

p

n

p

p

n

p

n

t5

p

p

p

p

p

p

p

p

p

t6

n

n

n

n

n

n

n

n

n

t7

n

n

n

n

n

n

n

n

n

t8

p

p

p

p

p

p

p

p

p

t9

p

p

p

p

p

p

p

p

p

t10

n

n

n

n

n

n

n

n

n

2

2

1

2

2

1

2

1

false classified

Table 8.17: Classification results using alternate modelling methods [Bischoff, 91](BBackpropagation, P-Perceptron, A-Adaline, M-Madaline, D-Discriminant analysis)

Here, the test cases t1 and t4 also differ from the given decision. While t1 is generally positive,
for t4 also negative decisions were obtained for some models. These results are close to those we
obtained above, but the models do not have an explanation component for discussing and
analysing the results as defined and required for useful knowledge discovery. In fact, this was a
key factor of criticism from the bank that the employees cannot interpret and defend the suggested
decision.
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Summary
The results have shown that it is not possible to draw an uniform picture from the provided data.
The bank’s corrected decision for t1 underlines that any cases can really seen differently at different
times resulting in some inconsistency in the data. Therefore, some test cases indicate a clear
decision and some do not. Anyway, self-organising data mining can provide useful information
since each applied method has, in contrast to Neural Networks, some explanatory power that
allows users analysing why a model’s decision is as it is. This is a key factor that was formulated
explicitely by the bank as absolutely necessary feature of any solution. The ability for using
different description languages with the spectrum of modelling methods, and thus capturing
different behavior, is important also when trying to reflect the problem’s complexity. Having a
fuzzy decision variable that indicates clear and uncertain decisions could be helpful here also. Selforganising data mining might be a valuable, objective decision aid for solvency checking when
considering that a solution for this problem is not only a matter of numbers allowing complete
automation.

8.1.6 Chinese Energy Resources Consumption
Data Source
[Guangzhong Liu, 99]
Problem
Energy consumption is considered to have an impact on both a national economy's growth and global warming. While the earth's climate is a global problem and of global interest, control of a country's energy consumption is almost up the industry and government of that country.
Using a data set from the Chinese national economy, the country's energy consumption shall be
modelled and predicted in this example. Based on results in [Guangzhong Liu, 99] for comparison
purposes, where a Backpropagation Neural Network was applied to approximate energy consumption, we are trying to go ahead to extract some knowledge from the data by finding a structural relationship and relevant input factors, and by generating a 4-year out-of-sample prediction for the Chinese energy resources consumption. This example may show why a self-organising data mining is
different from other data mining methods.
Information Used
The data set contains 21 yearly observations of 8 characteristics from 1978 to 1998:
x1
x2
x3
x4
x5
x6
x7
y
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- Gross National Product
- generalized rate of saving energy ressources [%]
- rate of coal consumption [%]
- producer price index of coal
- rate of petroleum consumption [%]
- product price index of petroleum
- composite producer price index of energy resources
- actual energy resources consumption
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The first 17 observations (1978-1994) are used for modelling (learning data set), and the remaining
4 records (1995-1998) serve as validation set to measure the models' performance.
Solution
In [Guangzhong Liu, 99] the same data set was used to train a Backpropagation Neural Network to
approximate energy resources consumption. For comparison purposes, we first follow the approach described in [Guangzhong Liu, 99], and then extend the approximation task by a four-year outof-sample prediction of the target variable.
a) Approximation/Modelling
Here we used GMDH to create
i. a linear static model from 3 potential input variables: y = f1 (x1 , x 2 , x 7 );
ii. a nonlinear static model from 3 potential input variables: y = f2 (x1 , x 2 , x 7 );
iii. a nonlinear static model from all potential input variables: y = f3 (x1 , x 2 , x 3 , x 4 , x 5 , x 6 , x 7 ).
These models are checked then on the validation data using the input variables' known values of the
years 1995 to 1998. Thus, it is a what-if type prediction using known input observations.
b) Prediction
Since static models are not able to predict a future development, we also generated several predictive models:
i. Analog Complexing model
ii. auto-regressive model
iii. dynamic system of equations.
These models do not need other input information than that extracted from the target variable (i. and
ii.), or they generate required input information autonomously (iii.). This means, for predicting
energy consumption 4 years ahead, the input variables x1 to x7 are handled as if their values in
1995 - 1998 were not known (out-of-sample prediction).
Results
a) Approximation/Modelling
i.) linear model
The mathematical model structure of the generated Backpropagation Neural Networks in
[Guangzhong Liu, 99] is - a priori - a nonlinear regression function of 3 variables. Nontheless, we generated a linear GMDH model, first, to evaluate if a less complex model wouldn't
suffice. As a best linear model was obtained :
y = 0,00589 + 0,1229x1 - 0,00945x2 + 0,47953x7 .
The validation results show (table 8.18) that a linear model is not able to describe the relation
between output and inputs satisfactory. It can only give an average approximation.
ii.) nonlinear model of 3 inputs
Using KnowlegdeMiner this nonlinear static model of optimal complexity was generated:
y = 249 + 3,22x1 - 0,00246x21 .
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Tables 8.18 lists the evaluated model output based on the known input values in 1995-1998
along with the relative percentage error (see also fig. 8.16).
iii.) nonlinear model of 7 inputs
Using all 7 input variables, the generated nonlinear model has included also x5 (rate of petroleum consumption), x 6 (producer price index of petroleum) and x 7 (composite producer price
index of energy resources), so that finally
y = f(x1 , x5 , x 6 , x 7 ).
The obtained results (table 8.18 and fig. 8.16) show, that the improvement is not significant.
From these results we can get the following conclusions:
1. The obtained static nonlinear models are able to describe the dependency between the output
and selected inputs. Therefore, it can be expected that the real dependency will be nonlinear.
2. Nonlinear models generated using KnowledgeMiner's GMDH NN give a mean approximation
error below 1 %.
3. Based on the analytic expressions obtained by GMDH models, it can be concluded that only
GNP (x1 ) has a signifcant influence on the actual energy resource consumption. May be, there
is also a less relevant influence of petroleum.
4. Evaluations using KnowledgeMiner needed not more than 5 minutes each time.

Year

Observed

NN

1995
1996
1997
1998

1249.11
1268.27
1298.69
1311.1

1229.87
1255.18
1265.31
1286.51

mean abs.

GMDH
err. [%] l i n . 3
-1.54
-1.03
-2.57
-1.88
1.75

1214.54
1287.92
1340.67
1411.42

GMDH
GMDH
err. [%] nonlin. 3 err. [%] nonlin. 7 err. [%]
-2.77
1.55
3.23
7.65
3.80

1242.94
1285.15
1300.93
1299.83

-0.49
1.33
0.17
-0.86

1245.1316
1269.5021
1297.9308
1283.0825

0.71

NN - results taken from [Guangzhong Liu, 99] for the Backpropagation Neural Network

Table 8.18: Model output based on known input values in 1995-1998
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-0.06
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1300
1275
1250
1225

Observed

NN

1998

1997

1996

1175

1995

1200
1994

Energy Consumption

1325

GMDH nonlin. 3

GMDH nonlin. 7

Fig. 8.16: Graphs of models listed in table 8.18

b) Prediction
For practical applications there often is a need to generate models that are able to calculate predictions of a future development without requiring the input variables' future values, i.e., out-of-sample predictions. Only nonparametric data mining methods like Analog Complexing, or dynamic
models like autoregressive time series models and systems of difference equations can be used for
that goal.
i.) Analog Complexing
Based on 17 observations of yt (actual energy resources consumption 1978-1994) KnowledgeMiner selected this best patterns of length 3 to 5:
from 1985 to 1987 (pattern length: 3),
from 1984 to 1987 (pattern length: 4),
from 1984 to 1988 (pattern length: 5).
The optimized pattern combination generates predictions in 1995-1998 as shown in table 8.19
and figure 8.18.
ii.) Autoregressive model
Using a maximum time lag of 7 years KnowledgeMiner selected the following time series
model:
yt = 155 + 0,652yt-2 + 0,347yt-6.
The model's out-of-sample prediction can be found in table 8.19.
iii.) dynamic system of equations.
The multi-input/multi-output system (8 input variables, 8 output variables) generated here can
be expressed mathematically by systems of difference equations. So far, only KnowledgeMiner is able to self-organise a model for each output variable and to identify the interdependence
structure between the system's variables including separating them into endogeneous and
exogeneous variables. According to the results of b), the structure of the system model was
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preset as nonlinear. Using a maximum time lag of 2 years - the effective number of inputs therefore is 16 - KnowledgeMiner created a system of equations, and the autonomous system
consists of 6 equations (fig. 8.17).
x1t = 3,99 + 1,12 x1t-1
x2t = 4,43
x3t = 91,6 - 0,611x5t-2 + 3,39 x6t-2 - 0,0161x26t-2
x5t = 3,55 + 0,00737x5t -2 x6t-2
x6t = 16 - 1,41yt-1 + 0,0166 yt-1x6t-2 + 0,000187y2t-1- 0,059x26t-2
yt = 216 + 3,76 x1t-1 - 0,00327 x21t-1

SYSTEM GRAPH

OF THE AUTONOMOUS SYSTEM OF EQUATIONS
SELF-ORGANIZED BY GMDH
x 1,t-1

∑

const.

∑

x 5,t-2
x 6,t-2

∑

x 1,t

x 5,t-2
x 6,t-2

∑

x 8,t-1
x 6,t-2

∑

x 1,t-1

∑

x 5,t

x 2,t

x 3,t

x 6,t

x 8,t

x 1 - GNP

x 5 - rate opf petroleum consumption

x 2 - generalized rate of saving energy ressources

x 6 - product price index of petroleum

x 3 - rate of coal consumption

x 8 - actual energy resources consumption

Fig. 8.17: Graph of the generated autonomous system of equations

The model gives information about the influence of serval lagged variables (x1t-1 , x6t-2 ). The
out-of-sample predictions for the target variable generated by these difference equations are
shown in table 8.19 and figure 8.18. Obviously, the accuracy of these out-of sample
predictions is nearly the same as the approximation accuracy. To generate such models by
means of neural networks it requires networks of high dimension (16 input neurons already),
and thus high complexity. Another significant issue is application of neural networks for longterm prediction. To obtain a long-term forecast yt+τ, it is necessary to teach a network from
samples of all inputs xit , i=1(1)m, and the output yt+τ , t=1, 2, ... T-τ. In this way, nonlinear
models with a lag of τ are generated that can be used for predicting the system one-step ahead.
To get long-term predictions for τ = 1, 2,..., P in a single step, neural network theory requires
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to teach either P neural networks of a single output yt+τ each, or one neural network of P
outputs. Usually, neural network software don’t support such forecasting requirements efficiently.

Year

Observed

AC model

err. [%]

AR model

err. [%]

dynamic
system

err. [%]

1995
1996
1997
1998

1249.11
1268.27
1298.69
1311.1

1236.92
1257.14
1313.55
1366.73

-0.98
-0.88
1.14
4.24

1206.77
1276.77
1302.31
1366.28

-3.39
0.67
0.28
4.21

1240.26
1274.06
1292.76
1289.67

-0.71
0.46
-0.46
-1.63

mean abs.

1.81

2.13

0.81

Table 8.19: Out-of-sample predictions for 1995-1998

Energy Consumption

1375
1350
1325
1300
1275
1250
1225

Observed

AC model

AR model

1998

1997

1995

1994

1175

1996

1200

Dynamic system

Fig. 8.18: Four-year out-of sample prediction of models listed in table 8.19

Summary
This example has shown that self-organising data mining (GMDH and AC here) is a good tool to
model and predict economic relationships from data. Approximation accuracy on validation data is
better than that of the compared Backpropagation Neural Network. Additionally, GMDH directly
extracted knowledge so that the results can be interpreted and analysed:
• energy resources consumption is sufficently described by GNP: y = f(x1 )
• the generated models suggest a simple nonlinear relationship between GNP and energy
consumption for the observed time period. This would imply that, a priori, even a threelayer NN using a sigmoid transfer function is a too complex model, and therefore, tend to
be overfitted. This, however, is not confirmed by the validation results of the Neural Network for this interpolation task.
• the high accuracy of the generated long-term prediction underlines the above conclusions.
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8.2 ... From Ecology
8.2.1 Water Pollution/ Water Quality
Problem
The following two examples describe a water pollution [Farlow, 84] and a water quality problem.
While in the COD concentration example COD (Chemical Oxygen Demand) was used as a proxy
for describing water pollution, the second example employs oxygen concentration as indicator of
water quality. Necessary are models that can describe the complex dynamic biochemical processes
in the water with satisfactory accuracy for analysis and prediction purposes. One difficulty here is
that only a few characteristics like water and air temparature, salt concentration, pH-value or
transparency are measurable and that these measurements are very noisy additionally. Also, it has
been very problematic to formulate mathematical models theoretically. For example, many attempts
have been made to develop a mathematical model appropriated to predict COD levels for control of
water pollution in compliance with the given standards. Usually, the behavior of COD in a bay is
calculated by the nonreaction-diffusion model. However, this model has some significant defects,
which are the reason for seeking alternative methods and models.

8.2.1.1 COD concentration
Data Source
[Fujita/Koi, 84]
Information Used
Water temperature, pH-value, transparency, concentration of COD, filtered COD, concentration of
salt, organic and inorganic phosphorus, and nitrogen compounds are monitored regularly in Osaka
Bay every month [Fujita/Koi, 84]. Based on 40 monthly observations from April 1976 to July
1979 several models were generated.
Solution
Starting from a nonlinear autoregressive model for the COD variable, KnowledgeMiner was used
also to generate a linear system of six equations (COD, water temperature, transparency, DO conc,
salt conc., filtered COD) and a nonparametric model employing Analog Complexing. All models
were used to predict COD five month ahead.
Results
a) GMDH
Although KnowledgeMiner got the permission to create a nonlinear AR-model, it only selects a
simple linear model as optimal with the chosen parameter settings:
X1= + 3.58e-1X1(t-1) + 2.33e+0
X1 - COD concentration.

When making active neuron optimization more sensitive, also nonlinear models were generated
like:
X1= + 1.23e+0z12 - 7.45e-2z11z11 + 3.65e+0
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with
z11= + 8.38e-1X1(t-4) - 2.99e+0
z12= + 5.17e-1X1(t-1) - 6.61e-2X1(t-1)X1(t-5) - 1.04e+0

The linear system of equations contains the following model for COD:
X1 = 0.672 + 0.281X4 - 0.405X6(t-1) + 0.118X2 - 0.660X3 + 0.533X6,
where X2 - watertemp., X3 - transparency, X4 - DO conc., and X6 - filtered COD

Figure 8.19 plots this model and the corresponding 5-month prediction vs. the observed values
for COD and figure 8.20 demonstrates the obtained system model.
9
7
5
3

COD

SYSTEM MODEL

Dec.

Oct.

Aug.

June

April

Feb.

Dec.

Oct.

Aug.

June

April

Feb.

Dec.

Oct.

Aug.

June

April

Feb.

Dec.

Oct.

Aug.

June

April

1

PREDICTION

Fig. 8.19: COD system model and prediction vs. observed values
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SYSTEM GRAPH
OF THE AUTONOMOUS SYSTEM OF EQUATIONS
SELF-ORGANIZED BY GMDH
x 4,t
x 2,t
x 3,t
x 6,t

x 6,t
x 2,t-1

x 1,t

∑

∑

x 2,t-2
x 4,t-2

x 4,t

x 6,t-1
x 4,t
x 6,t

x 5,t
x 2,t-1
x 4,t-2

∑

∑

x 4,t-1
x 5,t-1

x 2,t

x 3,t-2

x 5,t

x 2,t-2

x 2,t-2

x 4,t
x 4,t-2

x 1,t-1
x 2,t-2

x 3,t

∑

∑

x 6,t

x 5,t-1

x 1 - COD conc.

x 4 - DO conc.

x 2 - Watertemp.

x 5 - Salt conc.

x 3 - Transparency

x 6 - Filtered COD

Fig. 8.20: System graph of the COD concentration model

b) nonparametric model
Analog Complexing has selected the period from September 77 to July 78 several times (different
pattern lenghts) as most similar, which is just a corresponding 12 month shift compared with the
reference state of July 79. This is suggesting some seasonal influences on water pollution. The
obtained prediction for August 79 - December 79 is shown in fig. 8.21. Table 8.20 lists the
prediction errors for all applied models and their synthesis is plotted in fig. 8.22.
Month

AR-Model System Model

AC-Model

Synthesis

Aug.

56,31

47,50

19,29

28,17

Sept

22,79

8,60

13,95

5,81

Oct.

20,28

8,89

11,94

13,70

Nov.

6,33

3,33

23,67

8,89

Dec.

10,32

1,29

65,48

18,82

MAD

23,21

13,92

26,87

15,08

STDEV

19,72

19,06

22,07

8,82

Table 8.20: Absolute percentage prediction errors for applied models for COD
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11
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COD

Fig. 8.21: 5-month out-of-sample
prediction using Analog Complexing

Dec.
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June
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2
Aug.

1

SYNTHESIS

Fig. 8.22: Synthesized prediction from
all applied models

Figure 8.23 a-d plots predictions obtained from a moving modelling using several
GMDH models for synthesis.
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Fig. 8.23: Out-of-sample prediction of COD applying a moving modelling
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8.2.1.2 Elbe river
Data Source
Institut fuer Wasserwirtschaft Magdeburg, Germany
Information Used
From a measuring station in the Elbe river primary data of some water characteristics were
measured automatically every three hours: O2 - oxygen concentration, TW - water temperature, Q rush through and TR - dimness. Figure 8.24 plots these four characteristics from October 1, 1974
to November 13, 1974.
O2, TW,TR

Q

16
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Q
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400
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0

0
1

21

41

61 81 101 121 141 161 181 201 221 241 261 281 301 321 341

Fig. 8.24: Water characteristics O2-oxygen concentration, TW- water temperature, Q-rush through,
and TR-dimness measured for the Elbe river

In this example, models for three time periods were generated
a: October 1 to October 13, 1974
(100 observations),
b: October 29 to November 11, 1974 (100 observations) and
c: October 1 to November 11, 1974 (330 observations).
The models were used then for long-term prediction of 11 and 22 steps ahead.

Solution
When focusing on prediction
a) GMDH,
b) Analog Complexing, and
c) Fuzzy Rule Induction
can be applied here similarly as described in the preceeding examples.
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Results
a) GMDH
Using the software tool "KnowledgeMiner", linear and nonlinear systems of difference
equations were generated for the four characteristics. For the period c: 10/1/74-11/11/74 (330
observations), for example, the following linear system model was created (max. time lag was
40; 163 input variables; 4 output variables):
O2(t) = 0.82 + 0.96 O2(t-1) - 0.084 O2(t-3) - 0.033 O2(t-10) + 0.031 O2(t-22) - 0.048 TW(t-6)
+ 4.10-4 Q(t-5) - 0.076 TR(t-4)
TW(t) = 0.06 + 0.96 TW(t-1) + 0.109 TW(t-7) -0.174 TW(t-10) + 0.034 TW(t-23)- 0.039TR (t)
Q(t) = 14.16 + 1.18 Q(t-1)-0.188 Q(t-6) - 1.179 TW(T-14)-+ 3.626 TR(t-35)
TR(t) = 0.0214 +0.978 TR(t-1).

Table 8.21 contains the prediction error (MAD [%]) for all three time periods and a forecast
horizon of 11 and 22 (a/11, e.g., is the result of period a: and a forecast horizon of 11).
a/11

a/22

b/11

b/22

c/11

c/22

O2

19.85

25.37

4.47

6.40

1.50

1.14

TW

13.34

12.04

1.13

2.66

1.53

3.98

Q

2.88

2.31

3.00

8.01

2.72

6.26

TR

7.75

21.26

6.04

7.39

5.49

7.52

Table 8.21: prediction error (MAD [%]) obtained using GMDH

b) Analog Complexing
For all three periods a:, b:, and c: several patterns of a length of 5 to 14 observations were
selected and combined to long-term predictions. Table 8.22 lists the corresponding results. Bs
and cs are corresponding results synthesised from GMDH and AC models.
a/11

a/22

b/11

b/22

c/11

c/22

bs/22

cs/22

O2

16.61

10.55

5.88

6.79

3.58

3.77

6.60

2.33

TW

3.56

2.83

1.91

4.14

1.16

2.96

3.40

3.47

Q

1.62

1.05

3.14

3.20

3.94

5.56

5.60

0.97

TR

10.97

7.62

6.17

14.20

3.78

5.89

6.38

6.20

Table 8.22: Prediction error (MAD [%]) obtained using Analog Complexing

It is evident from columns c/11 and c/22 of table 8.22 that an extension of the data basis can
result in an increased prediction accuracy.
c) Fuzzy Rule Induction
For the given periods, several fuzzy rule-based models were generated. Here, differences of the
input variables (Δxt =xt - xt-1) and output variables (Δyt =yt - yt-1) were used for fuzzification. For
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period b: 19/29/74 - 11/11/74 the following model was generated from the data:
IF ZO_ΔTWt-1 & ZO_ΔTWt-2 & NB_ ΔTWt-8 & NB_ΔTWt-15
THEN NB_ΔO2t
IF NS_ΔTWt-6 & NS_ΔQt-15 & ZO_ΔTRt-9 OR NS_ΔTWt-15 & NS_ΔQt-8
& ZO_ΔQt-10 & ZO_ΔTRt-10
THEN NS_ΔO2t
IF ZO_ΔTRt-13 OR ZO_ΔQt-14 & ZO_ΔQt-12
THEN ZO_ΔO2t
IF NS_ΔTWt-13 & ZO_ΔTRt-13 & ZO_ΔTRt-14
THEN PS_ΔO2t
IF NB_ΔTWt-5 & NS_ΔTRt-14 & PB_ΔTWt-14
THEN PB_ΔO2t
NB - negative big, NS - negative small, ZO - zero, PS - positive small, PB - positive big.

Table 8.23 list the prediction results for the corresponding fuzzy models.
a/11

a/22

b/11

b/22

c/11

c/22

O2

17.78

20.44

4.42

6.22

5.41

8,13

TW

4.59

7.25

1.34

3.52

2.85

7,55

Q

2.01

2.61

4.13

13.11

0.50

2,83

TR

6.74

7.80

4.94

11.86

3.62

5,94

Table 8.23: Prediction error (MAD[%]) obtained using FRI
Summary
In this example, we applied self-organising data mining methods for predicting water quality. The
results show for different data sets and different time periods that it is possible to generate longterm out-of-sample predictions of good accuracy using small and noisy information bases only.
Nevertheless, including other available characteristics may increase accuracy even more. A
combination of alternate models is specifically important to increase reliability of results. A moving
modelling can be installed easily and seems promising when used over a long time span systematically.
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8.3 ... From other Fields
8.3.1 Heart Disease
Data Source
V.A. Medical Center, Long Beach and Cleveland Clinic Foundation: Robert Detrano, M.D.,
Ph.D.Donor: David W. Aha
Date: July, 1988
Problem
Diagnosis of diseases is an important and difficult task in medicine since it concerns one of the most
complex known systems: the human. Detecting a disease from several factors or symptoms is a
many-layered problem that also may lead to false assumptions with often unpredictable effects.
Therefore, the attempt of using the knowledge and experience of many specialists collected in
databases to support the diagnosis process seems reasonable.
The goal of this example application refers to the presence of heart disease in the patient. The target
variable distinguishes between five levels of heart disease: 0 - no presence and 1, 2, 3, 4 - presence
at a gradually increased level. So the problem is twofold: 1. a binary classification problem on
attempting to distinguish presence (level 1-4) from absence (level 0) and 2. attempting to find a
model that classifies the five levels of disease most accurately.
Information Used
We have used two data sets (http://www.ics.uci.edu) related to different locations: Long Beach
(200 cases) and Cleveland (303 cases). They contain 76 attributes, but all published experiments
refer to using a subset of 14 of them:
x1 - age: age in years
x2 - sex: sex (1 = male; 0 = female)
x3 - cp: cp: chest pain type
-- Value 1: typical angina
-- Value 2: atypical angina
-- Value 3: non-anginal pain
-- Value 4: asymptomatic
x4 - trestbps: trestbps: resting blood pressure (in mm Hg on admission to the hospital)
x5 - chol: chol: serum cholestoral in mg/dl
x6 - fbs: fbs: (fasting blood sugar > 120 mg/dl) (1 = true; 0 = false)
x7 - restecg: 19 restecg: resting electrocardiographic results
-- Value 0: normal
-- Value 1: having ST-T wave abnormality (T wave inversions and/or ST
elevation or depression of > 0.05 mV)
-- Value 2: showing probable or definite left ventricular hypertrophy
by Estes' criteria

... From other Fields

217

J.A. Mueller and F. Lemke

x8 - thalach: thalach: maximum heart rate achieved
x9 - exang: exang: exercise induced angina (1 = yes; 0 = no)
x10 - oldpeak: oldpeak = ST depression induced by exercise relative to rest
x11 - slope: slope: the slope of the peak exercise ST segment

x12

-- Value 1: upsloping
-- Value 2: flat
-- Value 3: downsloping
- ca: ca: number of major vessels (0-3) colored by flourosopy

x13 - thal: thal: 3 = normal; 6 = fixed defect; 7 = reversable defect
x14 - num: diagnosis of heart disease (angiographic disease status)
-- Value 0: < 50% diameter narrowing
-- Value 1: > 50% diameter narrowing
(the predicted attribute)
For the Cleveland data set also information related to costs were available. The cost is in Canadian
dollars and the cost information is from the Ontario Health Insurance Program's fee schedule. The
costs here are for individual tests, considered in isolation. When tests are performed in groups,
there may be discounts, due to shared common costs. The data sets contain many missing values,
which are marked by a -9.
attribute
costs [Can$]
age:
1
sex:
1
cp:
1
trestbps:
1
chol:
7,27
fbs:
5,2
restecg:
15,5
thalach:
102,9
exang:
87,3
oldpeak:
87,3
slope:
87,3
ca:
100,9
thal:
102,9
Solution
We started with the reduced Long Beach data set of 14 attributes using both GMDH and self-organising Fuzzy Rule Induction. Then we created a GMDH model using the complete Long Beach data
set (76 attributes) to figure out how the other attributes would contribute to the model. To confirm
the results on another data set, a second GMDH model was generated on the reduced Cleveland
data set. All GMDH models we consider here are static nonlinear models and for FRI each attribute
was fuzzified into 5 linguistic variables. To get a sharper difference between presence and absence
of disease, we transformed the target variable into -1 for absence, and 1-4 for presence
correspondingly.
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Results
Long Beach
We divided the data set into 180 cases for learning and 20 cases for evaluating how the models do
on new data. The complex nonlinear GMDH model was composed of this subset of attributes:
x14 = f(x1 , x 2 , x 3 , x 6 , x 8 , x 9 , x 10 , x 11 , x 13 ).

Figure 8.25 plots this model vs. x14 (the target) and table 8.24 shows the classification results on
both learning and testing data.
4
3
2
1
0
-1
-2
-3
x14

MODEL LB14

PREDICTION

Fig. 8.25: Nonlinear GMDH model vs. target variable x14
Long Beach 14

Long Beach 76

GMDH

GMDH

Fuzzy Rule Induction

Has/Has Not Class 0-4 Has/Has Not Class 0-4 Has/Has Not Class 0-4
train false classified
Accuracy [%]
test false classified
Accuracy [%]

37

116

2

24

3

-

79.44

35.56

98.89

86.67

98.33

-

7

16

2

5

2

-

65.00

20.00

90.00

75.00

90.00

-

Table 8.24: Classification results for the Long Beach data set

The complete data set of 76 attributes contains some factors that are stated as ‘unused’ so that 64
variables were used effectively. The generated model is shown in fig. 8.26 and is a function of
these eight attributes:
x76 = f(x10 , x 11 , x 56 , x 59 , x 60 , x 62 , x 64 , x 66 ),

with x10 - oldpeak, x11 - slope, x56 - year of cardiac cath, x59 - ladprox, x60 - laddist, x62 cxmain, x64 - om1, and x66 - rcaprox. The data source information indicates that attributes 59 to
66 are vessels.
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4
3
2
1
0
-1

x76

MODEL LB76

PREDICTION

Fig. 8.26: Nonlinear GMDH model vs. target variable x14

This model shows an increased classification capability (table 8.24) and is mainly composed of
attributes that are not included in the reduced data set. Since we are no medical experts, we cannot
comment this fact here. Compared with other published results of about 80% classification
accuracy for the binary classification task, these GMDH models seem to have a significantly
higher accuracy (98% in table 8.24).
From Fuzzy Rule Induction that employs the eight extracted attributes from the GMDH model
above as inputs, this model was generated for the binary classification task (table 8.24):
IF PB_om1 OR PB_ladd OR PB_cxmain OR PB_ladp OR PB_rcap
THEN Presence

When modelling all five levels separately, this model was obtained for absence of disease
IF NB_om1 & NB_cxmain & NB_rcap & NB_ladp & NB_cxmain & NB_ladd & NB_rcap
THEN Absence

and the following rules are created for the different levels of presence:
IF NS_slop OR PB_slop & PS_cyr OR NB_ladp & ZO_slop & PB_cyr OR NB_cyr
OR NS_cyr & NB_cxmain OR NB_ladp & ZO_slop & PB_cyr
THEN NS_class (class 1)
IF PM_old & PB_om1 OR ZO_slop & PM_cyr OR PM_old & PB_om1 OR NS_cyr
& PB_om1
THEN ZO_class (class 2)
IF NB_old & PB_om1 OR PB_ladd & PB_rcap OR PB_ladp & PB_cxmain & PB_cxmain
& PB_rcap OR ZO_cyr & PB_om1 OR PB_ladd & PB_rcap OR PB_cxmain
& PB_ladp & PB_rcap
THEN PS_class (class 3)
IF PM_old & NB_slope OR PB_old & NB_ladp
THEN PB_class (class 4)
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Cleveland
The reduced Cleveland data set was devided into 270 cases for learning and 33 cases for
prediction, and GMDH has created a nonlinear model
x14 = f(x2 , x 3 , x 7 , x 9 , x 10 , x 11 , x 12 )
which is composed of a similar set of relevant input variables as the reduced Long Beach model.
The classification power compared with the latter model, however, is much higher as shown in
table 8.25. Unfortunately, we couldn’t create a model for the complete Cleveland data set, because
there was a warning that these data seems to be corrupted. So we couldn’t confirm the results with
this data.
Cleveland 14
GMDH
Has/Has Not Class 0-4
train false classified
Accuracy [%]
test false classified
Accuracy [%]

47

150

82,59

44,44

5

24

84,85

27,27

Table 8.25: Classification results for the Cleveland data set

Besides classification accuracy, the efforts (time, costs) for applying a classification model are quite
important also. Since GMDH selects a subset of attributes necessary to obtain a corresponding
classification quality, some positive effects may appear from this perspective also. Table 8.26
examplarily expresses this advantage compared with a model that would use all 13 provided
variables (like many NNs do, e.g.).
Cleveland 14
all attributes

GMDH

Long Beach 14
all attributes

GMDH

costs per patient [CAN$]

600,57

483,20

600,57

475,90

advantage [%]

0,00

19,54

0,00

20,76

Table 8.26: Cost reduction from using GMDH models

Summary
Using two different data sources, GMDH has shown that it can extract valuable information for
classification purposes. Based on its strong advantages, speed, self-selection of relevant input
variables and generation of an analytical model for interpretation purposes, the complete data set of
76 attributes was applicable and has proven to significantly increase classification accuracy using a
small subset of attributes only. With this knowledge, detection of disease may also get more
efficient by reducing both time and costs for the corresponding procedure.
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8.3.2 U.S. Congressional Voting Behavior
Data Source
Source: Congressional Quarterly Almanac, 98th Congress,
2nd session 1984, Volume XL: Congressional Quarterly Inc.
Washington, D.C., 1985.
Donor: Jeff Schlimmer (Jeffrey.Schlimmer@a.gp.cs.cmu.edu)
Date:
27 April 1987
Problem
This data set includes votes for each of the U.S. House of Representatives Congressmen on the 16
key votes identified by the Congressional Quarterly Almanac (CQA). The CQA lists nine different
types of votes: voted for, paired for, and announced for (these three simplified to yea), voted
against, paired against, and announced against (these three simplified to nay), voted present, voted
present to avoid conflict of interest, and did not vote or otherwise make a position known (these
three simplified to an unknown disposition). The goal is to find a model that reflects a Congressman's party affiliation (Democrat, Republican) based on her or his votes of a fixed set of attributes.
Information Used
This data set was taken from the UCI Machine Learning Repository
(http://www.ics.uci.edu/~mlearn/MLSummary.html), and it contains 435 instances (267 democrats, 168 republicans) and 17 Boolean valued attributes.
x1 =y - Class Name: the target variable (democrat, republican)
x2
- handicapped-infants
x3
- water-project-cost-sharing
x4
- adoption-of-the-budget-resolution
x5
- physician-fee-freeze
x6
- el-salvador-aid
x7
- religious-groups-in-schools
x8
- anti-satellite-test-ban
x9
- aid-to-nicaraguan-contras
x10 - mx-missile
x11 - immigration
x12 - synfuels-corporation-cutback
x13 - education-spending
x14 - superfund-right-to-sue
x15 - crime
x16 - duty-free-exports
x17 - export-administration-act-south-africa
This data set of N=435 instances was differently divided into learning (Nl ) and validation data
subsets (N v ):
a) Nl =200, Nv =235 and
b) Nl =400, Nv =35
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The first Nl instances of the data set we used to create a model, and then this model was applied on
the remaining Nv votes to predict corresponding party affiliation (out-of-sample prediction).
Solution
Since all attributes are Boolean valued, Fuzzy Rule Induction is a good choice here. The target variable y is encoded into two values: A zero stands for republician and a one for democrat. The attributes x 2 - x17 have three values (nay , yea, unknown), so they are transformed into three linguistic
variables using the span based fuzzification method (section 7.4.1): N_<attribute> is equivalent to
"nay", ZO_<attribute> to "unknown" , and P_<attribute> substitutes "yea". The resulting data set
of 48 linguistic variables was used to create a logic model.
Results
A)
KnowledgeMiner has created this simple rule that best describes party affiliation:
IF NOT_ZO_adoption of-the-budget-resolution & N_physician-fee-freeze
OR NOT_P_physician-fee-freeze & NOT_ZO_mx-missile
THEN Party Affiliation = Democrat

Using only 3 attributes (adoption of-the-budget-resolution , physician-fee-freeze, mx-missile) from
potentially 16 attributes, this rule shows only 5 false classified cases, which is an accuracy of
97.5% (table 8.27).
This model quality is almost confirmed when applying this model on the remaining 235 instances.
Here, 12 cases cannot be described correctly by the model, so that the model's overall classification
accuracy is 96.1%.

Nl
false classified
classification accuracy [%]

5
97.5

Model A
Nv
Nl + N v
12
94.8

17
96.1

Nl
16
96.0

Model B
Nv
Nl + N v
1
97.1

17
96.1

Table 8.27: Classification accuracy of the generated rules

B)
We run the second test to check if classification accuracy can be increased using a larger learning
data set for rule induction. Here, KnowledgeMiner has created this rule for party affiliation:
IF N_physician-fee-freeze OR NOT_P_physician-fee-freeze
& NOT_ZO_mx-missile
THEN Party Affiliation = Democrat

The rule's classification error is 16 on learning and 1 on validation data (table 8.27). This result has
two interesting aspects. First, the generated rules of both tests are almost identical showing that the
votes are very consistent so that a small data set is well suited already for Fuzzy Rule Induction.
The second aspect is that not only the overall classification error of both rules is same, but also that
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the same instances are false classified by the rules A and B. This underlines the similarity of both
rules.
Based on these conclusions, we created another rule using all 17 false classified instances only.
Important is that from these 17 instances 14 are democrats. So this data set isn't well balenced.
Interestingly, the following rule with a classification accuracy of 100% was obtained:
IF P_physician-fee-freeze
THEN Party Affiliation = Democrat

Obviously, this rule describes a minority vote of the 14 democrats and the 3 republicians demonstrating an opposite opinion in the question of physician-fee-freeze than their party's majority. It
also suggests that the 1984 U.S. House of Representatives voting was esentially driven by the problem of physician-fee-freeze.
Summary
In this example FRI was applied to analyse voting behavior. The rules were generated using different data subsamples within a minute. They show a consistent dependency structure that suggests
that the 1984 Congressional voting was completely decided by just two attributes, physician-feefreeze and mx-missile. Also, a minority vote model was generated so that the entire data set is
100% described by two rules.

Additional examples can be downloaded with the most recent version of KnowledgeMiner at
http://www.knowledgeminer.net
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