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The SPELA-Approach to Predictive Modeling  

The purpose of this document is to describe and contextualize the SPELA approach to 
predictive and diagnostic modeling from a scientific perspective, yet focusing on more 
technical aspects. SPELA builds on the Self-Organizing Map, to which it adds a 
methodology of evolutionary optimization, post-processing, validation and model 
selection. 

From that it should be clear that SPELA is not about a low-level algorithm, despite we 
clearly prefer the Self-Organizing Map as the core module to establish associations. Yet, 
the positioning of SPELA is that of a methodology that integrates various methods. You 
may conceive the difference between SPELA and a particular algorithm metaphorically as 
the difference between a machine and a plant. 

 

Summary 

SPELA is a member of the family of machine-based learning procedures, sometimes also 
called “neuro-evolution” or “memetic procedures”. The acronym stands for “Self-
Configuring Profile-Based Evolutionary Learning Approach.” In Swedish it means to 
play, to record, which not only provides a nice impression about the basic characteristics 
of modeling, but also is linking SPELA to the wider philosophical context of rule-
following. 

SPELA integrates a number of well-known approaches, most prominently the self-
organizing map (SOM), including statistical procedures, in aiming to provide an 
industrial solution to the task of data analysis and predictive modeling. As such it serves 
both strong analytical power and high data security1. Common procedures like statistics, 
hand-crafted neural networks or heuristic combinations of both usually lack the 
possibility to transfer data analysis into standardized organizational processes. In 
contrast, SPELA runs in an automated way, allowing even for continuous self-directed re-
learning and re-modeling. Thus, SPELA can be used for deriving predictive models and 
for delivering the models to the point of decision. 

As a method, SPELA is more powerful than pure-breed approaches or singular statistical 
analysis, because it is able to cover both the case of linear data and the case of non-linear 
data, even if under conditions of considerable noise2. This resolves the “method-quarrel”. 
As a consequence, SPELA is able to describe the quality of the data while returning a 
robust model, a property completely unachievable for other methods. Another corner-

                                                                 

1 Data security is defined in ISO17799 

2 e.g. due to measurement errors, due the impossibility for measuring those variables which are tightly 
related to the underlying causality, due to unresolved non-stationarity, or due to inherent complexity of the 
measured system. 
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stone of predictive modeling in real-world contexts is the possibility for asymmetrical 
error costs. This necessity is not met by most statistical procedures.  
SPELA nevertheless makes heavy use of statistics. Statistics is not applied to the data to 
derive conclusions, however, instead it is used to describe and select from a large 
population of models created by the evolutionary process implemented in SPELA. 
Sometimes, statistical methods are applied to the data as well, but only as a kind of a 
hypothetical transformation, just like re-scaling or log-transforms, which all have to be 
tested for their suitability by the neuro-evolutionary process. 

This document also describes the validation procedure employed in SPELA for building 
robust models. Finally, models built with SPELA are not so-called black-box models (in 
contrast to models built by artificial neural networks), since any classification or scoring of 
new data is made using an open description of a collection of prototypes. Prototypes are 
described by their properties and the relative strength of those, while the selection and the 
generation of the protoypes is based on a transparent similarity function. The comparison 
of new records to known prototypes is performed by applying simple mathematical 
similarity calculations. 
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Brief Methodological Description of the SPELA approach 

The SPELA approach is a fine-tuned combination of advanced techniques being extens-
ively researched by many research groups. In the following, we describe the underlying 
techniques and their role within SPELA.  

Building Predictive Models 

SPELA builds predictive models using a so-called “Memetic Procedure”, which is a 
combination of associative mathematical structures (cf. Lim et al. 1999, Krasnogor 1999, 
Merz 2001) like an Artificial Neuronal Network (ANN) and an Artificial Evolutionary 
Procedure (AEVOP), i.e. some kind of Genetic Algorithm3 or any other related 
evolutionary scheme. Such a combination is also called “Neuro-Evolution”, if the 
evolutionary procedure is used to optimize the Artificial Neuronal Network (cf. Stanley& 
Miikkulainen 2002, Sexton et al. 1999). Artificial evolution is, of course, not comparable to 
real-world biological or social evolutionary processes. They share, however, some 
fundamental and quite abstract properties, such like different time scales for different 
kind of memories, the distinction between phenotype and genotype and the population-
based approach. It is noteworthy, that these principles can be realized in very different 
ways, always ending in some kind of an “evolutionary” procedure. Unlike other neuro-
evolutionary approaches, however, SPELA does not use the AEVOP to “optimize” the 
associative structure, thereby avoiding the problems related to the encoding/de-coding 
process necessary to “load” the genetic algorithm. Instead, the associative structure is a 
direct part of the micro-evolutionary process. Thus, the SPELA core may be conceived as 
a small (sub-)population of linked entities, each with a genotype, a phenotype and an 
associated fitness. Those entities are not independent, since they are members of a self-
organizing map. In SPELA, the entities are even mobile and polymorphic in some sense, 
the nodes thus may be conceived not as neurons but more like mobile cells (but not a 
swarm either).  

Generally, we use a combination of “Resonance Self-Organizing Map” and a combinatori-
al genetic procedure acting on the variable selection. Polani (1996) describes an exemplary 
combination of classical SOM with genetic algorithms. The “Resonance Self-Organizing 
Map” is itself an optimized combination of Adaptive Resonance Theory Net-works (e.g. 
Carpenter et al. 1988, Baraldi et al. 2002) and Self-Organizing Maps (cf. Kohonen 1982, 
1984, 1997, Ritter et al. 1992), organized similarly as a technique also known as “Grow 
When Required” (cf. Marsland et al. 2002). Following a similar idea, Cho (2002) has 
demonstrated the significant superiority of such a structure-adaptive self-organizing map 
(SASOM) compared to a classical SOM as well as human subjects. The combination of 

                                                                 

3 A Genetic Algorithm is just a numerical optimization method, which offers some advantages as compared 
to traditional optimization techniques. 
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structures described above has been implemented into a software package (“SPELA”) in 
order to perform the analysis by applying the above mentioned methods. 

As a system, SPELA is a heterogeneous adaptive system (HAS), employing competitive 
learning driven by artificial evolution as a basis, and using statistical models for selecting 
the finally desired model. Duch & Grabczewski (2002) argue that HAS should be superior 
to “pure breed” adaptive systems, since any pure method has a filtering and 
responsiveness bias. 

As associative structures, Self-Organizing Maps own some preferable properties. First, 
they provide an easily to interpret mapping of high-dimensional data spaces into a low-
dimensional (often 3D) space. This mapping is topology preserving (Kohonen 1982), 
mainly due to the fact, that the clustering follows a bottom-up competitive learning 
scheme. The clustering of SOMs approaches an optimal Voronoi (Voronoi 1908) 
partitioning (Ritter 1992). A SOM is able to detect autonomously hidden correlational 
structures, even if they are non-linear. These non-linear interactions between variables can 
be extracted as rules easily from the SOM in a recursive procedure (cf. Hammer et al. 2002 
for an alternative approach for extraction). As such, and if used as in SPELA, a SOM is 
similar to Neuro-Fuzzy-approaches (Catto et al. 2003) in its transparency and accessibility. 
The internal structure of SOM is more simple than that of ANN since there is no hidden 
layer, and hence they allow both for better control and better controlled variants along 
their principle structural parameters. For these reasons SOM are superior to many other 
techniques like principal component analysis, decision trees and the similar naïve Bayes, 
Bayes networks or artificial neuronal networks. Ultsch & Vetter (1994) proof the superiori-
ty of SOM over classical clustering methods like K-means. The SOM-clusters are also an 
representation of a multi-dimensional fuzzy piecewise approximation for unknown and 
even nonlinear or discontinuous functions, if necessary. This makes them useful also for 
time series analysis and further underlines their general applicability. 

It is not surprising that SOMs are used for a variety of tasks from data exploration, to 
pattern detection and recognition and predictive modeling in many different domains 
(Kaski 1997, Oja et al. 2002 for comprehensive bibliography). Kaski also discusses at 
length the differences between statistical methods (PCA, MDS) and SOM in the context of 
data exploration, data mining and predictive modeling.  

Exploration, pattern detection and recognition and predictive modeling, in this order, 
demand for an increasingly stable and transparent output., i.e. labelings, recommend-
ations or predictive models. While exploration of data should give proper previously not 
available insights, predictive modeling requires for a detailed description of prediction 
risk. Usually, one has to apply a range of different methods to get answers in all of those 
disciplines. Of course, there are synergies. Predictive modeling will be more confident if it 
is based on newly discovered, strong and semantically feasible issues in the data, and 
exploring data will be more reliable if it also can serve as a structural predictive model. 
Essentially, in our perspective, these four tasks should not be separated at all. One of the 
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most appealing properties of the SOM therefore is that all these tasks can be treated by a 
single approach. This avoids methodological breaks, which would lead to inconsistent use 
of information from the data, and allows for an integrated implementation. An example 
for a methodological break is the use of logistic regression with arbitrary cutoff in 
advance to structural modeling like multi-variate regression or clustering. Obviously, the 
choice of cutoff is likely to be subjective, at least, and not based on optimality 
considerations. 

In Kohonen’s SOM principle as well as Carpenters ART principle, each of the clusters is 
described by its profile, which is roughly the mean of the values collected by a cluster. 
This opens a beneficial basis for the purpose of post-processing. From the perspective of 
evolutionary optimization, the clusters in a ART-SOM collection can be interpreted as 
fuzzy approximations to pareto-envelopes, as described by Corne et al. (2000). 

A cluster, or more exact, the statistical properties of a cluster, together with its profile 
builds a prototype. Duch & Grudzinski (2001) propose, that prototypes are a more robust 
way to represent data than logical rules, since logical rules are inherently linear in their 
boundaries. They proof their proposal by some empirical examples. All prototypes of a 
SOM together establish a so-called “SOM codebook” (Siponen 2001), and contains 
examples and counterexamples with regard to the classification task, i.e. prototypes and 
antitypes as distinguished profiles, or an estimation of location and risk in fuzzy 
regression. 

The most important free parameter of a SOM is the number of clusters. A high number of 
clusters may lead to over-parameterization of the model and to overly optimistic accuracy 
of the models. Generally we apply the rule that on average the clusters have to contain at 
least 10 records. The number of the clusters is not fixed, but limited in order to meet that 
criterion. Actually, the network is allowed to “grow when required” (see above) within 
the allowed limits. We else check the scaling of the ratio of maximum accuracy and 
accuracy in re-sampling and cross-validation as a measure for over-fitting or noise 
learning. 

Finally, SPELA solves the tasks of simultaneously determining the feature vector (the set 
of relevant variables), providing the optimal clustering and prototype representation 
based on that selection 

4, and selecting transparently the correct model. The simultaneity 
of this task was recently described as “challenging, the architecture should learn the input-

                                                                 

4  It should be clear, that a cluster analysis without integrated feature selection is essentially nonsense, since 
any grouping and similarity is dependent on the variables selected for similarity calculation, and the 
resulting sorting has to be evaluated concerning a purpose of the sorting, i.e. the model and its predictive 
power. There is no model without purpose, there is no generalized sorting which would always serve any 
kind of purpose, and there is no “essence” of a phenomenon in terms of attributes either, a fact well-known 
in philosophy since Spinoza, who lived in the 17th century. The same holds true for any method applying a 
static similarity reasoning, namely covariance analysis, correlational analysis and all kinds of methods 
derived from those. 
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output mapping without overfitting the data and training algorithms tend to get trapped into local 
minima.” (Rocha et al. 2005) 

Validation Procedures 

As Wade (2000) correctly points out, with regard to prognostic models one has to 
distinguish derivation and validation of models, validation also including a description of 
the robustness and generalizability under domain-specific conditions. Without checking 
the robustness of the model in predicting, i.e. is generalizability, the empirical content 
(Zytkov 1997) is not existent. Without empirical content, however, a model remains a 
tautology, any similarity, i.e. useful relation to empirical phenomena rendered highly 
unstable. Empirical content of a model may be missed after testing for arbitrary 
differences between any two groups without checking the predictive power, especially if 
“differences” are defined in terms of de-contextualized and singularized variables. 
Models also lack empirical content if they are based on methods which do not separate 
what exists from what cannot. This is true for nearly all clustering methods except ART 
networks, SOM networks and COBWEB (Zytkov 1997). Noteworthy, any simple 
clustering can not be regarded as a model, rendering the notion of “unsupervised 
clustering” into a mere play of words (besides the fact that any clustering requires some 
kind of optimality criterion). 

This phenomenon has been described for a long time by statistics itself, when pointing 
e.g. to the epistemological difference between correlation and causality, or between 
analytically describing data from the past and applying it to the future. More formally, if a 
series of numbers is sufficiently long, where sufficiently means something of only 10 to 20 
(numerical) values, there is already an infinite number of possibilities to continue any 
given arbitrary series of values in a strictly rule-based manner (Hofstadter 1979). The 
same of course is true for larger bodies of data, which means, that any model, which is not 
thoroughly tested or validated, inevitably is dramatically wrong with a nearly 100% 
chance. 

In the case of a sufficient amount of data the validation of models is simply achieved by 
testing the models’ predictive properties on a separate sample not being used in any way 
for deriving the model. This is called out-of-(derivation-)sample validation. Dependent on 
the prevalence of the outcome and on the number of different feasibly distinguishable 
prototypes5, a lot of samples for out-of-sample testing might be needed, irrespective of the 
method used. The ART-SOM has some advantages here, but up to 1000 additional cases 
might be necessary. The reason for this is the inherent dynamics of the system under 
investigation, which is streaming the potential data to our measurement. There are only 

                                                                 

5 This of course depends on the modeling objective, the descriptive statistical properties of the data and the 
suitability of the observations. If there are only 5 variables on a binary niveau, perhaps even with a lot of 
zeroes in the data, no fine grained model, and most likely, also no stable mode can be built. 
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very few systems which can be regarded as approximately stable, such to justify a 
measurement at a single point in time. This, by the way is one of the main reasons for the 
superiority of repeated measurement schemes. 

Usually, especially in basic research or in life sciences, this amount of data is not available. 
There are several procedures to cope with this. Abundant recommendations for cross-
validation are “One-leave-out”, re-sampling or Monte Carlo simulation of surrogated, 
noisy data, which is comparable to bootstrapping. For classifiers also the Receiver-
Operator-Characteristic and the associated c-statistic (area-under-curve) is used for 
confirming the predictive power. This is also used for selecting classifying models if there 
are more than one. 

While we found that “noisy bootstrapping” works fine and returns sufficiently 
conservative estimations for out-of-sample robustness, all the other methods are generally 
too optimistic, presumably not only in the case of ART-SOM as used in SPELA, but also 
for other methods. A particular case of a validation procedure is the so-called ROC, since 
it is widely used for comparing classificators, especially in the medical research, which we 
will discuss in some more detail now. 

Validating and comparing prognostic models: the case of ROC 

ROC means receiver operator characteristic and has been developed in signal processing 
technology before it was adopted to the area of medical diagnostic modeling, and so to 
the area of predictive modeling at large, in the 1970ies. 

Although ROC has some advantages (Swets 1988) like simplicity, we do not use ROC 
for validating, selecting (see for instance Lasko et al. 2005), or combining models as 
suggested by Provost et al. (1998). The main difficulty with ROC in practical applications 
is that it can not reflect asymmetric, i.e. real world configurations of costs, as Drummond 
& Holte (2004) and Remaley et al. (1999) correctly point out. For the purpose of 
demonstration, compare the case of a patient who dies unexpectedly, i.e. there would be a 
false positive assignment of “low risk”, and the case of intensified care in order not to get 
surprised. Clearly, a patient who dies unexpectedly imposes much more “costs” than 
serving him 10 minutes additionally each day due to wrongly attributed risk. Attributing 
falsely the state of ‘being ill’ usually is weighted differently by clinicians than attributing 
wrongly ‘health’. Obviously, it does not make any sense in medicine to compare to 
models in the region of 50% false positives when predicting healthiness, and even not for 
10% false positives when ascribing a healthy state through the usage of a machine\data 
based model. No practitioner will apply a mode at this cut-off, and lots of people would 
die due to that if applied.  

It is thus not only interesting, that prognostic modes rarely find their way into clinical 
practice, as Wade (2000) points out, it is definitely not a surprise. ROC is not compatible in 
its logical structure with the procedure of “differential diagnosis” in medicine, which tries 
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to proof the relative healthiness, i.e. to exclude the similar candidate illnesses. It is also not 
compatible with the goals of knowledge discovery in basic research, regardless the 
currency which is applied to measure performance in this area. Actually, the cost of errors 
is only symmetrical in the context from where it originated, that is the practice of signal 
transmission and describing its error rates. Whether a bit is changed from 0 to 1 or vice 
versa is essentially of the same undistinguishable effect and most likely due to the same 
reason, i.e. noise. 

About ROC there is a considerable discussion with hundreds of articles published each 
year, but the argument of zero-beta-models (models without type-II-error) did not appear 
in the literature so far. It is obvious, that for comparing such models we need a different, 
more powerful validation scheme than the ROC or the cost curves (Drummond 2004) can 
provide. 

The following figure describes schematically the problem with ROC and real world 
requirements for diagnostically supportive models. 

 

Figure 1: a) The ROC curve for a hypothetical model, the measure of quality is Area-under–the-Curve (AuC) , 

valued at 0.815.  b) The blue curve represents another hypothetical model, whose AuC would be higher than 

that of the actual model a), but at the same time would be of much less effective value in real world diagnostic 

situations due to the lower true positive rate at FP=0 (indicated by the gray arrow). 

a)  

 

b) 

 

 

The Area-under-Curve, often called also c-index or c-statistic, is least sensitive for 
differences just in the area of highest interest for the practitioner, the low values of false 
positives, and maximal sensitive for in the range of approx. 30% up to 100% of false 
positives, respectively, dependent on the curve itself and dependent on whether the blind 
rate is subtracted or not. Quite obviously, ROC is a bad operationalization of the 
practitioners needs. In order to make it useful, the right-sided limitation of the interval of 

false positive classifications false positive classifications 

true positive true positive 
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interest should be indicated, e.g. ROC-5, meaning, that the ROC is evaluated only till 5% 
false positive classifications. 

Interestingly, there is a similar case to regression analysis. Here also it is generally 
assumed that deviations of the regression are neutral with regard to the costs of the 
deviation. This clearly is not the case in most of the practical applications. For instance, 
modeling the CAD (coronary artery disease) score from serum parameters will result in a 
fair approximation. A deviation from the regression, i.e. a wrongly attributed quality, is 
less severe for values >800 than it is for values from [100..300]. Clearly, regression models 
should weight residuals by assigning differential costs. 

Sometimes, if it is not possible to measure on an adequate level, it will also not be possible 
to derive any robust model. In this case, and only in this case of low-valued information, 
resulting in a general ignorance about the system under investigation, a ROC curve could 
make sense. However, in that case modeling does not provide reliable prognostic models 
anyway, which can be detected also by other means, and would render the modeling 
attempt as a whole weak. 

 

Improved measure of quality for prognostic models 

With the breakdown of the ROC and any of its relatives, the assessment of the quality of 
classification models can not be reduced to a singular measure any longer.  

The basic idea for an improved measure of quality is, that the result of modeling, and so 
the model itself, is a random variable, mainly due to the fact, that there are many models 
(basically sets of predictive variables) possible exhibiting apparently the same figures 
concerning accuracy. Thus, the results produced by the population of models are taken 
from a distribution, which can be estimated. Model selection is done on the basis of that 
distribution, introducing thereby a multi-dimensional construction. In this way, a model 
can be perceived also as subject to a value of information estimation, especially the 
MonteCarlo-variant suggested by Ades et al. (2004). 

Applying a model is a random procedure, and so its outcome is to be conceived as a 
random variable. Estimating the random variable “accuracy” of a model under the 
constraint of applicability requires the estimation of the distribution of classification 
outcomes. This distribution correctly describes the true expected value of classification 
accuracy. If additionally the models are selected by the very conservative policy not to 
exhibit any false positive classification, i.e. “accuracy” is equal to “true positive rate”. At 
least a 100-fold (non-linear) cross-validation [NLCV] (Utans 1998) has to be performed for 
estimating the distribution of the true positive rate. Non-linear cross-validation 
investigates the stability of the results based on a selection of variables across different 
samples from the available data. For re-sampling the same intra-modeling split into 
training and validation sample is applied, usually a random 60:40 split, dependent on the 
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frequency of the targeted outcome. If there are only a few records, or if the mode is not 
stable and generalizable, then the models predictive power will vanish in most of the 
resamplings. The validation procedure should not be restricted to measurement of the 
alpha-level on differences (which are always retrospectively measured), or a 10-fold cross 
validation. Extended cross-validation corrects over optimistic true positive rates which 
always appear on small data sets, since clustering algorithms always detect clusters 
(McShane et al. 2002).  If a model is stable in NLCV, it is “trustworthy” also if applied to 
new data, which often is called the “model-risk”.  

Additionally, cross-validation can be extended by one-leave out schemes for all 
investigations, where the data set is small. However, it should be taken into consideration, 
that simple 1-leave-out cross-validation leads to an overestimation of the robustness of 
models, especially for nonlinear modeling (Utans 1998). 

Finally, the stability of the models under the condition of noisy data should be evaluated. 
Originated in the complex systems research mainly on time series, noising through 
adding surrogate data was applied to the domain of classification by Efron et al. (2004) in 
the context of analyzing micro array data. Liu et al. (2004) demonstrated that noising the 
data in a controlled manner improves results in clustering tasks. For an overview see e.g. 
Charon et al. (2006). To check the stability against noise, successively more severely noisy 
surrogated data is added to the original data for all variables which are real-valued. Small 
noise can be added even for deriving the ultimate model. The results of such noise-scaling 
have to be carefully inspected, since creating surrogate data introduces a hypothesis about 
the structure of the data. If white noise is used to create surrogate data, adding noisy data 
enforces linearity, thus it results in a test for linearity. 

Structural Validation 

The Split Decomposition Tree has been described first by Huson (1997). The Split 
Decomposition Tree is a generalized meta-tree, which avoids to impose hierarchical 
structures if there are none. If concepts in data are badly separated, ambiguities occur, 
reflected by an incompatibility of split systems that are not necessarily compatible and 
cannot always be represented by a single hierarchical tree. Such methods include the split 
decomposition, Neighbor-Net, consensus networks, and the Z-closure method. Split 
Decomposition Tree can make these ambiguities directly visible in a single graph, as 
demonstrated in the figure below. This is of great advantage if to qualify the structural 
properties of a predictive model. 
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Figure 2: A split decomposition tree “SplitsTree” calculated from the set of profiles contained in a SPELA 

model. Profiles represent types or clusters, respectively. The structural stability of a model is visible as a 

separation of Target Group Profiles (red), from Anti-TargetGroup Profiles (blue). Distances between clusters 

(concepts) are represented by the length of the path between them. If concepts of different outcome are rooted 

at the same point, the model is risk-loaded due to its implicit structure, even if results are numerically stable. 

 

 

 

 

 

 

 

 

 

 

 

Structural validation using the method of split decomposition is an easy and itself robust 
way to describe the quality of clustering, i.e. the separation of subtypes. The derived 
robustness measure includes (i) the ratio of possible paths between items (prototypes, 
clusters), (ii) the number of hidden nodes, and (iii) the common access of members of 
different subgroups (outcomes) to a particular node. In the above example, the separation 
would be regarded as robust, though not optimal (due to criterion (iii)). 

Overview about validation procedures 

Validation of models is performed in the following ways. 

 

Table 1: Validation procedures. NLC and OLO are based on 100-fold repeats, ITM is integrated directly into 

the modeling process. 

 
 Label Abbr. topology purpose 

(1)  intrinsic to 

modeling 

ITM within sample,  

within modeling 

enhancing expected robustness by aiming at 

symmetrical results for training and validation 

sample, constant samples 

(2)  non-linear cross 

validation 

NLC within sample, 

outside modeling 

addressing the dependency of a models structure 

from selection of records for building training and 
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 Label Abbr. topology purpose 

validation sample 

(3)  randomized  

cross-validation 

RCV out-of-sample, 

outside modeling 

dto., draw-back is the large effort needed 

(4)  One-Leave-Out OLO out-of-sample 

outside modeling 

simulated prospective usage of a particular 

model, estimation of the expected error rates for 

using the model on new data which are within the 

range of known data 

(5)  noise-scaling NOSC within sample, 

within modeling 

way of break-down of accuracy for increasing 

strength of noise. 

(6)  Split 

Decomposition 

SPLITS within sample,  

within modeling 

Distinctness of type families by a similarity 

(cluster) analysis of the type profiles, using split 

decomposition trees (Huson 2004), see also 

Figure 2. 

  

 

General Statistical Procedures 

Statistical tests on frequencies, ratios and location of means are carried out following 
closely the recommendations of Sokal and Rohlf (Biometry, 1981). 

 

 

SPELA – A Self-Configuring Profile-Based Evolutionary Learning Approach 

SPELA belongs to the class of machine learning. Building a predictive model with a 
machine learning method is so different from the traditional statistical method, that we 
will describe shortly the properties of such modeling and the consequences of those 
properties. Especially, the structure of reasoning will be focused.  

Theoretical Aspects 

Due to the usage of a SOM-like structure, SPELA builds groups of data. These groups are 
a result of a similarity operation, thus the grouping is a kind of optimal clustering. 
Moreover, SPELA selects also the most appropriate sub-set of variables in order to obtain 
the best, i.e. most accurate and most robust, grouping. The clustering of SPELA is 
performed fully variance-controlled. From that grouping then a description of the groups 
is derived following Kohonen’s (1982, 1997) original procedure. Any of the groups is then 
described by a “profile”, i.e. normalized values of variables along the set of selected 
variables, which is often called a “feature vector”. Duch et al. (2001) propose a similar 
approach. In other words, the stratification is deeply built-in into the SPELA approach. 
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SPELA is, however, not only a classical classification engine. Due to the SOM principle, 
the clusters are built in a topology-preserving way, in contrast, say to artificial neuronal 
networks, or Multi-dimensional Scaling, which as a distribution-based method focus more 
on global aspects of data representation and mapping. Through an extension, SPELA is 
also able to derive or detect semantically relevant transformations of variables or of pairs 
of variables in a completely formal, i.e. automated manner. Pairs of variables are related 
to each other by more or less simple mathematical functions like A*B, A*log(c+B) (c is a 
constant). This results basically in a nonlinear axis scaling, warping or even folding of 
axis. A similar procedure has been recently proposed by Wu (2005), who proofs that 
nonlinear axis scaling usually leads to better and more simple models. It is important to 
understand that it is completely equivalent either to fold or warp the axes or to transform 
the space. The difference between both is just on the level of the methods.  

However, even such scaling and transformation is necessarily “only” a hypothesis which 
needs to be tested before definitely deciding to apply it. Hence, SPELA checks the 
usefulness of a transformation before fixing an interaction or transformation for a final 
model. Using this technique, multiplicative or threshold effects, among others, are 
detected and validated autonomously by SPELA.  

The Structure of Reasoning 

Using the paradigms of predictive modeling and machine learning in order to perform a 
data analysis is markedly different from the purely statistical approach. Since knowing 
this difference is important to understand the analysis and the results, it will be shortly 
explained here. 

The structure of reasoning is given by the following sequential steps: 

 

 

 

 

 

Only after a model has been built through extensive exploration and after it has been fully 
validated, conclusions are drawn about the relationships between variables. “Extensive 
Exploration” means, that many thousands of models had been built before the best 
models have been selected. 

 

(1) (3) (4) (2) 
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relevance of 

variables and 
accuracy of models 
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The SPELA – Loop 

Modeling should not be regarded as an analytic technique, that could be applied like a 
formula due to such a presumed analyticity. The transition from a probabilistic 
description to a proposition is always and by principle strongly underdetermined. Hence, 
it is much more appropriate to conceive of modeling as a continuous process, rather than 
a single shot activity. This implies particular means on the infrastructural level, of course. 

Yet, here in this section we will focus on the implications of the underdetermination of 
modeling itself. Above (p.11) we already mentioned the possibility of axis warping. Any 
particular transformation of the data space has to be conceived apriori as a hypothesis 
that needs to be validated, lust like any other parameter of a particular modeling, too. 

This inevitability of both the status of being a “weak” hypothesis and the impossibility to 
revert a fundamental choice about structural parameters in later stages of the modeling 
leads to a loop structure, and quite naturally so.  

We may depict this loop structure as a state transition graph of the modeling process. By 
means of this structure, the modeling process can be automated. Note that the concept of 
“modeling process” still has to assume that there is a purpose defined by some external 
context. 

 

 

 

 

 

 

 

 

 

 

Symbols: L<n> = loop levels; T=transformation of data, S=segmentation of data, R=detecting pairwise 
relationships between variables and identifying them as mathematical functions F(d)=f(x,y), F(d) being a non-
linear function improving the discriminant power represented by the typology derived in S, PP=post-
processing, e.g. creating dependency path diagrams, which are connected through 4 levels of loops, L1 thru 
L4, where L1=finding a semi-ordered list of optimized models, L2=introducing the relationships found by R 
into data transformation, L3=additional sampling of raw data based on post-processing of core process group 
(active sampling), e.g. for cross-validation purposes, and finally L4=adopting the objective of the modeling 
process based on the results presented to the user. Feedback-level L4 may be automated through selecting 
from pre-configured modeling policies, where a policy is a set of rules and sets of parameters controlling the 
feedback levels L1 thru L3 as well as the core modules. DB = some kind of data source, e.g. a database; 

T S R PP data DB 

    

results 

Modeling Process 
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L2 

L3

L4 

core process group 
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While L3 and L4 are standard feedback loops, the levels L1 and L2 connecting T, S, and R 
to form the core process group are not trivial. Feedback L3 belongs to the procedure of 
automated predictive modeling, while feedback level L4 is located on the normative level 
which can not be automated at all. 

The system represented by the above state transition graph, excluding the feedback level 
4, and in combination with the description of the indicated models as given below, is a 
self-referential and directed self-organized system, which is able to create causal 
hypotheses from tabular data or time series without interacting with a human user. 

From the scheme shown above it is clear that the SOM is only a part of the whole 
modeling process, though a quite important one, as it forms the nucleus of the transition 
between probabilistic description and propositional usage. 

 

Overview of the Modeling Core Process 

Here we will display in some greater detail what has been called “core processing group” 
in the scheme above.  

 

 

 

 

 

 

 

 

 

 

 

Quite in contrast to Pyle (2000), we conceive of data transformation as an integral part of 
modeling itself. It is definitely not feasible to conceive of “preparing data” as something 
outside of the “essential” parts of modeling. As said above, transforming data directly 
affects the solution space. Nevertheless, the transformation has to be discerned strictly 
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from the associative part. Transforming data is a purely analytic step. Despite is may 
render information visible, in total it destroys information.  

It is important to understand that transforming data and establishing associations are 
ddrastically different steps. In many methodologies, these steps are not clearly 
distinguished (e.g. in the Weka package, in any statistical procedure). Transforming data 
results in the introduction of new variables, which of course has to be regarded as just a 
hypothesis. Nevertheless, establishing associations e.g. via the SOM is strictly dependent 
on the space provided by the transformative step. From that it obviously follows that the 
transformation itself has to be conceived as a subject of testing during modeling. 

Hence, SPELA incorporates the transformation of data as a deeply integrated part. After 
deriving a particular set of associations (per record, and per variable), it is tested whether 
the given model (as represented by those associations) could be improved by folding the 
data space further. This test can be efficiently performed using the prototypes established 
by the SOM. It is crucial to take the prototypes but not the raw data for this, since the 
prototypes contain information about potential models. Practically, a lot of trans-
formations and combinations of variables by means of analytic functions can be easily 
tested. 

This brings us to the task of drawing samples for validation. 

The sub-sampling necessary for validation can be summarized as follows. 

 

 

 

 

 

 

 

 

Free Parameters in SPELA-Modeling  

In the context of modeling, a free parameter is a parameter that is not given. Usually, 
available data are “givens,” while free parameters concern any setting regarding the 
selection of a method, its inner working or the implementation of it. Elsewhere, we have 
introduced the most general formal representation of the concept of “model” 
(Wassermann 2010). From such a general notion it is easy to derive the list of free 
parameters. 

Deep Integration of Validation Procedures 

L,T = sample for learning, training 

iV = sample for internal validation   

iCV = sample for internal cross-validation 

         (100-fold repeat) as re-sampling 

xCV = sample for external cross-validation 

      (100-fold repeat) if enough data avail.   
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The main difference between the various methodological approaches now is precisely in 
the accessibility of those free parameters. Let us take the operationalization of similarity as 
a representative of the more important free parameters. “Similarity” is a structural 
concept that describes the possibility of a mapping between sets of values, where those 
sets are expected not to be identical.  

In artificial neuronal networks (ANN), the similarity function is opaque, it is not 
accessible at all. In a trained network, the similarity function is given by the whole 
network, it is not possible to put them apart. A trained network also contains information 
about the data, so everything is mixed up. In such networks, the similarity is a result of 
the interaction of the structure of the network, the data, and the so-called transfer 
function. Since the similarity function can not be accessed, it also can’t be optimized, or 
compared.  

The case of (most) statistical procedures is different. Note, that the Principal Component 
Analysis is a statistical procedure. The claim of those procedures is that similarity 
between cases or between groups does not play a role at all. Mostly, the items to be 
compared are distributions of values, measured from populations. Leaving the numerous 
problems aside that are induced by this perspective (cf. Hajek 2008), in the end a 
classification is performed, since a decision is drawn. Usually, this decision is formulated 
as a mismatch of distributions. Yet, this boils down to the claim that members of one 
population do not belong to the other population. The abstractness of the reasoning based 
on distribution does not avoid the necessity to make a proposal. Unfortunately, statistical 
procedures completely hide any notion of similarity, despite they of course imply some 
kind of mapping. Such, statistical procedures are much worse even than ANN when it 
comes to predictive modeling. 

Free parameters are free because they can be chosen. As possible choices they represent or 
strongly influence the space of possible hypotheses. It is for this reason that the clear 
identification of free parameters of abstract modeling and their instantiation in practical 
modeling is so important. In some way, it is even the most important issue in modeling. 

 

Starting from the two schemes provided above about the overall SPELA-loop and the core 
process, we can see that there are (mong others) the following areas from which we may 
derive the free parameters: 
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- the set of available transformations of data, i.e. all parameters that are implied by the 
transformation of the data space; 

- method-specific structural parameters implied by the SOM, such as topology of the 
grid (4r, 6r), the size of the map, the various parameters implied by the SOM-
mechanism, such as the decay of eta etc., but also the structural cost function that 
expresses the allowed divergence of clusters regarding concepts like normalized 
variance or homogeneity; 

- the cost function with regard to the classification errors or deviations to the intended 
regression, i.e. the alpha-beta-asymmetry; 

- the similarity functional; 

- the style of evolutionary exploration and optimization; 

- the sampling for validation and the validation procedure; 

 

Obviously, the quality of the final proposal, i.e. the final set of models depends critically 
on a proper treatment of the free parameters. Thus, it is indicated to choose such a method 
that allows the best control over those free paraemters. It is not a surprise that we choose 
the Self-Organizing Map also for that reason. 

Getting Rid of the “Method Bias” 

In predictive modeling, a method provides a mapping from some input data to a 
particularly described output or result. For instance, we could measure the physiological 
data of a group of patients in order to create a mapping of the observations to the post-
operative risk of dying. 

So far we have seen that it is feasible to distinguish between the transformation of data 
and the establishment of an association. Both parts together then represent a model. 

One of the most serious riddles in modeling is the dependency of the results on the choice 
of the method. Of course, it also would be most preferrable to get rid of this influence as 
far as possible. 

Theoretically, this independence from the method appears precisely at the point where 
two conditions meet: 

(1) We are able to control all free parameters such that we can create a sufficiently large 
set of models representing different settings which then can be used in a comparative 
(comparatistic) investigation. 

(2) We only speak about the risk of selecting from that comparative basis without 
necessity to refer about a particular method. 
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It is clear that we won’t be able to talk about risk in any feasibly manner if we could not 
access the free parameters influencing the resulting model. In contrast, if we can, then the 
influence of the method is precisely expressed as a risk implied by the selection of a 
model, hence we are independent from the method risk. Remember, that the data 
transformation is usually (and incorrectly) regarded as a “method”, but in the SPELA-
approach the transformation of data is a free and accessible parameter.  

 

Practical Aspects 

Application of Models 

Using SPELA, classification or regression models can be built to map the local experience 
as represented by data into a decision support system, which may help to ensure quality. 
It is important to recognize, that SPELA is not a diagnostic system, which would be able 
to infer a diagnosis, i.e. the specific illness, from some high-level input data. What is does, 
however, is to reduce uncertainty with regard to the differential diagnosis, mostly by 
means of stratification or by assigning patient-individual risks, which often can not be 
accomplished by traditional statistical means (Grossi 2006). Even then, we propose to 
combine several models into a meta-model, similar to the way  Sharkey (1996) described 
it.   

Subgroup Analysis 

In many illnesses the relative baseline data are predictors for the final outcome, which 
flaws any attempt for satisfying randomization. In order to check for effectiveness of a 
treatment, an adjustment has to be made for this baseline risk (Johnston et al. 2004, 
Brookes et al. 2004). Sometimes, the respective variables are also called confounding 
variables. 

Within predictive modeling, there is a straightforward approach to correct for the 
unspecific changes in the patients state. In a first step, the baseline variables are mapped 
to the outcome without considering the treatment. The best and probably overfitted 
model for the unspecific response then is used to identify the respective patients by 
prediction, resulting in a conservative selection of patients for quantification of treatment. 
The remainder of the data then is analyzed by including the treatment. In this easy to 
accomplished way, unspecific effects like baseline risk or placebo effects as well as 
incomplete randomization can be corrected for in order to identify the “true” response to 
a treatment. This improves the empirical / ethical situation since studies need not to be 
completely a priori, as it can be performed a posteriori to measurement. The drawback is 
that sample size has to be increased to the same extent as the unspecific effect. The 
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important issue with such risk adjustment by prediction is that the primary model for the 
unspecific effect has to be also robustly free from type-II-classification-error for keeping  
up logical correctness. 

Advantages in a Synopsis 

The main advantages of the neuro-evolutionary approach is clearly its robustness 
allowing to apply it to any kind of predictive classification or regression task. Since 
SPELA takes care of free parameters, the so-called method bias can be avoided 
completely. No particular hypothesis about predictive variables, their linearity, their 
independence or interaction is necessary in advance in order to detect them and to proof 
them. The superior performance of SPELA in terms of robustness and accuracy is largely 
based on the fact that the “SOM codebook” (see above) contains both prototypes and 
antitypes as distinguished profiles. A SOM may be used, however, also for the detection 
of multi-variate outliers or the detection of novelty. SPELA can be used to remove 
unspecific effects from the data a posteriori to the measurement. As a result, the data have 
been cleared from high-dimensional and complicatedly structured noise. The remaining 
data are not noisy any more, hence allowing for a much improved search for causal 
explanations in basic research as well as in clinical diagnosis. SPELA allows to accelerate 
scientific progress in complex domains. It is of distinctive advantage here, that decision 
support models must not and do not show type II errors, if sufficiently enough data are 
available for deriving the model. 

To a large extent, modeling in SPELA is automated, allowing for a high productivity and 
low costs. Predictive modeling has been turned into a nearly formal process, re-locating 
statistics to the right place considerably distant from the real world, into the artificial and 
fully transparent world internal to the computer. There, inside SPELA’s evolutionary 
processes, statistics is at the right place, as any empirical aspect is of the processes and the 
entities is known. Hence, and only slightly exaggerated, “predictive modeling” has been 
turned into a scientific and scientifically sound procedure, away from heuristics, hand-
crafts and manufacture.  

Due to the strong validation procedures and meta-heuristics which are routinely applied 
in the modeling process, models may be directly applied for clinical decision making. 
Based on the optimality of the results, structural reasoning and proof of underlying 
hypothesis is made easy.  
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