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Abstract — The aim of this study is to explore whether the
number of intervals for each attribute influences the
classification result and whether a larger number of intervals
provide better classification accuracy using the Fuzzy PRISM
algorithm. The feature selection has been carried out using Fast
correlation-based filter solution, and then the decreased data sets
have been applied in experiments with preferences used in the
previous experiment series. The article also provides conclusions
about the obtained classification results and analyzes criteria of
certain experiments and their impact on the final result. Also a
series of experiments was carried out to assess how and whether
the classification result is influenced by categorization of
continuous data, which is one of the membership function
construction steps; Fuzzy unordered rule induction algorithm
was used. The experiments have been carried out using four real
data sets — Golub leukemia, Singh prostate, as well as Gastric
cancer and leukemia donor data sets of the Latvian Biomedical
Research and Study Center.

Keywords — Attribute selection, bioinformatics data, fuzzy
algorithms, membership functions

l. INTRODUCTION

Membership function construction methods are widely used
in fuzzy logic despite the fact that there are no measures
available to evaluate method correctness [1]. There are lots of
approaches to generate them; in this paper the simple triangle
membership function generation algorithm is used. Though it
does not provide the most successful results, it is easy to use
and develop without a particular classification algorithm. That
is important because there are multiple if-then fuzzy rule
classification algorithms, and it is possible to work with
membership functions separate from the specific classification
algorithm.

The aim of this study is to carry out a comparative
experimental analysis to determine whether and how
classification results are affected by the number of intervals
used to divide an attribute when constructing membership
functions. The research described in this paper complements
the previously conducted experiments comparing different
methods of membership function construction [2]; that is why
the classification algorithm Fuzzy PRISM has been chosen for
the study.

Since all experiments use bioinformatics data sets that have
the specific character holding a large number of attributes and
comparatively small number of records, feature selection is
proposed to improve computation time. Feature selection
algorithms are split into two large groups: the filter model and
the wrapper model. The filter model uses general
characteristics of the training data to select features without
involving any learning mechanism. The wrapper model uses
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one predetermined learning algorithm in feature selection to
evaluate which features are selected [3].

This study uses a method proposed by Yu and Liu in 2003 —
Fast Correlation-Based Filter (FCBF) solution [3]. This
solution is suitable for multidimensional data used in
bioinformatics. The authors have implemented their proposed
solution in the Weka software [4] in order to perform the
practical experiments.

To discover the influence of transformation of continuous
data into categorical data on the classification result, another
series of experiments was carried out changing the number of
intervals.

The second section of the paper provides theoretical
description and working principles of the used methods and
approaches — Fuzzy PRISM and FURIA algorithms, FCBF
solution, and the membership function construction method
used in this study. The third section describes the experiments
conducted and the acquired classification results. The fourth
section draws conclusions.

I1.USED METHODS

This section of the paper describes the used methods —
membership construction method, Fuzzy PRISM, Fuzzy
unordered rule induction algorithm (FURIA), Fast
correlation-based filter solution feature selection technique,
their main principles of work, and the data sets used in the
experiments — Golub leukemia, Singh prostate, Gastric cancer,
healthy donor and leukemia data sets of Latvian Biomedical
Research and Study Center.

A. Membership Function Construction

To accomplish a comparative analysis of the influence of
the number of intervals used in membership function
construction, a simple algorithm for triangular membership
function construction with different numbers of intervals was
used. A step-by-step description of the algorithm is provided
in Fig.3[5]. This algorithm uses triangular membership
functions (see Fig.1).

Fig.1. Triangular membership function
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where b value is the average value avgA,, of the
corresponding interval but the values a and ¢ are calculated
as follows:
a=avgA,_1 — K, ()]
where avgA,_; — the average value of the preceding
interval, k — predefined coefficient (0,1 in this case) and | -
the length of the interval. Respectively:
c=avgA,,q + K, 2
where avgA, 1 is the average value of the next interval.
Coefficient k was introduced to allow values to belong to
more than two intervals. If k =0, every attribute value belongs

to 1-2 intervals; after the introduction of k each value can
belong to 1-3 intervals (see Fig.2).

02 0.35 05 0.65 08 095

Fig.2. Triangular membership function - intervals

The initial membership functions are calculated as follows:

where L(x) is the membership function of values that are
to the left of the average interval value and R(x) is the
membership function of values that are to the right of the
average interval value.

In case where avgA,,_; or avgA,,,4 does not have any value
the intervals avgA,_pand avgA,,are used.

If the interval is an outer interval, values a or c take the
values of the utmost outer value.

Find attribute (A) min and max values

}

Set variables: count of intervals (1) and coefficient (k)

!

Values of A are divided into intervals, the average
value (avgl) of each interval is found

}

For each value of A membership functions for the
intervals are found

}

Membership functions are normalised

!
O

Fig.3. Membership function construction algorithm

X—a
L(X)=m, as<x<b After finding the initial membership functions, they are
Cc—X normalized resulting in functions that correspond to the
#)= R =——. b=x=c, (3)  following equation:
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n
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Create an initial rule set

4’ Form an IF ... THEN ... Rule, .z IF 4§=2 THEN CLASN=2. Every
- — - - & Jmle can have as many preconditions as there are attributes in the initial
l-l 2 I heasure the fuzzy information gain I o - -
¢ traiming sct, Preconditions are joined by the AND operator
| 3 | Choose attribute-value pair that has the maximum information gain | 1.
l, I 7 I Remove all instances covered by the rule from the onginal training set
4 Audd the new possible rule to the empty rule set, calculate truth level of .l.

the rule and compare to the predefined ruth level

Repeat Step 1 to Step 7 until all instances belonging to one class in the
original training set have been removed

It the calculated truth level is above the predefined truth level, then

n

execute Step 6; otherwise choose a new training set in which each

mstance is covered by the new rule and go to Step 2

¥

When the rules for one classification have been induced, the training

set is restored to its initial state and the algonthm is applied again

|

Fig.4. Fuzzy PRISM algorithm description
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Fig.5. FURIA (modified RIPPER algorithm)
B. Feature Selection D. FURIA

A fast correlation-based filter (FCBF) [3] was used as a
feature selector in this research. It is an algorithm created in
2003, available in the Weka library and intended for high-
dimensional data.

It is based on predominant correlation and relies on
characteristics of the training data to select features without
involving any learning algorithm. That is why it does not
involve a huge amount of computations and is efficient for
large data sets.

Fast Correlation Based Filter algorithm consists of two
parts. In the first part it calculates the symmetrical uncertainty
value for each feature, selects relevant features into subset of
relevant features based on the predefined threshold, and orders
them in descending order according to their symmetrical
uncertainty values.

In the second part, it processes the ordered subset of
relevant features further to remove redundant features and
only keeps predominant ones among all the selected relevant
features [3].

C. Fuzzy PRISM

To verify the results of various membership function
construction methods, it was decided to use classification
algorithm Fuzzy PRISM [6].

It has no separately defined mechanism of membership
function construction, which makes it easy to use for
classification of data created by different construction
functions. Schematic description of the algorithm rule
acquisition process is shown in Fig.4.

As Fig.4 demonstrates, this algorithm works by iterative
searching for rules for each class from a training set, obtaining
the best relevance whose probability is higher than the
predefined level. In this research the following particular
algorithm parameters were used: « =0,5; #=0,7 .

This algorithm was proposed by Huihn and Hullermeier in
2009 [7]. It is an improvement of the RIPPER algorithm that
uses a modified RIPPER algorithm as a basis. A simplified
scheme is shown in Fig.5. Fuzzy Unordered Rule Induction
Algorithm (FURIA) learns fuzzy rules and an unordered rule
set. The algorithm induces rules for each class separately
using the “one class — other classes” dividing strategy.

When the classifier is trained using one class, other classes
are not considered. This helps to achieve a state when there is
not one main rule, and the sequence of classes in the training
process is irrelevant. However, this approach has also its
shortcomings — if a record is equally covered by rules of two
classes, certainty the factor has to be calculated. The main
improvements of the RIPPER algorithm affect pruning
modifications (see Fig.5, building phase). However, the main
strength of this algorithm is the rule stretching method that
solves the pressing problem of classifying previously
unknown records that could be outside the space covered by
the previously induced rules. The representation of fuzzy rules
is also advanced, essentially, a fuzzy rule is obtained through
replacing intervals by fuzzy intervals, namely fuzzy sets with
Trapezoidal membership function [7].

E. Used Data Sets

The practical experiments were carried out using popular
and often used bioinformatics data sets — Golub leukemia
[8],Singh prostate [9], another leukemia data set [10], and
another unique data set provided by Latvian scientists (Gastric
cancer and healthy donor). This article uses data sets that have
been used in experiments previously to compare the results. A
description of the used data sets is given in Table 1.

The table shows that the attribute and record numbers of the
data sets differ a lot. All data sets hold records of two classes
but none of the used algorithms has the restriction that they
work with only two classes.

TABLE |
USeD DATA SETS

Data set name: Golub Leukemia Leukemia Gastric cancer and | Singh prostate
healthy donor
Number of attributes: 5147 22283 1229 12533
Number of examples: 72 29 328 102
Classes: 2 2 2 2 (healthy donor
(ALL(47), AML(25)) (C S(13), C R (16)) (GaCa(173), HD (155)) (50), tumour (52))
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I1l. PRACTICAL EXPERIMENTS

This section of the article presents the experimental results,
a comparative analysis and detailed discussion.

The plan of experiments is as follows:

« to construct membership functions with different
numbers of intervals and to compare the results;

- to perform feature selection to assess how it changes the
result comparing to the previous experiments with
different numbers of intervals;

- to carry out experiments comparing the original data set
experiments and the experiments with the normalized
data sets; to determine if the transformation from
continuous attributes to categorical (division into
particular intervals) changes the result.

A. Discretization Using Different Intervals

Although discretization is one of the techniques that is used
in data preprocessing, it was decided to perform comparative
experiments to determine how discretization of continuous
values affects classification results.

The experiments were carried out using three data sets,
using the original data sets, the normalized data sets and the
division into 4, 5, 10 and 15 intervals. Each attribute of a data
set was divided into the corresponding number of intervals,
transforming continuous data into categorical. This
transformation was implemented using PHP script. The data
sets holding categorical data were loaded in the Weka
software where the experiments were performed by means of
FURIA algorithm and 10-fold cross-validation.

The results (see Table 11) show that every data set responds
individually depending on the number of obtained rules when
different numbers of intervals are used — decreasing it
proportionally, not changing or sharply increasing at 10 and
15 intervals. Two out of three data sets do not show any
significant change in computation time; however, there is an
evident trend that the initial data sets take longer to process
because of their complex structure.

The best classification result for two data sets was achieved
using the original or the normalized original data set instead of
a discretized data set. The first competitive classification result
was observed starting from 10 or 15 intervals (5 intervals in
Golub leukemia data).

TABLE Il
DISCRETIZATION EXPERIMENTS
Gastric cancer and healthy donor Leukemia Golub leukemia

Number of rules 6 3

Accuracy . . 0.83 0.85

Error Data set was originally normalized 017 015

original data set Time to build model in seconds 17.58 5.52
Number of rules 5 2 4

Accuracy 0.62 0.53 0.9

Error 0.38 0.47 0.1

4 intervals Time to build model in seconds 10.08 3.55 45
Number of rules 5 2 3

Accuracy 0.64 0.53 0.88

Error 0.36 0.47 0.12

5 intervals Time to build model in seconds 9.7 3.77 4.4
Number of rules 12 2 4

Accuracy 0.63 0.79 0.79

Error 0.37 0.21 0.21

10 intervals Time to build model in seconds 8.77 2.81 6.59
Number of rules 13 2 4

Accuracy 0.66 0.74 0.86

Error 0.34 0.26 0.14

15 intervals Time to build model in seconds 9.25 1.94 4.07
Number of rules 5 4 3

normalized, original data set Accuracy 097 048 085

Error 0.03 0.52 0.15

Time to build model in seconds 6.79 591 5.61
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TABLE Il
MEMBERSHIP FUNCTION EXPERIMENTS
Gastric cancer and healthy donor Leukemia Golub leukemia Singh prostate
" Right Class 7 2 1 1
<
E Wrong Class 0 1 1 0
3
£ | 3intervals N/A 92 7 8 29
—
[
% Rules for the 1st class GaCa-15 CS-5 ALL-9 normal-3
&
% Rules for the 2nd class HD-2 CR-1 AML-1 tumor-0
(=2}
e :
g Right Class 2 2 1 0
.5 Wrong Class 0 0 0 0
=
§ 4 intervals N/A 97 8 20 30
s
é Rules for the 1st class Gaca-4 CS-3 ALL-4 normal-0
o
g Rules for the 2nd class HD-1 CR-1 AML-1 tumor-1
g Right Class 3 2 2 1
>
E_ Wrong Class 0 0 0 0
<
£ | 5intervals N/A 96 8 19 29
o
g Rules for the 1st class GaCa-1 CS-2 ALL-6 normal-0
2 Rules for the 2nd class HD-2 CR-2 AML-0 tumor-3
g Right Class 5 4% 3 3 5
§ Wrong Class 2 1 2 0 0
b
g 3intervals N/A 92 5 5 18 25
§ Rules for the 1st class GaCa-12 CS-3 CS-3 ALL-5 normal-5
.
e Rules for the 2nd class HD-7 CR-3 | CR3 AML-1 tumor-2
ES
o C Right Class 4 7 1 7 9
£ .2
v
58 Wrong Class 4 0 1 0 0
S8
'S o | 4intervals N/A 91 3 8 14 21
S5
= g Rules for the 1st class GaCa-1 CS-4 CS-1 ALL-4 normal-4
C -
3 © Rules for the 2nd class HD-9 CR-4 CR-2 AML-2 tumor-3
c
% Right Class 0 5 0 13 10
c
=] 5 intervals Wrong Class 0 2 3 0 0
=%
'g N/A 99 3 10 8 20
P,
é Rules for the 1st class GaCa-1 CS-3 CS-3 ALL-6 normal-7
§ Rules for the 2nd class HD-0 CR-5 CR-3 AML-7 tumor-1

* Leukemia 10-fold cross-validation

B. Experiments with Different Intervals

Twenty-seven experiments with four different data sets
were performed. Each data set contains a large number of
attributes. Each data set was first divided into a training set
(70% of all records) and a test set (30% of all records), using
the random number generator. For the first 12 experiments the
training set was divided into 3, 4 and 5 intervals; then the
method for creating membership functions was used as
mentioned above. Later the Fuzzy Prism algorithm [6] was
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used to create rules from membership functions (a=0,5 =0,7).
Afterwards rules were used to classify the test data set.

For the rest of the experiments attribute selection was used
first.

As can be seen from Table Ill, Fuzzy Prism (unless it is
modified accordingly) is not a good algorithm for a very large
number of attributes. The accuracy of the experiments is low.
An interesting feature of the Fuzzy Prism algorithm, while
working with a large number of features, is that records are
either classified correctly or are not classified at all. The
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results of the experiments show that in rare cases records are
classified incorrectly. This can be explained by the certainty of
the rules generated by Fuzzy Prism; it can be considered that
rule “stretching” would provide better classification results in
many experiments.

If the number of rules for each data set is inspected closely,
it can be seen that when the number of intervals increases the
number of the obtained rules decreases in all data sets for all
intervals used in the experiments. And the highest
classification accuracy is for data sets with three intervals
followed by data sets with five intervals.

C. Experiments with Intervals and Feature Selection

As the results show, the use of FCBF indeed provides better

results for these data sets (accuracy rises up to 30%).
For Leukemia data set the additional experiments were made
using 10-fold cross-validation first for the training set. As can
be seen from the results, cross-validation helps to generate
better rules, e.g. dividing the set into three intervals and using
cross-validation. It gives records which are classified more
correctly than in case when feature selection is carried out
using the same data without cross-validation.

If the number of rules is compared, it shows that the number
of rules is higher in case of three and five intervals and smaller
in case of four intervals. The comparison of classification
accuracy shows that the classification accuracy for Golub
leukemia and Singh prostate data sets rises with the increase
of intervals. Gastric cancer and Leukemia data show good
results at three and four intervals and significantly worse
results at five intervals. Leukemia data set results show
improvement proportional to the increase in interval numbers
when 10-fold cross-validation is used.

IV. CONCLUSIONS

This article considers the following issues: whether the
number of intervals of an attribute affects the classification
result; and whether the use of more intervals provides a better
classification result applying the FuzzyPRISM algorithm.
Twelve experiments did not have feature selection, twelve
experiments included feature selection using Fast Correlation
Based Filter solution and then the experiments were run with
the preferences of the previous series. Three experiments had
feature selection using Fast Correlation Based Filter and 10-
fold cross-validation. Another series of experiments was
carried out to assess whether and how the transformation of
continuous attributes into discrete attributes affects the
classification result which is one of the membership function
construction steps used in the Fuzzy Unordered Rule
Induction Algorithm. The experiments were performed using
four real data sets — Golub leukemia, Singh prostate,
Leukemia Il and Gastric cancer and healthy donor data sets of
the Latvian Biomedical Research and Study Center.

Data without feature selection:

o Number of rules — when the number of intervals
increases, the number of induced rules decreases
in all data sets for all intervals used in the
experiments;
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o Classification accuracy is the highest in data sets
with three intervals, followed by five interval data
set.

Data with feature selection:

o The number of rules is higher in case of three and

five intervals, smaller with four intervals.
+ Classification accuracy:

o For Golub leukemia and Singh prostate data the
accuracy level increases proportionally to the
increase of interval numbers.

In Gastric cancer and Leukemia data sets the
results for three and four interval data are good
but significantly worse for five intervals.

The results for Leukemia data sets improve
proportionally to the increase of interval numbers
when 10-fold cross-validation is used.

It can be concluded that more rules have been acquired in
the experiments with feature selection implemented than in
similar experiments without the implementation of this
technique.

The highest rule accuracy was in experiments using feature
selection — for Golub leukemia, Singh prostate, Leukemia 10-
fold cross-validation data, but in Gastric cancer and Leukemia
data sets the best results were obtained without the use of
feature selection.

After carrying out experiments with transformation of
continuous data into categorical it may be concluded that
computation time decreases when continuous data are replaced
with categorical data. The comparison of classification results
has showed that the best result is achieved using the original
continuous data sets, but the classification results acquired
starting from 10 intervals are close to those acquired with the
full data set.

Therefore when deciding on the number of intervals to
divide a data set into there should be clear priority —
classification accuracy (giving preference to more intervals),
interpretability (the small number of rules corresponds to a
small number of intervals) or computation time (a small
number of intervals).
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Madara Gasparovi¢a, Iréna Tuleiko, Ludmila Aleksejeva. Piederibas funkciju ietekme daudzatribiitu datu klasifikacija

Saja raksta pétits tas, vai katra atribiita intervalu skaits ictekmé klasifikacijas rezultatu, ka arf tas, vai lielaks intervalu skaits nodrosina arf labaku klasifikacijas
rezultatu. Eksperimentu veikSanai izmantots FuzzyPRISM algoritms. Eksperimentos izmantotas Cetras realas datu kopas — Golub leukemia, Singh prostate,
Leukemia II un Latvijas biomedicinas pétijumu un studiju centra kunga véZa pacientu un veselo pacientu datu kopas. Visam datu kopam ir loti liels atribiitu
skaits (lidz pat 10 000 atribiitu) un salidzinosi neliels ierakstu skaits. Pirmaja sérija, kura bija divpadsmit eksperimenti, netika veikta atribitu atlase. Nakamaja
sérija veikta atribiitu atlase, izmantojot Fast Correlation Based Filter risinagjumu, un atkartoti eksperimenti ar ieprieksgja eksperimentu sérija izmantotajiem
uzstadljumiem. Var secinat, ka vairak likumu iegiits atribiitu atlases eksperimentos. Papildus trim eksperimentiem apmacibas kopa veikta atribiitu atlase,
izmantojot Fast Correlation Based Filter ar desmitkartigo $kérsvalidaciju, lai parliecinatos, par to ka $kérsvalidacija ietekmé gala rezultatu. Izdariti secindjumi par
iegiitajiem klasifikacijas rezultatiem, ka arT analizéti atseviski eksperimentu parametri un to ietekme uz gala rezultatu. Izmantojot algoritmu FURIA, veikta ari
eksperimentu sérija, lai noskaidrotu ka un vai klasifikacijas rezultatu ietekmé skaitlisku datu parveidoSana par kategoriskiem, kas ir viens no piederibas funkciju
konstrugsanas soliem. Salidzinot klasifikacijas rezultatus, tika secinats, ka visaugstakos rezultatus uzrada eksperimenti ar originalo datu kopu ar nepartrauktam
atriblitu vertibam, tomér iegutie klasifikacijas rezultati, sakot ar dalfjumu 10 intervalos, tuvojas pilno datu kopu rezultatiem. Tapéc izvéloties, cik intervalos dalit
atribiita vertibu, jabut skaidribai, kas ir galvenais — klasifikacijas precizitate, interpretéjamiba vai skaitloSanas ilgums.

Mapapa I'acnapoBuua, Mpena Tyueiiko, Jlroamuia AnexceeBa. Biusinne GpyHKuuii NpUHALIEKHOCTH HA KJIACCMUKALMIO JAHHBIX €O MHOTMMH
aTpuéyTamu

CTaThsl TOCBAIICHA MCCICMOBAHUIO CICAYIOIIMX BOIPOCOB: BIMSET JIM YHCIO MHTEPBAJIOB OMPECNICHUS KaXIOro aTtpudyTa Ha pe3yiabTaT KiIacCH(UKAINH,
obecrednBaeT M yBEIMYCHHWE YKCIAa HHTEPBAIOB YIY4IIEHHE pe3yiabTara Kilaccuukauuu. Jlis NMpOBEACHHS AKCICPUMEHTOB HCIOIB30BAH alrOPUTM
FuzzyPRISM. B skcnieprMeHTax HCIONB30BaHBI YETHIPE peaabHBIX MHOXKEeCTBa JaHHBIX — Golub leukemia, Singh prostate, Leukemia II 1 MHOXeCTBO HaHHBIX O
37I0POBBIX U OOJBHBIX PAKOM JKENIy[Ka ManueHTax JIaTBHiiCKOro IeHTpa OHOMEAHMIMHEL J{/isi BCEX MHOXECTB JAaHHBIX XapaKTEPHO OYEHb OOMBIIOE YHCIIO
atpubytoB (o 10 000) u cpaBHUTENBFHO HEOOJIBIIOE YMCIIO 3amucei. B mepBoil cepuu M3 IBEHAIATH SKCIEPUMEHTOB OTOOp aTpuOyTOB He MpoBouics. B
crenyronieil cepun oTOOp aTpHOYTOB HPOBOMMICS C HCmoib3oBanneM ainroputma Fast Correlation Based Filter, n namee NMOBTOPSUINCH SKCIEPHMEHTHI €
YCTaHOBKAaMH, UCIIOJIB3YEMBIMH B 3KCIIEPUMEHTAX MpPENbIAyIeld cepui. MOXHO 3aKIIIOUHUTh, YTO OOJIbIIE MPABIII IMOJTYYEHO B IKCHEPUMEHTaX, OCHOBAaHHBIX Ha
otOope atpuOyTOB. JIOMOMHUTENBHO B TPEX IKCIEPHMEHTAX Ha 00yYaioIeM MHOKECTBE MPOU3BOANICS 0TOOp atpubyToB o anropurmy Fast Correlation Based
Filter, a taxxe ncrons3oBanach 10-kpaTHas KpoccBaIuaaunus (I NMPOBEPKH €€ BIMSHHSA HAa KOHEUHBIH pe3ynbTaT). CHermaHbl BBIBOIBI O IONTYYEHHBIX
pe3yabTaTax KiIacCH(UKAIMK, MPOaHATN3HPOBAHEI IapaMeTphl OTIENBHBIX JKCIEPUMEHTOB M HX BIMSHHE Ha KOHEUYHBIH pe3ynbraT. C HCHONB30BaHUEM
anroput™Ma Fuzzy Unordered Rule Induction Algorithm mpoBenena Takyke cepusi SKCIIEPUMEHTOB, TO3BOJISIOIIAS BBICHUTH BIMSHHE MPeoOpa3oBaHUS
YUCJICHHBIX JaHHBIX B KAaTErOPMYECKHE (YTO SBIACTCS OAHUM M3 OTAIlOB KOHCTPYHMPOBAaHMS (DYHKIMI MPHHAUIGKHOCTH) HAa PE3YJbTAaT KIACCHMDHKALUH.
CpaBHHUBas pe3yIbTaThl KIACCU(DUKAIIMU, MOXKHO 3aKJIFOYNTb, YTO HAMIYYIIHE PE3YJIbTAThI ONYIEHBI B OKCIIEPHUMEHTAX C ITOJTHBIM OPUTHHAIBHBIM MHOXKECTBOM
JIAHHBIX, KOTOPOE XapaKTEePH3yeTCsl HEMPEPHIBHBIMU OLCHKAaMHU aTpHOYTOB; OAHAKO, HAYMHAS C JICICHHUS OLICHOK aTtpuOyToB Ha 10 MHTEpPBAIIOB, MOIyYCHHbBIC
pe3ynbTaThl KilacCu(pUKauy NPUOIMKAIOTCS K Pe3yJbTaTaM Ha ITOJHOM MHOXECTBE JaHHBIX. [103TOMy mpy BbIOOpE 4YKMCIIa HHTEPBAJIOB, HA KOTOPBIC HYXKHO
JICIUTh OLCHKH aTpHOYTOB, IENECO00pa3sHO BBIACHUTH, YTO BaXHEE — TOYHOCTH KIACCH(MKALMM, MHTEPHPETalls Pe3yJbTaTOB WIM IPOJOIKUTEILHOCTh
pacyeToB.
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