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Abstract — This article describes the fuzzy classification system
developed by the authors and that is particularly applicable to
bioinformatics data classification. The description focuses on the
following steps in the system: 1) Data preprocessing; 2) Classifier
training and construction of the rule base; 3) Classification of
new records and 4) Evaluation of the results; it also explains the
details of processes in each step as well as the processes of missing
data replacement, reduction of the number of alternatives and
functions, construction of membership functions and stretching
of the induced rules. The article concludes with a justification of
the methods and algorithms chosen for each process of the
system.
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l. INTRODUCTION

A classification algorithm defines the association of a new
object with a predefined group of objects. The classification
system proposed in this article embraces the complete process
of data mining — from preparing the data to result evaluation
because common classification algorithms only cover the
classification process although the methods for data
preprocessing and result evaluation are critical and very
necessary.

The classification system described in this article is
intended for bioinformatics data classification. The specific
features of the bioinformatics data comparing to other types of
data are their large dimensionality (containing from several
hundred to few thousand attributes) and the atypical
comparatively small number of records (commonly these data
sets hold less than hundred records due to the expensive tests
that are used to collect the data). The data usually hold the
results of patient examination and haematological molecular
tests using very expensive media that explains the large
dimensionality and small number of the available records. The
data often has missing values due to tests not having been
carried out for specific patients. Therefore, the methods
chosen for this system have to comply with the specific
character of the bioinformatics data sets; this does not mean
that this classification system may not be used with other
types of data although the best results are expected in data sets
with similar record/dimension proportions.

Section Il describes the fuzzy classification system and
gives the information about the parts of the above-mentioned
system. Section 11l gives the justification for inclusion of the
data preprocessing part, including 1) replacing the missing
values, 2) reduction of the dimensionality, 3) construction of
membership functions. Section IV gives the description of the
base fuzzy classification algorithm and its extension — rule
stretching. Section V provides the explanation of result
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evaluation. The article is concluded with the explanation of
the reasoning behind the chosen system structure and its
processes as well as with insight and ideas for further research.

Il. Fuzzy CLASSIFICATION SYSTEM

The fuzzy classification system developed by the authors
consists of four main parts (a full diagram of the proposed
system is presented in Fig. 1):

o Data preprocessing (if necessary, replacement of missing
values; attribute subset reduction; construction of
membership functions).

o Classifier training and rule base creation using rule
stretching.

o Classification of new records (classifier validation or
testing phase);

o Result evaluation (overall accuracy of the classifier and
its overall error).

If it is possible, an expert of the problem domain can be
involved in the result evaluation phase. This can be helpful
while evaluating significance of the obtained results for the
corresponding domain.

I1l. DATA PREPROCESSING

Data preprocessing is a significant part of data mining
because the quality of the prepared data often has an indicative
influence on the classification results [1]. For example, if the
missing values are not processed, some classification
algorithms cannot be applied for the reason that they cannot
classify data with missing values. If dimensionality reduction
is not applied, the time necessary for calculations can be
excessively long, which prolongs the whole process necessary
to receive results, which can be unfavorable in some domains.
Construction of membership functions determines the result of
classification, whereas this process turns data values into
fuzzy values.

A. Missing Value Replacement

The missing values of the initial data sets are processed
using the missing data replacement methods. The techniques
that can be applied while processing the missing data can be
divided into three groups [2]:

1) |Ignoring the missing data or deleting the
records/attributes with the missing values from the
data set;

2) Attribute, criterion evaluation — specific algorithms
that can be used to evaluate the significance of the
missing data;

3) Replacing the missing values.
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If the missing values are to be replaced, the corresponding
algorithms can be divided into these groups according to the
chosen value calculation approach:
 Using a global constant — all of the missing values are
replaced by a certain symbol or word;
+ Using the mean value of an attribute — the missing values
are replaced by the mean value of the corresponding
attribute;

« Using the class mean value of an attribute — the missing
values are replaced by the mean value of the
corresponding attribute for the corresponding class (an
improved version of using the mean value of an
attribute).

Using the most probable value — the missing values are
replaced using one of the data mining methods — regression,
cluster analysis etc., for more information about various
methods see [3].

REPLACING MISSING VALUES
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Fig. 1. Main processes of the classification system.

Taking into account the scope of data, one can conclude
that in bioinformatics data imputation should be first
considered from the biology point of view. In this case, the
type of biological research (in vivo or in vitro) has to be taken
into account. In the case of in vivo study (both preclinical and
clinical), there is always a great variability in the obtained
results because of the individual happening of physiological

processes of the individuals included into the research.
Consequently, the value group of results obtained in the
research can differ. To apply missing data imputation methods
in in vivo studies a compulsory prerequisite is wide population
studies that often cannot be carried out from clinical and
biological point of view. In the case of in vitro studies, the
research is performed in highly controlled laboratory
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conditions, most often using standardized cell, microorganism
or virus cultures. The precision and homogeneity of a group in
such a research design is mostly affected by experience and
skills of the experimenter. Respectively, in an optimally
performed research one can expect foreseeable and
homogenous results in the groups. In this case, missing value
imputation methods in bioinformatics are applicable [3].

Therefore, the missing data replacement methods can be
successfully used from the viewpoint of data mining;
nevertheless, all risks must be considered beforehand by
examining the possible changes that can be introduced to data.
In the case when the initial data (with missing values) can be
successfully processed without missing data replacement,
from the viewpoint of biology it is advisable to leave the
missing data. Therefore, several methods like Support Vector
Machine Imputation (SVMI) [4] or Weighted K-Nearest
Neighbor Imputation (WKNNI) [4] can be used if necessary,
but the use should be considered for each bioinformatics data
set individually [3].

B. Feature Selection

The bioinformatics data commonly have a large number of
attributes and a small number of records. Therefore,
processing of these data using classification algorithms is a
very time- and resource-consuming process, because in order
to induce rules the algorithm has to be trained on a very large
and complex data set. Therefore, data pre-processing includes
attribute selection techniques to reduce the number of
attributes. These methods select only the attributes that are
significant for data classification.

There are many advantages of feature selection and they
allow carrying out the following activities: to avoid overfitting
and improve model performance; to provide faster and more
cost-effective models and to gain a deeper insight into the
underlying processes that generated the data [4]. Feature
selection techniques differ from each other in the way they
incorporate search in the added space of feature subsets in the
model selection. In the context of classification, the feature
selection techniques can be conditionally divided into three
categories according to the extent they can be linked to a
classification model: 1) filter methods, 2) wrapper methods
and 3) embedded methods [4]. Filter techniques assess the
relevance of features by looking only at the intrinsic properties
of the data. Wrapper methods embed the model hypothesis
search within the feature subset search. In embedded
technologies, the search for an optimal subset of features is
built into the classifier construction [4].

A study was carried out to determine the impact of feature
selection methods on results of bioinformatics data
classification, to see more details about the study, consult [7].
It analyzed four different feature selection methods: Fast
Correlation Based Filter solution (FCBF), Linear Forward
Selection (LFS), Greedy Stepwise (GS), Genetic Search using
three classification algorithms (GSUTCA); and indicated that
the results of the original data set classification were one of
the worst, but the best results were achieved using attribute
selection with Greedy Stepwise and FCBF Search; therefore,
using FCBF is beneficial for the complex and
multidimensional bioinformatics data. Therefore, the proposed
classification system uses FCBF [8] feature selection method.
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C. Membership Function Construction

The membership function construction step is very
important for all algorithms that work with fuzzy data,
because the strength and efficiency of the feature selection
method for a particular problem defines the success of the
classification.

The authors have previously analyzed four fuzzy
membership function construction methods — construction
method using expert evaluations, membership function
construction method using pairwise comparison, linguistic
definitions of membership function using statistical data and
the parametrical method for membership function
construction. After a comparative empirical analysis was
concluded in the previous research, the most promising
method for this research field was the membership function
construction method, which used expert evaluation, and the
membership function construction method that used pairwise
comparison [9], but due to the complex and extensive
calculations that were necessary to find n-grade polynomial
roots further studies used a simple construction algorithm for
triangular membership function construction [10] with
different numbers of intervals [11]. Potentially good results
could be achieved by the membership function construction
method based on the fuzzy classification algorithm [12].
However, this approach still needs more research.

The fuzzy classification system uses the membership
function construction method that is based on triangular
membership functions.

IV. TRAINING AND TESTING

During the process of training and testing, the classifier is
trained and the example base is created, then the classifier is
tested to evaluate the obtained classification results. The
algorithm for the classification step used in the evaluation
process is FuzzyBEXA, which is structurally based on the
classic classification algorithm BEXA [13]. FuzzyBEXA
algorithm expands the use of conditions (definitions)
described in BEXA to fuzzy data. In the case of the fuzzy data
classification algorithm FuzzyBEXA, the value of the
algorithm is a conjunction in the range from 0 to 1, and a
record can correspond to a conjunction with a very small
membership indicator.

This type of situation can be undesirable; therefore, the
algorithm introduces new variables: “alpha-cut” and “alpha-
class cut” [13], more details about this classification algorithm
are given in [15]. The induced classification rules are in the
“IF ... THEN ...” form. A scheme of the algorithm is given
in Fig. 2.

The analysis of similar studies and available literature
pointed out FURIA as another very interesting algorithm for
this task. FURIA (from Fuzzy Unordered Rule Induction
Algorithm) learns fuzzy rules and unordered rule sets. The
algorithm induces rules for each class separately using the
“one class — other classes” dividing strategy. The main
strength of this algorithm is the rule stretching method solving
the pressing problem that new records, which should be
classified, could be outside the space covered by the
previously induced rules [16]. The rule stretching strategy
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proposed by the authors is also used in this proposed fuzzy
classification algorithm by stretching rules and expanding the
range of application for these rules.

Covering Found rules
procedure
Find best Specialization
conjunction set
(using
Elements assessment
of data set function)
Generate

Best conjunction%
set

specializations

Fig. 2. FuzzyBEXA algorithm scheme.

The 10-fold cross-validation was used to correctly evaluate
classification results. Therefore, the training and testing parts
cannot be separated and will be described in this section
together [12].

V. RESULT EVALUATION

Fig. 3 shows the description of the algorithms and methods
included in each component of the system. The figures are
followed by a detailed description of the reasoning behind
inclusion of each component in the proposed fuzzy
classification system and its significance in data mining.

The classification result evaluation can be carried out using
five criteria [17]:

* Accuracy -
algorithm;

+ Performance — how much of the calculation resources
are necessary for the classifier to carry out
classification;

+ Robustness — the ability of the classifier to be
error-resistant;

» Scalability — the ability of the classifier to maintain the
degree of generalization while working with large
amounts of data;

» Interpretation — the ability of the classifier to explain
the obtained results.

the accuracy of the classification
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Fig. 3. Classification system algorithms.

As for the first — accuracy, it is the accuracy of the obtained
IF-THEN classification rules to assign the correct class to a
new record that has not been included into a training set. The
accuracy is measured using the confusion matrix, that is, a
matrix where the number of classes exists. The columns
represent the class labels allocated by a classifier and the rows
correspond to the actual classes. The confusion matrix for a
two-class problem is shown in Table 1. The matrix is filled

with classification results — either correct or misclassified
according to classes. The true positive rate (TP) shows the
number of the positive records that were classified as positive;
the false negative rate (FN) shows the number of positive
records that were misclassified (assigned the negative label);
the false positive rate (FP) shows the number of negative
records that were misclassified (assigned the positive label);
the true negative (TN) rate shows the number of negative
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records that were classified correctly (assigned the negative
label). To assess the accuracy of the obtained classifier, the
overall accuracy (AC) is used (see TABLE 1) [18]. It can be
calculated by dividing the number of correctly classified
records by the number of records in the used test data set.
Similarly, the overall classification error (ER) can be
calculated as presented in TABLE 1.

TABLE |
CONFUSION MATRIX

Predicted class
Yes No
Yes fH(TP) f+7(FN)
Actual class No f7+ (FP) f” (TN )
TP +TN
Overall accuracy =
TP+FN+FP+TN
Overall classification error ER=1-AC

As for the performance, robustness and scalability — these
criteria for the proposed system will be assessed in empirical
studies.

As for the interpretation — IF-THEN rules provide an easily
perceivable link between input data and the resulting class,
which confirms the successful interpretability for the models
of this algorithm.

VI. CONCLUSION

The fuzzy classification system described in the article is
intended for classification of bioinformatics data. The article
gives a detailed description and reasoning behind inclusion of
every part of the system: 1) data prepocessing, 2) classifier
training and creation of the rule base, 3) classification of new
records (classifier validation or testing phase) and 4) result
evaluation. All algorithms used in the classification system
processes were chosen according to the experimental analysis
described in the following articles: [3], [7], [9], [11]-
[13], [15]. The main conclusions and results are the following:

¢ The methods chosen for data preprocessing:

a. Missing data replacement (only where necessary)
should be carried out using Support Vector
Machine Imputation or Weighted K-Nearest
Neighbor Imputation methods;

b. Feature subset reduction — Fast Correlation Based
Filter solution;

c. Membership function construction — a simple
algorithm for triangular membership function
construction.

e Classification algorithm FUZZY BEXA was used for
classification (rule stretching — FURIA rule stretching
method).

e Result evaluation (calculation of overall
accuracy and overall classifier error).

The results of experiments proved the justified behind the
choice of every technique for the appropriate process in the
classification system. Although the studies conducted by the
authors in the field of using fuzzy clustering algorithms in

classifier
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membership function analysis show potential, this field
requires extension to include it in this fuzzy classification
system to allow users to choose between membership function
construction methods, including the fuzzy clastering
algorithm, which should be specifically adapted for using in
membership function construction. Another field that requires
emirical studies is proving the potential of the fuzzy
classification system when compared to other data mining
methods that are used for classification of bioinformatics data.
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Madara Gasparovica-Asite, Ludmila Aleksejeva. Izplidusi klasifikacijas sistéma bioinformatikas datu analizei

Saja rakstd aprakstita autoru izveidota izpladusi klasifikcijas sistéma, kas ipasi paredzéta bioinformatikas datu klasificéSanai. Dots bioinformatikas datu
apraksts — liels atribGitu un neliels ierakstu skaits, kas liek arT atbilstosi klasifikacijas sistémai rékinaties ar §im bioinformatikas datu ipatnibam, kas izraisa
atbilstoSu datu pirmapstrades metozu lietojumu. Raksta dots sistémas dalu apraksts (t.sk. shematisks) un pamatojums, kapéc katram no sistémas moduliem
izvelets §ads algoritms vai metode. Datu pirmapstradei izvélétas tadas metodes: a) trikkstoo vértibu aizvieto$anai (tikai, ja nepiecie$ams) izmatojamas atbalsta
vektoru (SVM) vai svérta k-tuvako kaiminu (WKNNI) aizvieto$anas metodes; b) atribiitu skaita samazinasanai — atrais, uz korelaciju balstitais, filtra risinajums
(FCBF); c) piederibas funkciju konstrué$anai — vienkarss tristiirveida piederibas funkciju konstrugsanas algoritms. Klasifikacijai un testéSanai izmantots FUZZY
BEXA Kklasifikacijas algoritms, bet likumu stiep$anai — FURIA likumu stiepS§anas metode, kas nodro$ina papildus iegito klasifikacijas likumu stiepSanu, tos
paplasinot nodro$inot iesp&ju klasificét jaunus ierakstus. Lai palielinatu precizitati un nodrosinatu datu kopas objektivu sadalijumu apmacibas un testa datu kopas
klasifikatora kopgjas precizitates un klasifikatora kop&jas kludas aprékins. Ta ka p&c autoru veiktajiem pétjjumiem izpliduSo klasterizacijas algoritmu
pielietojums piederibas funkciju analiz€ uzrada perspektivas, tad $aja virziena japaplaSina autoru izveidota izpliidusi klasifikacijas sisteéma, taja paredzot iesp&ju
lietotdjam izvélaties piederibas funkciju konstrugsanai arf izplidusas klasifikacijas algoritmu. So algoritmu speciali japieméro izmantoanai piederibas funkciju
konstrugSana. Jaturpina ar praktiski eksperimenti, lai pieraditu izpladusas klasifikacijas sistémas klasifikacijas potencialu, salidzinot ar citam datu ieguves
metodém, ko pielieto bioinformatikas datu klasifikacija.

Mapapa I'acnaposuua-Acwure, Jlionmuna Anexceepa. CucreMa He4eTKoMH KiiaccuGpuKanuu JaHHBIX 0HOMH(POPMAaTHKH

B nanHO# cTaThe omuCHIBaeTCS pa3paboTaHHAs aBTOpaMH CHCTeMa HeYeTKOH KiacCH(UKaluM, CHEeNHaNbHO MpeAHa3sHaueHHas [T aHauM3a U Kiaccu(UKanum
peaNbHBIX JaHHBIX OnomH(opMatnku. OmnperneneHa crenu(uka TaHHBIX OHOMH(POPMATHUKH — OOJBIIOE YHCIO aTpHOYTOB M Majloe Yo 3amuceil. [laHHBIC
TpeOOBaHUs 3aCTaBIAIOT CHCTEMy KIACCHGMKALUM YYUTHIBATh 3TH OCOOEHHOCTH JaHHBIX OHOMHG)OPMATHKH, 4YTO HPHBOAUT K HCIIONH30BAHUIO
COOTBETCTBYIOIIUX METOAOB NpenoOpaboTku. JlaHo omucaHue MOAyldel CHCTEMbI, B TOM YHCIE U CXeMaTHYecKoe, U 00OCHOBaHME BBIOOpA TeX WIM HHBIX
aJTOPUTMOB W METOJIOB JUISl KaXJ0ro U3 Mojyiei. [ mpenoOpabOTKM NaHHEIX BBIOPAHBI CIETYONINE METOABI: a) JUIS 3aMEIICHHs MPOIYIIEHHBIX BEINIHH
(TOMBKO ecith HEOOXOMMO) — METO/IbI OMOPHBIX BeKTOpoB SVM miu B3BemienHbix K-6nmkaiimmnx coceneit (WKNNI); 6) asis cHukeHust uicna arpubyToB —
HCHOJIB30BaHKe ObICTpOro (GuiabTpa, ocHoBaHHOrO Ha Koppemiiun FCBF; n B) st KoHCTpynpoBaHus (yHKIHI IPUHAUIC)KHOCTH — JIEMEHTAPHBI aIropuT™M
TIOCTPOCHUS TPEYTONBHBIX (yHKIMHA. Jns KiaccupuKaruu ¥ TECTHPOBAHMS NPHUMEHSETCS anropuTM HedeTkoi kmaccudukammm FUZZY BEXA, a s
pactsaruBannst npasui — Metoq, FURIA, koTopslii obecriednBaeT JOMONHUTENBHOE PACTsHKEHHE MOMYYEHHBIX MPABHI KJIACCH(HUKAIWH, PACIIUPSA TEM CaMbIM
BO3MOXKHOCTH KJIACCU(UKALIMK HOBBIX 3aMUCEH.. JIJIs MOBBIICHHS] TOYHOCTH KJIacCH(HKAILMU 1 00ecTiedeHIst OObEKTHBHOTO pa3/ielIeHus JaHHBIX Ha o0ydalolee
U TECTOBOE MHOXecTBa nmpuMeHsieTcst 10-kpaTHas mepekpecTHas nmposepka. OIeHKa pe3ynbTaToB OCYMIECTBIAETCS IyTEM pacdera oOIiel TOYHOCTH U o0meit
ommoOkn Kimaccudukamun. ITockombKy B XOze TPOBEIEHHBIX aBTOPaMM HCCIEIOBAHMH HCIIONB30BAHUE ATOPHTMOB HEYETKOH KiIacCH(HKAIMK B aHAIN3e
(YHKIHMH MPHHAIIEKHOCTH OKA3al0Ch JOCTATOYHO IEPCHEKTUBHBIM, TO MMCHHO B 9TOM HAIpPaBICHHM HEOOXOAMMO PACIIMPSATH pa3pabOTaHHYIO aBTOPAMHU
cucteMy. Ilpm »sToM moib3oBaTelsiM JO/DKHA OBITh IPEIOCTAaBICHA BO3MOXHOCTH BBIOOpAa aNroOpuTMa HEUETKOH KiIacCH(HUKAIMK, CIenUuaIbHO
TIPUCTIOCOOTIEHHOTO [T KOHCTPYMpOBaHMS (YHKIMH TIpHHAIISKHOCTH. B Xozme manpHEHIINX MccIeoBaHMH HEOOXOIMMO CPaBHHUTH BO3MOXKHOCTH
pa3paboTaHHOH CHCTeMbl HEYeTKOM KinaccubUKaluM C JAPYTUMH METOAAaMM IONYYeHUs [JaHHBIX, NPUMEHAEMBIMU U1 KiIacCHGHKAIUH JaHHBIX
OMOMH(POPMATHKH.
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