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 The aim of our research is to develop hypothesis-free data mining methods to analyze 

interactions between genetic susceptibility determinants, environmental risk and protective factors in 

order to identify and characterize the critical disease-associated biological pathways and molecular 

signatures resulting in type 1 and type 2 diabetes. 

  

 Type 1 diabetes(T1D) is one of the most common chronic diseases occurring in childhood, but 

is diagnosed also among adults at any age, and has a huge medical and socioeconomic impact in 

Europe. Currently there is no means to cure this disease, and in the course of time there is a significant 

risk for the development of vascular complications and an early death of cardiovascular disease. In 

order to develop strategies to prevent and cure T1D in the future it is vital to obtain detailed 

understanding on the pathogenesis of T1D.Type 2 diabetes mellitus (T2D) is another big challenge of 

modern medicine. According to the latest report of the International Diabetes Federation, the number 

of people with diabetes exceeded 380 millions (of which 90% to 95% is T2D) in 2013 and is expected 

to exceed 550 millions in 2030. The exact mechanism of the development of T2D is still unclear, 

however, it is known that important role is played by both environmental and genetic factors.  

 

 Although genome-wide association studies (GWAS) have shown that in addition to 

environmental factors, genes also play an important role in the pathogenesis of T2D (and vice versa in 

T1D), there are no studies clearly describing the interactions between environmental and genetic 

factors. 

 

 In our talk we will present our ongoing efforts of developing interaction analysis methods 

based on hypothesis-free data mining approaches. We believe that applying such methods will allow 

us to analyzecomplex diseases on multiple levels – gene-gene, gene-environment and environment-

environment interactions – to elucidate the factors, and the combinations of different factors, which 

contribute the most towards the development of diseases, including T1D and T2D. 
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 A common dynamical system for an unsupervised learning rule (BCM) and a supervised rule 

(the delta rule) is proposed. The system is put forward as a biologically plausible mechanism for 

combining information streams from information sources that are distinct but have statistical 

dependencies. Results are presented from artificial data sets. 
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 The problem of the objectivity of the assessment of the state of recovery, or the risk of death 

appears to be still pending. What are the factors determining that the patient can be cured and what are 

the chances to reach a normal level of functioning? How to identify the main risk factors which are 

responsible for the return to the hospital? Is a properly planned trajectory of the proposed treatment or 

rehabilitation able to prevent such a return? With large collections of historical data from patient stays 

in hospitals and post-hospital rehabilitation periods, we were able to build a classifier which can 

determine the likelihood of readmission or the patient's death.  This is a value which is opposite to the 

coefficient of recovery. 

  

 We do not know what factor affects the achieved success in the way of treatment of the patient 

most strongly. Therefore, one should encode as much information as possible. Data on the symptoms 

of the disease, performed interventions, administered drugs are the basic information which determine 

the patient episode. Patient data such as age, race, sex should be extended to the context of his life 

beyond the hospital (style of life, conditions for socio-demographic factors and even weather 

conditions in the place where the patient lives). Also, the context in which he grew up and which 

shaped the habits of everyday life in the decision habits seem to affect the quality of life. 

  

 Several problems have been addressed within the presented work. The most interesting issue 

was the universal representation of the episode of the patient's treatment. We used the representation in 

the tens of vector spaces. Further stages began with the transition to the dense spaces using different 

types of matrix factorization. An important element was the inclusion of the time factor for individual 

elements of the treatment path. The identification of homogeneous groups allowed us to decompose 

the problem of classification. This resulted in better fitting classification models, which addressed 

local features of data similarly in parallelization of calculations. At the stage of classification we used 

either linear or nonlinear techniques like: Logistic regression, Extended trees and Convolutional 

Neural Networks. 

                                                           
a
 This work was supported by the grant S/WI/2/2013 from Bialystok University of Technology founded by 

Ministry of Science and Higher Education. 



ENHANCING REUSE OF STRUCTURED ELIGIBILITY CRITERIA AND SUPPORTING 

THEIR RELAXATION 

 

 
Krystyna Milian

1
 

 

 
1
 ACC Cyfronet AGH, Kraków, Poland 

 

 

 Patient recruitment is one of the most important barriers to successful completion of clinical 

trials and thus to obtaining evidence about new methods for prevention, diagnostics and treatment. The 

reason is that recruitment is effort consuming. It requires the identification of candidate patients for the 

trial (the population under study), and verifying for each patient whether the eligibility criteria are met. 

The work we describe in this paper aims to support the comparison of population under study in 

different trials, and the design of eligibility criteria for new trials. We do this by introducing structured 

eligibility criteria, that enhance reuse of criteria across trials. We developed a method that allows for 

automated structuring of criteria from text. Additionally, structured eligibility criteria allow us to 

propose suggestions for relaxation of criteria to remove potentially unnecessarily restrictive 

conditions. We thereby increase the recruitment potential and generalizability of a trial. 

 

 Our method for automated structuring of criteria enables us to identify related conditions and 

to compare their restrictiveness. The comparison is based on the general meaning of criteria, 

comprised of commonly occurring contextual patterns, medical concepts and constraining values. 

These are automatically identified using our pattern detection algorithm, state of the art ontology 

annotators and semantic taggers. The comparison uses predefined relations between the patterns, 

concept equivalences defined in medical ontologies, and threshold values. The result is a library of 

structured eligibility criteria which can be browsed using fine grained queries. Furthermore, we 

developed visualizations for the library that enable intuitive navigation of relations between trials, 

criteria and concepts. These visualizations expose interesting co-occurrences and correlations, 

potentially enhancing meta-research. 

 

 The method for criteria structuring processes only certain types of criteria, which results in 

low recall of the method (18%) but a high precision for the relations we identify between the criteria 

(94%). Analysis of the approach from the medical perspective revealed that the approach can be 

beneficial for supporting trial design, though more research is needed. 
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 Microarrays, as a technology developed in order to detect and compare expression profiles of 

genes, constitute a background for studies aiming at explanation of mechanisms, which take place 

under certain circumstances - depending on a research field. For example, changes in gene expression 

in a brain tissue when an organism is subjected to a chronic stress or in a placenta tissue depending on 

an advanced paternal age, might be studied to determine potential consequences, since it is known, 

that gene expression defines phenotype, i.e. observable trait. Taking that into consideration, a proper 

way of analysis of a such data is a crucial issue when it comes down to understanding causes - once an 

individual displays a characteristic phenotype, or predicting the effects - if an individual is subjected to 

specific conditions. 

 

 Several substantial issues must be taken into consideration, when it comes down to microarray 

data analysis. Firstly, the distribution of the measured expression levels is: (1) almost always non-

normal, (2) different in analysed microarrays (between arrays), (3) dependent between genes in single 

microarray (within array). Secondly, the specificity of microarray experiments is somehow 

troublesome, since very few microarrays are usually involved - each delivering expression levels of 

tens or hundreds of thousands of genes. Moreover, the design of an experiment must be taken into 

account, i.e.: existence of biological or technical replicates and type of microarrays (one-color, two-

color) used. Furthermore, when searching for differentially expressed genes among such number of 

potential true positives induces a problem of multiple testing. 

 

 The process of discovery of differentially expressed genes can by summarized in three 

successive steps: (I) data pre-processing, (II) filtering and (III) discovery of differentially expressed 

genes.Carrying out three consecutive procedures: (1) background correction [1], (2) within-array 

normalization, (3) between-array normalization [2] constitute the first step of the analysis. Filtering, 

carried out after the normalization and before applying procedures focused on discovery of 

differentially expressed genes can consist of: (1) removing spots, for which the background intensity 

exceeds the foreground, (2) removing control probes, (3) median/mean summarization of the M-values 

for every gene. Finally, properly constructed design (defining kinds of replicates and types of samples) 

and contrasts (defining comparisons of interest) matrices allow carrying out the procedure of discovery 

of differentially expressed genes. This part of the analysis is performed in the following way: firstly, a 

linear model (with the design and contrasts matrices taken into account) is fitted to the pre-processed 

and filtered data (for each gene), and then: obtained coefficients of the linear models are tested for 

non-significance (equality to zero - no significant fold change observed) by applying empirical Bayes 

[3] method, which enables moderation of the standard errors of the estimated logged fold changes. At 

the end, resulting list of genes, which can be considered as differentially expressed, should be 

subjected to chosen p-value adjustment procedure, e.g. FDR [4], in order to eliminate the multiple 

testing problem.  
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 With rapid growth and popularity of microarray technology a large amount of gene expression 

datasets became publicly accessible. Availability of this information opens new challenges for existing 

algorithms that search for relations between the genes. Finding accurate and simple rules or biomarker 

genes in gene expression datasets is still a real challenge and requires new efficient and robust 

classification algorithms. 

 

 Relative Expression Analysis (RXA) [1] plays an important role in biomarker discovery and 

microarray data classification. It is based on the relative orderings among the expressions of a small 

number of genes. Instead of using expression values directly, only ranks of the expression data are 

used. The classification algorithms based on that idea appeared robust to small perturbations of gene 

expression values and insensitive to data normalization and standardization procedures. Moreover, 

RXA algorithms generate simple yet powerful rules that may have potential for identification of gene-

gene interactions with plausible biological interpretation and direct clinical applicability [2]. 

 

 Major and well-known drawback of RXA is a high computational complexity, which grows 

exponentially with the size of the collection of genes [3]. The slow performance is caused by the 

analytical calculation of the ranks of all possible gene groups within a dataset. Thus, most of RXA 

classifiers require feature selection, multiple restrictive assumptions and consideration only the 

relations in pairs or triplets of genes. Another problem is the ad hoc definition of the algorithms’ 

parameters like the size and the number of top groups of genes included in the classification model.  

 

 In order to limit aforementioned drawbacks, we propose an efficient solution that is capable of 

searching top inter-gene relations even in large and combined microarray datasets. Our main 

contribution is a specialized evolutionary algorithm that incorporates and exploits knowledge about 

RXA into the evolutionary search and allows exploring solution space with all available genes. 

Through EA we managed to unify all major variants of RXA algorithms, introduce weights to the top-

scoring relations and determine the best size and the number of top gene groups. In addition, by 

embedding information about the genes' discriminative power we could speeded up and partially steer 

the evolutionary search.  

 

 We have performed experimental validation on several publicly available microarray datasets.  

The proposed approach managed to significantly outperform other RXA algorithms in terms of 

prediction power and speed. Compared to the state-of-the-art solutions proposed algorithm was also 

highly competitive. In addition, the rules generated by the evolutionary RXA were very simple (only a 

few genes were involved) and the discovered knowledge was supported by biological evidence in the 

literature.  
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 In this talk, I will review various ways of evaluating models learned from data, starting from 

simple measures, such as accuracy, sensitivity and specificity, through more complex measures, such 

as ROC curves and calibration curves used in probabilistic systems, and finally confidence intervals 

over the results obtained from models and over evaluation measures. 
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 Fuzzy Random Forest is relatively new classifier, proposed in 2008 [1]. Authors of this 

solution use fuzzy logic and fuzzy decision trees. Forest is an ensemble classifier which consists of 

many trees. The forest's decision about membership of the object to the given class is made according 

to decisions of trees which are part of the forest. The definition of random forest was proposed by Leo 

Brieman in 2001 [2]. The characteristic element of this classifier is the fact of using randomness in the 

classifier's construction. This randomness is used mainly in chosing an attribute which is used to split 

the node during the tree's construction process. It makes each tree, which is part of the forest, different 

than others. In many cases it has a positive influence on classification accuracy. Single classifiers 

which make fuzzy random forest are fuzzy trees, presented by Cezary Z. Janikow in 1998 [3]. The 

main difference between this kind of trees and traditional decision trees is the fact that single object 

can belong to more than one leaf with a different degree. In its basic form, fuzzy random forest uses 

this kind of trees and works the way presented above [4].  

 

 Witold Pedrycz and Zenon A. Sosnowski proposed the new kind of fuzzy decision trees, 

which is based on fuzzy clustering, called C-Fuzzy Decision Trees, in 2005 [5]. The characteristic 

aspect of this kind of trees is the fact of considering all of the available data features in each node, 

unlike it is performed in fuzzy trees, where only a single feature is being considered in a single 

moment. The choice of the node to split bases on the variability of information - to perform the split 

there is being chosen a node which have the maximum value of this parameter in comparison to the 

rest of nodes.  

  

 In this presentation we would like to report our attempts of connecting C-Fuzzy Decision 

Trees and Fuzzy Random Forests. The purpose of this work is to create the forest which uses this kind 

of trees. There are also our ideas and results of performed experiments presented.  
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 Concept of autonomous system of UAV (Unmanned Aerial Vehicle) will be presented. The 

system consists of a micro drone equipped with a camera that is broadcasting video image data using 

radio signals. The problem described concerns automatic tracking of markers by such devices, for 

example for the purpose of following an object in real time. Captured images are scanned and tracking 

markers are detected. To achieve this, image features detectors (such as SIFT, SURF, BRISK) are 

used and a database of keypoints descriptors of the marker is created. Acquisition of images is 

performed by CCD camera coupled with image transmission system. Preliminary results of research of 

detection of defined marker for the purpose of object tracking will be presented. 
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 Data mining process is expected to allow discovering useful patterns in a large, 

multidimensional data set  represented as matrix [1]. It has been assumed here that each object in the 

examined data set is represented in the matrix as a row consisting of feature vector of the fixed 

dimensionality and a structure. Each object may be also considered as a point in the multidimensional 

feature space [2]. In this context the term pattern may mean some subset (cluster) of feature vectors 

characterized by a certain type of regularity.   

 

 Clustering procedures should allow to extract clusters from the examined data set as certain 

subsets of feature vectors. Biclustering procedures should allow to extract not only clusters (patterns) 

of feature vectors, but should also subsets of single features related to particular patterns. Biclustering 

techniques are being developed intensively at present, among others in the context of genomic data 

analysis [3]. 

 

 Let us consider the data set C which contains m feature vectors xj[n]  belonging to a given n-

dimensional feature space F[n] (xj[n]  F[n]): 

 

 C =  {xj[n]: j = 1,..., m}  (1) 

 

 The feature space F[n] is composed of n features xi (i n). It can be assumed that 

components xj,i of the feature vector xj[n] = [xj,1,...,xj,n]
T
 are numerical results of the n standardized 

examinations of the j-th object (patient)  Oj, where xj.i R or xj,i he    i-th component xj,i of 

the feature vector xj[n] is the numerical value of the feature xi measured in the j-th patient Oj. 

 

 The k-th feature subspace Fk[nk] (Fk[nk]  F[n]) is made of the nk features xi (i k) and 

contains nk - dimensional reduced vectors xj[nk] (xj[nk]  F[nk]). The reduced vector xj[nk] is obtained 

from the feature vector xj[n]  by neglecting these components xj,i which are linked to the features xi 

with the indices i outside the set k (i k). 

 

 Each of m-reduced vectors xj[nk] from the set C (1) defines the below (dual) hyperplane hj[nk]  

in the nk - dimensional parameter space R
nk  

(w[nk] R
nk

) [4]: 

 

 (j  {1,…,m})   hj[nk] =  {w[nk]: xj[nk]
T
w[nk]  =  1} (2) 

 

 The k-th vertex wk[nk] in the parameter space R
nk

 is the intersection point of nk hyperplanes 

hj(i)[nk] (2) defined by nk linearly independent reduced vectors xj(i)[nk] (j(i)Jk). 

 

 (i  {1,…, nk})    xj(i)[nk]
T
wk[nk] =  1 (3) 



 

or in the matrix form: 

 

                           wk[nk]  = Bk[nk]
 -1

1[nk]                                                (4) 

 

where Bk = [xj(1),...,xj(rk)]
T
 is the basis of the k-th feature subspace Fk[nk]. 

 

 The collinearity models are based on the below vertexical hyperplanes Hk(wk[nk]) in selected 

feature subspaces Fk[nk] (xj[nk]  F[nk]) which are defined by K vertices wk[nk]  (4): 

 

  (k{1,…, K})     Hk(wk[nk]) = {x[nk]: wk[nk]
T
x[nk] = 1                  (5) 

 

 Definition 1: The vertexical hyperplane Hk(wk[nk]) (5) supports the collinear (flat) pattern 

Pk[nk] = {xj[nk]} if and only if a large number mk (mk  nk) of the reduced vectors xj[nk] from the data 

set C (1) are located on (or near) this hyperplane: 

 

                       (xj[nk]  Pk[nk])           wk[nk]
T
xj[nk] = 1                     (6) 

 

 The collinear patterns Pk[nk] can be extracted from the data the data set C (1) through multiple 

minimizing the following criterion function k(w[nk]) [5]: 

 

                       k(w[nk]) =    - w[nk]
T
xj[nk]                                 (7) 

                                                                                      j  Dk

                                                                                                              
  

where Dk is the set of indices j of such reduced vectors xj[nk] which have been used in definition of the 

function  k(w[nk]). 

 

 The function k(w[nk]) (7) is convex and piecewise linear (CPL). The basis exchange 

algorithms which are similar to the linear programming allow to find efficiently the minimum of this 

function, even in the case of large, multidimensional data subsets Ck (Ck  C) (1) [4]. 

 

 As a general rule, each collinear patterns Pk[nk] is formed by omission of some feature vectors 

xj[n] from the data set C (1), as well as by neglecting certain features xi from the feature space F[n]. 

Such double reduction can be called biclustering. The proposed technique of biclustering requires 

further theoretical and experimental studies.  
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 The Relaxed Linear Separability (RLS) is the method of feature selection. This approach to the 

feature selection problem refers to the concept of the linear separability of the learning sets C
+
 and C

−
, 

containing m (m = m
+ 

+ m
−
) feature vectors xj [1]. 

 

 

 xj = [xj1, . . .,xjn]
T
 (j = 1, . . ., , m) 

 

 

The sets C
+
 and C

−
 are linearly separable if and only if they can be fully separated by some hyperplane 

H(w,θ): 

 

 

 (∃w,θ)  (∀xj ϵ C
+
) w

T
xj > θ and (∀xj ϵ C

−
) w

T
xj < θ 

 

 

The term “relaxation” means the deterioration of the linear separability due to the gradual neglecting 

of selected features. The considered approach to feature selection is based on repetitive minimization 

of the CPL criterion functions λ(w,θ). 

 

 

 λ(w,θ) = Σ φj
+
(w,θ) +  Σ φj

−
 (w,θ) + λΣ |wi| 

      xj ϵ C+                   xj ϵ C−                             i=1,...,n 

 

 

                    1+ θ - w
T
xj if    w

T
xj < 1+ θ 

 φj
+
(w,θ) = 

                     0                   if    w
T
xj ≥ 1+ θ 

 

                    1- θ + w
T
xj if    w

T
xj > -1+ θ 

 φj
−
 (w,θ) = 

                     0                   if    w
T
xj ≤ -1+ θ 
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 The RLS feature selection method consists of three stages [2,3]. The first stage is to determine 

an optimal hyperplane H(w*,θ*) separating objects xj from the learning sets C
+
 and C

−
. This stage 

results in the optimal hyperplane H(w*,θ*) and an initial feature set Fk composed of k features. 

 

 In the second stage, the value of the cost level λ in the criterion function λ(w,θ) is 

successively increased. This causes thereduction of some features xi as a result of the zeroing of 

corresponding weights wi. As a result of the second stage, we obtain thedescended sequence of feature 

subsets Fk with decreased dimensionality. 

 

 The last step is the calculation of the classifier accuracy in each reduced dataset corresponding 

to the subsets of features in sequence Fk, Fk-1, ..., F1. As a result of the third stage and the whole RLS 

method, we obtain the feature set F*. This is the feature set characterized by the greatest accuracy of 

classifier. 

 

 In recent years, there has been a huge explosion of genomic data. It is because of progress of 

high-performance biotechnology, such as RNA gene expression microarray. These large genomic data 

sets are rich in information and often contain much more information than scientists who generated the 

data could expect. The information contained in genomic data have a wide application. They can be 

used e.g. to support medical diagnosis, preventive health care and population genetic studies. 

 

 Example of application the RLS method for the analysis of the real genomic dataset will be 

presented in the work.  

 

References 

[1] Bobrowski L. Feature subsets selection based on linear separbilty, Lecture notes of the VII-th ICB 

seminar: statistics and clinical practice, 2008. 

[2] Bobrowski L, Łukaszuk T. Feature selection based on relaxed linear separability. Biocybern 

Biomed Eng 2009; 29(2):43–59. 

[3] Bobrowski L, Łukaszuk T. Relaxed linear separability (RLS) approach to feature(gene) subset 

selection. In: Xia X, editor. Selected works in bioinformatics.Rijeka, Croatia: InTech; 2011. URL: 

http://www.intechopen.com/articles/show/title/relaxed-linear-separability-rls-approach-to-feature-

gene-subset-selection 



USING GPU TO ACCELERATE EVOLUTIONARY INDUCTION OF DECISION TREES
a
 

 

 
Krzysztof Jurczuk

1
, Marcin Czajkowski

1
, Marek Kretowski

1
 

 

 
1 
Faculty of Computer Science, Bialystok University of Technology, Poland 

 

 

Decision trees (DT)s represent one of the main techniques for discriminant analysis in data 

mining. They have a knowledge-representation structure that is built of nodes and branches, where: 

each internal node holds a test on one or more attributes; each branch represents the outcome of a test; 

and each leaf (terminal node) is designed by a class label. Tree predictors can be used to classify 

existing data (classification trees) or to approximate real-valued functions (regression trees). The 

success of tree-based approaches can be explained by their ease of application, fast operation and 

effectiveness. 

 

Traditionally, DTs are induced with greedy top-down algorithms. Inducing the DT through a 

greedy strategy is fast and generally efficient in many practical problems, but it usually produces 

locally optimal solutions that do not guarantee the globally best solution. To mitigate some of the 

negative effects of locally optimal decisions, evolutionary algorithms (EA)s were introduced for DT 

induction. 

  

 Application of EAs in DT induction results in simpler but still accurate trees in comparison to 

the greedy strategies. The strength of such an approach lies in a global search for the tree structure and 

the tests in the internal nodes. This global induction can reveal hidden regularities that are often 

undetectable by the greedy methods. However, one of its major drawbacks associated with the 

application of EAs is the tree induction time, especially for large scale data. 

 

In order to hide the computational complexity of evolutionary induction of DT, we design 

GPU-accelerated solution. Although GPU computational model differs from the conventional CPU 

ones, the strategy that we apply is similar to the master-slave paradigm. The CPU (master) executes 

EA steps and delegates computationally demanded tasks to a GPU. The GPU executes the obtained 

tasks in parallel on its cores that could be considered as slaves. This way, so-called global parallelism 

is preserved and the original sequential algorithm does not change. 

 

We apply CUDA environment which supports general purpose computation on GPU 

(GPGPU). The selection and genetic operators are performed sequentially on the CPU, while the 

evaluation process of the individuals is parallelized at the GPU. The data decomposition strategy is 

applied. The parts of a dataset are divided between CUDA cores. Each CUDA core processes the 

assigned data chunk. Finally, the results from all the cores are merged and sent to the CPU. 

 

Computational performance of the proposed approach is validated experimentally on artificial 

and real life datasets. The comparison with the sequential version shows that evolutionary induction of 

DTs supported by GPGPU can be speeded up significantly and allows much larger datasets to be 
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processed. Even a regular PC equipped with a medium-class graphics card is sufficient for our 

algorithm to reduce the tree induction time by more than two orders of magnitude. We see many 

promising directions for the future research. We plan to deal with a multi-GPU parallelization and 

hybrid parallelizations, e.g. MPI/CUDA, among others. 
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One of the basic problems to be considered in Computational Intelligence (CI) nowadays is 

creating systems which are based on the Deep Learning paradigm. Deep learning is an area of machine 

learning that models high-level abstractions in data by using multiple processing layers which perform 

multiple non-linear transformations [1-3].  

 

There are Deep Stacking Neural Networks (DSNNs) [4] among a variety of currently well-

known CI systems. They contain blocks of simplified neural network modules (a deep convex 

network). The weights’ learning problem is formulated as a convex optimization problem with 

a closed-form solution. Each DSNN’s block is a simple unit that can be trained easily by itself in 

a supervised manner without back-propagation for entire blocks. Its main advantage is that a solution 

can be got in an analytical form.  

 

Although Deep Neural Networks (DNNs) have rather high efficiency, they are quite bulky, 

and it takes a long time to learn them [1-3]. That’s why they are designated for batch calculations. 

The Data Stream approach is becoming really popular and it’s definitely a topic of current 

interest. This approach uses artificial neural networks and neuro-fuzzy systems. DNNs can’t actually 

be used for this sort of problems. We propose to use cascade architectures as DNNs which can be 

designated for online data streams.  

 

Taking into consideration a concept of DSNNs, neo-fuzzy neurons (NFNs) can be used as 

nodes of such a system because their outputs depend linearly on inputs and adjusted parameters. Using 

NFNs leads to the fact that we can use both analytical (the least squares algorithm in a batch mode) 

and optimal adaptive procedures (recurrent least squares algorithm, the Kaczmarz-Widrow-Hoff 

algorithm) to train the system. 

 

So, it seems reasonable to develop cascade neuro-fuzzy systems [5-7] due to their high degree 

of efficiency and learning simplicity of both synaptic weights and a system topology. A cascade 

multilayer neuro-fuzzy system is formed with a sequence of cascades/ensembles. Generally speaking, 

a number of cascades may grow unlimitedly. Such a system starts off with a simple architecture 

consisting of a pool (ensemble) of nodes which are trained independently (the first cascade). Each 

node in the pool can have a different activation function and a different learning algorithm. The nodes 

in the pool do not interact with each other while they are trained. After all the nodes in the pool of the 

first cascade have had their weights adjusted, the best node with respect to a learning criterion forms 

the first cascade and its synaptic weights are frozen. Then the second cascade is formed usually out of 
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similar nodes in the training pool. The only difference is that nodes which are trained in the pool of the 

second cascade have an additional input (and therefore an additional synaptic weight) which is an 

output of the first cascade. Similar to the first cascade, the second cascade will eliminate all but one 

node showing the best performance whose synaptic weights will thereafter be fixed. 

 

Nodes of the third cascade have two additional inputs, namely the outputs of the first and 

second cascades. The evolving system continues to add new cascades to its architecture until it reaches 

the desired quality over the given training set. 

 

Generally speaking, the system’s processing quality depends greatly on a type of nodes. We 

recommend using neo-fuzzy neurons (NFNs) because they provide the best approximating properties. 

There’s also a modification of these nodes - extended neo-fuzzy neurons (ENFNs) which form the 

ensemble and make it possible to use online procedures for their tuning. This would allow using 

optimal learning algorithms in terms of speed and processing data as it is an input to the system. This 

approach can be also used for self-learning systems. So, the Deep Learning paradigm can be 

implemented with the help of Cascade Neuro-Fuzzy Systems in this way. 
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