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Preface

Statistical decision-making helps us learn to analyze data and use methods of
statistical inference in making business decisions. Statistical inference is the process
of drawing conclusions about the population based on information from a sample of
that population. Statistical inference methods include point and interval estimations,
hypothesis testing, clustering, etc. However, descriptive statistics is used in the
inferential statistics as an input to conclude about the population.

Fuzziness is a kind of uncertainty that everything is a matter of degree. The
sources of this uncertainty may be the incomplete information or insufficient data.
Fuzzy statistics is a complementary statistics in these cases where classical statistics
has almost nothing to do. In this book, fuzzy decision-making techniques are
presented by their theory and applications. Fuzzy interval estimation, fuzzy
hypothesis testing, fuzzy regression and correlation, and fuzzy process control are
some of these techniques involved in this book.

The first chapter presents an introduction to fuzzy decision-making. The authors
survey the literature of fuzzy statistics and fuzzy statistical decision-making and
present the results by graphical illustrations.

The second chapter presents discrete fuzzy probability distributions. The fuzzy
expectation theory is introduced. Fuzzy Bayes theorem, fuzzy binomial distribution,
and fuzzy Poisson distribution are derived and numerical examples are given.

The third chapter presents continuous fuzzy probability distributions. Fuzzy
continuous expectation, fuzzy continuous uniform distribution, fuzzy exponential
distribution, fuzzy Laplace distribution, fuzzy normal distribution, and fuzzy log-
normal distribution are developed and numerical examples are given.

The fourth chapter explains the generalized Bayes theorem in handling fuzzy a
priori information and fuzzy data. Individual measurement results also contain
another kind of uncertainty, which is called fuzziness. The combination of fuzziness
and stochastic uncertainty calls for a generalization of Bayesian inference, i.e.,
fuzzy Bayesian inference.

The fifth chapter converts the classical central tendency measures to their fuzzy
cases. Fuzzy mean, fuzzy mode, and fuzzy median are explained by numerical

vii



viii Preface

examples. Fuzzy frequency distribution is another subtitle of this chapter. Classical
graphical illustrations are examined under fuzziness. A numerical example for each
central tendency measure is given.

The sixth chapter develops the fuzzy versions of classical dispersion measures
namely, standard deviation and variance, mean absolute deviation, coefficient of
variation, range, and quartiles. Initially it summarizes the classical dispersion
measures and then develops their fuzzy versions for triangular fuzzy data.
A numerical example for each fuzzy dispersion measure is given.

The seventh chapter introduces a new approach for the estimation of a parameter
in the statistical models, based on fuzzy sample space. Two basic concepts of the
point estimation, i.e., sufficiency and completeness, are extended to the fuzzy data
case. Then, the unbiased estimator and the uniformly minimum variance unbiased
(UMVU) estimator are defined for such situations. The properties of these esti-
mators are investigated, and some procedures are provided to obtain the UMVU
estimators, based on fuzzy data.

The eighth chapter is on fuzzy confidence regions. The construction is explained
for classical statistics as well as for Bayesian analysis. A numerical example is also
given.

The ninth chapter focuses on analyzing the works on fuzzy point and interval
estimations (PIE) for the years between 1980 and 2015. In this chapter, the liter-
ature is reviewed through Scopus database and the review results are given by
graphical illustrations. The chapter also uses the extensions of fuzzy sets such as
interval-valued intuitionistic fuzzy sets (IVIFS) and hesitant fuzzy sets (HES) to
develop the confidence intervals based on these sets. The chapter also includes
numerical examples to increase the understandability of the proposed approaches.

The tenth chapter generalizes the p-value concept for testing fuzzy hypotheses
on the basis of Zadeh’s probability measure of fuzzy events. The authors prove that
the introduced p-value has uniform distribution over (0,1) when the null fuzzy
hypothesis is true. Then based on such a p-value, a procedure is illustrated to test
various types of fuzzy hypotheses. Several applied examples are given to show the
performance of the method.

The eleventh chapter has two objectives. It critically exposes the most relevant
fuzzy linear regression methods and remarks the most relevant actuarial applica-
tions of fuzzy regression and also develops one recurrent application: the estimation
of the public debt yield curve as a basis for fuzzy financial pricing of insurance
contracts.

The twelfth chapter deals with fuzzy correlation and fuzzy nonlinear regression
analyses. Both correlation and regression analyses that are useful and widely
employed statistical tools are redefined in the framework of fuzzy set theory in order
to comprehend relation and to model observations of variables collected as either
qualitative or approximately known quantities which are no longer being utilized
directly in classical sense. While extension principle based methods are utilized in
the computational procedures for fuzzy correlation coefficient, the distance based
methods preferred rather than mathematical programming ones are employed in
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parameter estimation of fuzzy regression models. Illustrative examples in detail for
fuzzy correlation analysis are given.

The thirteenth chapter discusses Interactive Dichotomizer 3 (ID3) algorithm and
supervised learning in quest (SLIQ) decision tree algorithm. These algorithms
generate fuzzy decision trees. Their performances are tested using simple training
sets from the literature.

The fourteenth chapter presents the Shewhart process control techniques under
fuzziness. Variable and attribute control charts are extended to their fuzzy versions.
Numerical examples are also given.

The fifteenth chapter develops exponentially weighted moving averages
(EWMA) and cumulative sum (CUSUM) control charts having the ability of
detecting small shifts in the process mean. Numerical illustrations of fuzzy EWMA
and CUSUM control charts are also given.

The sixteenth chapter presents a new method to test linear hypothesis using a
fuzzy set statistic produced by a set of confidence intervals with non-equal tails.
A fuzzy significance level is used to evaluate the linear hypothesis. One-way
ANOVA based on fuzzy test statistic and fuzzy significance level is developed.
Numerical examples are given for illustration.

The seventeenth chapter summarizes and reviews the fuzzy ANOVA where the
collected data considered fuzzy rather than crisp numbers. A real case study is also
presented.

The eighteenth chapter presents different types of fuzzy data mining approaches
including Apriori-based fuzzy data mining, tree-based fuzzy data mining, and
genetic-fuzzy data mining approaches.

We hope that this book will provide a useful resource of ideas, techniques, and
methods for the development of fuzzy statistics. We are grateful to the referees
whose valuable and highly appreciated works contributed to select the high-quality
chapters published in this book. We would also like to thank Prof. Janusz
Kacprzyk, the editor of Studies in Fuzziness and Soft Computing at Springer for his
supportive role in this process.

Istanbul, Turkey Cengiz Kahraman
Ozgiir Kabak
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Fuzzy Statistical Decision-Making

Cengiz Kahraman and Ozgiir Kabak

Abstract The classification of decision-making methods can be based on the types
of the data in hand. If the data are given as a decision matrix with discrete values,
you can use multiple attribute decision-making. If the data are given as unit cost or
profit values together with budget or capacity constraints and if you have more than
one objective, then you can use multiple objective decision-making in a continuous
space. If the data are given as the parameters of certain probability distributions,
then you can use statistical decision-making, generally through hypothesis tests. If
the data are not exactly known, the fuzzy sets based approaches are incorporated
into these decision-making methods. Fuzzy statistical decision-making is one of the
most often used methods when insufficient statistical data exist in hand. Fuzzy
hypothesis tests, fuzzy variance analysis, and fuzzy design of experiments are the
examples of fuzzy statistical decision-making techniques. In this chapter, we survey
the literature of fuzzy statistics and fuzzy statistical decision-making and present the
results by graphical illustrations.

Keywords Fuzzy statistics - Statistical decision-making - Fuzzy event
Classification

1 Introduction

The probability theory is based on the data obtained from sufficient observations for
a certain event. From these data, you can determine the probability distribution of
the event and calculate its occurrence probability and make probabilistic estima-
tions. Without having sufficient observed data, these probabilistic calculations
cannot be made. Then, an expert would try to produce a subjective possibility
distribution based on few data or few observations.
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2 C. Kahraman and O. Kabak

In classical statistical decision-making, we have crisp parameter values and their
probability distributions are clearly known to make decision and estimations. In
fuzzy statistical decision-making, the values of parameters are not certain. Hence,
possibility distributions instead of probability distributions are preferred.

Zadeh’s [27] following famous example clearly explains the difference between
possibility and probability distributions.

Consider the statement “Hans ate X eggs for breakfast”, with X taking values in
U={1,2, 3,4, ...}. We may associate a possibility distribution with X by inter-
preting mx (u) as the degree of ease with which Hans can eat u eggs. We may also
associate a probability distribution with X by interpreting py (u) as the probability of
Hans eating u eggs for breakfast. Assuming that we employ some explicit or
implicit criterion for assessing the degree with which Hans can eat u eggs for
breakfast, the values of mx(u) and py(u) might be as shown in Table 1.

It can be easily seen that, whereas the possibility that Hans may eat three eggs
for breakfast is 1, the probability that he may do so might be quite small, e.g., 0.1.
Thus, a high degree of possibility does not imply a high degree of probability, nor
does a low degree of probability imply a low degree of possibility. However, if an
event is impossible, it is bound to be improbable.

The probability measure for crisp events can be extended to a probability
measure for fuzzy events. Probabilistic fuzzy systems are based on the concept of
the probability of a fuzzy event [26]. The probability of a continuous fuzzy event A
is obtained by taking the expectation of the membership function as in Eq. (1).

+ oo

Prid) = [ (el = E(ug) m

—00

where f(x) is the probability density function and uj(x) is the continuous mem-
bership function of the fuzzy event A.

In the literature, there are about 4,000 publications on fuzzy statistics including
journal manuscripts, conference papers, book chapters, etc. One of the
most-referenced papers on fuzzy statistics is by Ahmed et al. [1]. They present a
novel algorithm for fuzzy segmentation of magnetic resonance imaging (MRI) data
and estimation of intensity inhomogeneities using fuzzy logic. MRI intensity
inhomogeneities are attributed to imperfections in the radio-frequency coils or to
problems associated with the acquisition sequences. Another most-referenced paper
is by Krishnapuram and Keller [16]. They proposed the possibilistic C-means
algorithm (PCM) to address the drawbacks associated with the constrained mem-
berships used in algorithms such as the fuzzy C-means (FCM).

Table 1 The possibility and probability distributions associated with X

u 1 2 3 4 5 6 7 8
mix (u) 1 1 1 1 0.8 0.6 0.4 0.2
px (1) 0.1 0.8 0.1 0 0 0 0 0
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The history of fuzzy statistics goes back to 1970s. Stallings [22] developed
formalism for describing the syntactic pattern recognition of capital letters. Next,
the fuzzy set approach based on the concepts of Bayesian statistics was described.
Finally, the two approaches were compared. Later, Jain [13] indicated that the
comparison was improper as it compared Bayesian statistics with a particular case
of the fuzzy set theory. He showed that other interpretation of fuzzy connectives
may result in entirely different results. Kandel and Byatt [15] introduce a bibliog-
raphy of 570 items, all classified with the fuzzy set theory and its applications,
which will help the readers to come to grips with the literature explosion on the
subjects of fuzzy sets, fuzzy algebra, fuzzy statistics, and closely related applica-
tions. Kandel [14] made some fuzzy statistics applications for computer system
security. Hong et al. [12] studied fuzzy conceptions, fuzzy measures, fuzzy
statistics, and multi-dimension attribute spaces.

Buckley [6] investigated the use of fuzzy data in a fuzzy decision problem. An
optional decision is a decision function from the data into the set of actions with
maximum membership in some fuzzy sets. Fuzzy estimation is when the set of
actions and the states of nature are identical. Fuzzy hypothesis testing is when an
action states that the state of nature belongs to one of two disjoint sets. He defined a
class of optional decisions identified under general assumptions.

Based upon Peizhuang’s theory of set-valued statistics and Yager’s theory of
bags, Baowen et al. [3] gave a new form to the definition of fuzzy bag and its
properties as well as operations in set-valued statistics. Zeng et al. [28] presented a
review of noise levels of turbine generator sets in power stations, together with the
occurrences encountered in 125 and 300 mw units which are summarized from the
measured data of 17 units in power stations. Xihe [25] demonstrated ‘stability of
membership frequencies’ in a fuzzy statistical model. Bialasiewicz [5] presented an
approach to the selection of essential features of objects, which is based on suffi-
cient and e-sufficient statistics. It is shown how sufficient and e-sufficient statistics
can be used to construct partitions of the space of outcomes of an experiment in
order to simplify the pattern recognition process. After 1990s, the number of
publications on fuzzy statistics gained a significant acceleration. Taheri [23]
reviewed essential works on fuzzy estimation, fuzzy hypotheses testing, fuzzy
regression, fuzzy Bayesian statistics, and some relevant fields. The rest of the
literature will be classified with respect to their publication years, authors, countries,
etc. in Sect. 2.

The organization of this chapter is as follows. Section 2 gives the literature
review with graphical illustrations. Section 3 includes the books on fuzzy statistics
in the literature. Section 4 gives a numerical application of fuzzy statistical
decision-making. Section 5 concludes the chapter.
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2 Literature Review: Graphical Illustrations

In this section, we have searched the term “fuzzy statistics” in Scopus database.
When the term fuzzy statistics is searched in the title, abstracts, and keywords of
articles, the number of the documents that the Scopus found is 3,940. When the
term fuzzy statistics is searched in the title of articles, the number of the documents
that the Scopus found became 151. In the following, 3,940 documents are classified
with respect to their publication years, their subject areas, their authors, source
universities and countries.

2.1 Classification with Respect to Publication Years

Figure 1 gives the graph publication year versus frequency. The publications on
fuzzy statistics appear at the end of 1970s. We observe a slight increasing trend
between the years 1980 and 1990 whereas a stronger increasing trend exists
between the years 1990 and 2000. After the year 2000, we observe an exponential
increase in the number of publications on fuzzy statistics.

2.2 Classification with Respect to Affiliations

Figure 2 presents the graph affiliation versus frequency. University of Oviedo is by far
the first university among all, which produce studies on fuzzy statistics. Those institutes
compose of the second class producing publications on fuzzy statistics: Tsingua
University, IEEE, University of Tehran, Institute of the Polish Academy of Sciences,
Harbin Institute of Technology, Beihang University, and Shanghai Jiaotong University.
The third class involves Zhejiang University, National Chengchi University, Islamic

Fig. 1 Frequencies of fuzzy 400
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Azad University, Chinese Academy of Sciences, North China Electric Power University,
and Xidian University whereas the fourth class involves Huazhong University of Science
and Technology, Istanbul Technical University, Southeast University (China), and
National Cheng Kung University. There are 12 Chinese universities among the first 18
universities producing publications on fuzzy statistics.

2.3 (Classification with Respect to Authors

Figure 3 shows the graph authors versus frequency. The first 13 researchers are
Ozgur Kisi (Turkey), Berlin Wu (Taiwan), Maria Angeles Gil (Spain), Olgierd
Hryniewicz (Poland), Witold Pedrycz (Poland), Abraham Kandel (US), Ihsan Kaya
(Turkey), Cengiz Kahraman (Turkey), Junzo Watada (Japan), Didier Dubois
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(France), Hung T. Nguyen (US), Ana Colubi (Spain), and Paul D. Gader (US),
respectively. It is interesting that there is no Chinese researcher among the first 13
researchers even there are 12 Chinese universities among the first 18 universities
producing fuzzy statistics publications. The reason is that Chinese researchers’
mode on fuzzy statistics is low even their number is high.

2.4 Classification with Respect to Countries

Figure 4 presents the graph countries versus frequency. China has the first rank,
followed by US, Taiwan, Iran, India, Spain, Turkey, and the others. The sum of
fuzzy statistics publications from China and US is also equal to the sum of all other
countries.

2.5 Classification with Respect to Document Type

Figure 5 gives the graph document type versus frequency. Almost all of the fuzzy
statistics publications have been published as journal articles or conference papers.
As it is clearly seen from the graph, the number of book publications on fuzzy
statistics is very few when compared with articles and conference papers. This
proves the need for new books on fuzzy statistics.

2.6 Classification with Respect to Subject Areas

Figure 6 presents the graph subject areas versus frequency. The first three subject
areas, which fuzzy statistics are used, are computer science, engineering, and
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mathematics, respectively. The sum of the publications on computer science and
engineering are much larger than the sum of all other subject areas.

3 Books on Fuzzy Statistics

There are few books on fuzzy statistics, which have been published by various
publishers. Negoita and Ralescu [17] offer the first detailed descriptions of fuzzy
controllers, fuzzy statistics, and fuzzy-set theory. Ayyub and Gupta [2] handle
uncertainty analysis in engineering and sciences. They develop some models using
fuzzy logic, statistics, and neural network approach. Slowinski [21] cover
decision-making, mathematical programming, statistics and data analysis, and
reliability, maintenance and replacement in his book. He accounts for advances in
fuzzy data analysis, fuzzy statistics, and applications to reliability analysis. Ross
et al. [20] provide clear descriptions of fuzzy logic and probability, as well as the
theoretical background, examples. Grzegorzewski et al. [11] present some “soft-
ening” approaches, which utilize concepts and techniques developed in theories
such as fuzzy sets theory, rough sets, possibility theory, theory of belief functions
and imprecise probabilities.
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Bertoluzza et al. [4] connect probability theory/statistics and fuzzy set theory in
different ways. Several probabilistic studies are developed, as well as techniques
and criteria to get descriptive and inferential statistical conclusions from fuzzy data.
Buckley [8] introduces elementary fuzzy statistics based on crisp data. In the
introductory chapters the book presents a very readable survey of fuzzy sets
including fuzzy arithmetic and fuzzy functions. The book develops fuzzy estimation
and demonstrates the construction of fuzzy estimators for various important and
special cases of variance, mean and distribution functions. It is shown how to use
fuzzy estimators in hypothesis testing and regression, which leads to a compre-
hensive presentation of fuzzy hypothesis testing and fuzzy regression as well as
fuzzy prediction. Nguyen and Wu [18] present basic foundational aspects for a
theory of statistics with fuzzy data, together with a set of practical applications.
Fuzzy data are modeled as observations from random fuzzy sets. Theories of fuzzy
logic and of random closed sets are used as basic ingredients in building statistical
concepts and procedures in the context of imprecise data, including coarse data
analysis. The monograph also aims at motivating statisticians to look at fuzzy
statistics to enlarge the domain of applicability of statistics in general. Buckley [9]
combines material from his previous books FP [7] and FS [8], plus has about one
third new results. From FP he has material on basic fuzzy probability, discrete
(fuzzy Poisson, binomial) and continuous (uniform, normal, exponential) fuzzy
random variables. From FS he includes chapters on fuzzy estimation and fuzzy
hypothesis testing related to means, variances, proportions, correlation and
regression. New material includes fuzzy estimators for arrival and service rates, and
the uniform distribution, with applications in fuzzy queuing theory. Also, new to
this book, is three chapters on fuzzy maximum entropy (imprecise side conditions)
estimators producing fuzzy distributions and crisp discrete/continuous distributions.
Other new results are: (1) two chapters on fuzzy ANOVA (one-way and two-way);
(2) random fuzzy numbers with applications to fuzzy Monte Carlo studies; and (3) a
fuzzy nonparametric estimator for the median. Viertl [24] presents the foundations
of the description of fuzzy data, including methods on how to obtain the charac-
terizing function of fuzzy measurement results. Furthermore, statistical methods are
then generalized to the analysis of fuzzy data and fuzzy a-priori information.
Nguyen et al. [19] show how to compute statistics under interval and fuzzy
uncertainty. The resulting methods are applied to computer science (optimal
scheduling of different processors), to information technology (maintaining pri-
vacy), to computer engineering (design of computer chips), and to data processing
in geosciences, radar imaging, and structural mechanics.

4 Fuzzy Statistical Decision-Making: An Example

In classical inferential statistics all the parameters of a mathematical model and the
data are exactly known. However, if all these parameters and data are not obtained,
the classical models are valid only under some additional assumptions that might be
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not fulfilled. We face such a situation when our experimental data are of a linguistic
type [10]. We present an example of fuzzy hypothesis tests in the following [9].

A sample of 144 units gave a sample mean of 214.452 and a sample standard
deviation of 25.6. The significance level is 0.02. Make a fuzzy hypothesis test for
Hp: n <210 versus H,: p > 210 using a-cut levels 0.4 and 0.9.

This is a right-tailed hypothesis test. First of all, from the standard normal
distribution (SND) table, we find Zy = Zg_o0, = 2.05375. From the given data, we
calculate the Z. value from the sample statistics as follows:

X p 214452210
Ze= 7T 256/ 7T ~ 2.086875 2)

Table 2 gives the triangular fuzzy Z values obtained from both SND table and
sample statistics. The classical Zj value from SND table is 2.05375. This Z;, value
may be changed depending on the risk perception of the decision maker. Hence, we
represent the Z, value as a triangular fuzzy number. Since we consider the possible
slight changes in the sample mean and sample standard deviation, the Z. value
calculated from the sample may change accordingly.

Table 2 Comparison of fuzzy Z values

Fuzzy Z values from SND table Calculated fuzzy Z values

o Za/2 Zo ~ Zon2 Zo + Zop2 o Za2 Ze ~ Zop Ze + Zop
0.01 -2.576 -0.522 4.630 0.01 —2.576 —0.489 4.663
0.02 —2.326 —0.273 4.380 0.02 —2.326 -0.239 4.413
0.03 -2.170 -0.116 4.224 0.03 -2.170 —0.083 4.257
0.04 —2.054 0.000 4.107 0.04 —2.054 0.033 4.141
0.05 -1.960 0.094 4.014 0.05 -1.960 0.127 4.047
0.06 —1.881 0.173 3.935 0.06 —1.881 0.206 3.968
0.07 —1.812 0.242 3.866 0.07 —1.812 0.275 3.899
0.08 -1.751 0.303 3.804 0.08 -1.751 0.336 3.838
0.09 —1.695 0.358 3.749 0.09 —1.695 0.391 3.782
0.1 —1.645 0.409 3.699 0.1 —1.645 0.442 3.732
0.35 —-0.935 1.119 2.988 0.35 —0.935 1.152 3.021
0.36 -0.915 1.138 2.969 0.36 -0.915 1.172 3.002
0.37 —0.896 1.157 2.950 0.37 —0.896 1.190 2.983
0.38 -0.878 1.176 2.932 0.38 —0.878 1.209 2.965
0.39 —0.860 1.194 2913 0.39 —0.860 1.227 2.946
0.4 —0.842 1.212 2.895 0.4 —0.842 1.245 2.928
0.41 -0.824 1.230 2.878 0.41 —0.824 1.263 2911
0.42 —0.806 1.247 2.860 0.42 —0.806 1.280 2.893

(continued)
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Table 2 (continued)

Fuzzy Z values from SND table Calculated fuzzy Z values

o Zas2 Zo ~ Zan2 Zo + Zgp2 o Zos2 Zc — Zap Zc + Zop
0.43 —0.789 1.265 2.843 0.43 —0.789 1.298 2.876
0.44 -0.772 1.282 2.826 0.44 -0.772 1.315 2.859
0.45 —0.755 1.298 2.809 0.45 —0.755 1.331 2.842
0.85 —0.189 1.865 2.243 0.85 -0.189 2.276 1.820
0.86 -0.176 1.877 2.230 0.86 -0.176 2.263 1.832
0.87 -0.164 1.890 2.217 0.87 —0.164 2.251 1.845
0.88 —-0.151 1.903 2.205 0.88 —-0.151 2.238 1.858
0.89 —-0.138 1.915 2.192 0.89 -0.138 2.225 1.870
0.9 —-0.126 1.928 2.179 0.9 -0.126 2213 1.883
0.91 -0.113 1.941 2.167 091 -0.113 2.200 1.896
0.92 —0.100 1.953 2.154 0.92 —0.100 2.187 1.908
0.93 —0.088 1.966 2.142 0.93 —0.088 2.175 1.921
0.94 -0.075 1.978 2.129 0.94 -0.075 2.162 1.933
0.95 —0.063 1.991 2.116 0.95 —0.063 2.150 1.946
0.96 —0.050 2.004 2.104 —0.050 2.037 2.137 —0.050
0.97 —0.038 2.016 2.091 —0.038 2.049 2.124 —0.038
0.98 —-0.025 2.029 2.079 —0.025 2.062 2.112 —-0.025
0.99 —-0.013 2.041 2.066 -0.013 2.074 2.099 —-0.013
1 0.000 2.054 2.054 1 0.000 2.087 2.087

The intersection value of the left side representation of Z. and the right side
representation of Z; is between a = 0.98 and o = 0.99. For both a-cut level = 0.4
and a-cut level = 0.9, no decision can be given. The classical decision would be
reject the null hypothesis.

5 Conclusion

In this chapter, we presented the literature review results for fuzzy statistics and
fuzzy statistical decision-making. The literature review reveals that after the year
2000, fuzzy statistics attracts the researchers. The researchers in Chinese univer-
sities produce most of the publications on fuzzy statistics. However, the largest
frequency per researcher (mode) of these publications does not belong to Chinese
researchers. The researchers having the largest frequencies are from Turkey,
Taiwan, Spain, Poland, US, Japan, and France. The total publications on fuzzy
statistics from China and USA are larger than the sum of all other countries. Almost
all of the publications on fuzzy statistics have been published in Journals or at
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conferences. The subject areas of most of these publications are on computer sci-
ence, engineering, and mathematics.

The extensions of fuzzy sets such as type-2 fuzzy sets, intuitionistic fuzzy sets,

and hesitant fuzzy sets present new opportunities to extend fuzzy statistics. For
further research, these extensions are suggested to expand the fuzzy statistical
decision-making techniques such as intuitionistic fuzzy hypothesis tests and hesi-
tant fuzzy hypothesis tests.
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Fuzzy Probability Theory I: Discrete Case

L. Burak Parlak and A. Cagr Tolga

Abstract This chapter introduces the underlying theory of Fuzzy Probability and
Statistics related to the differences and similarities between discrete probability and
possibility spaces. Fuzzy Probability Theory for Discrete Case starts with the
fundamental tools to implement an immigration of crisp probability theory into
fuzzy probability theory. Fuzzy random variables are the initial steps to develop this
theory. Different models for fuzzy random variables are designated regarding the
fuzzy expectation and fuzzy variance. In order to derive the observation related to
fuzzy discrete random variables, a brief summary of alpha-cuts is introduced.
Furthermore, essential properties of fuzzy probability are derived to present the
measurement of fuzzy conditional probability, fuzzy independency and fuzzy Bayes
theorem. The fuzzy expectation theory is studied in order to characterize fuzzy
probability distributions. Fuzzy discrete distributions; Fuzzy Binomial and Fuzzy
Poisson are introduced with different examples. The chapter is concluded with
further steps in the discrete case.

Keywords Fuzzy random variable - Fuzzy conditional probability - Fuzzy
independency - Fuzzy Bayes theorem - Fuzzy Hypergeometric distribution - Fuzzy
Binomial distribution - Fuzzy Poisson distribution

1 Introduction

When certainties occur people typically look back to gathered data and try to
estimate future events. Traditionally, one of the methodologies; well known as
probability theory has met these requirements in dealing with uncertainty and
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imprecision. However in full-uncertainty cases, probability theory may not be
considered sufficient and it should be integrated with fuzzy logic to enhance its
robustness. Full-uncertainty can be described as no one has data on the occurrence
of possible cases moreover in some cases nobody know anything about these
becoming true possible events. For example, think about space missions: likewise
landing of the Rosetta spacecraft to the comet 67P. Additionally think about Mars
relocation mission. Of course scientists can compute all the probabilities however
despite all the observations made by Phoenix and Curiosity at Mars the events what
will happen in the near future in the Mars mission contain deep vaguenesses. By
these contingent events, people try to estimate the various events and additionally
their probabilities of course.

Probability measures in fuzzy sets were first revealed by Zadeh [1]. In his work,
Zadeh stated that an extension by fuzzy sets might eventually broaden the domain
of practicability of probability theory, notably in those fields in which fuzziness is
an expansive phenomenon. Then, in his another paper published after 10 years from
the previous one, he claimed that the imprecision which is intrinsic in natural
languages is, in the main, possibilistic rather than probabilistic in nature [2]. Fuzzy
random variables (FRVs) were defined by Kwakernaak and he put forward several
theories about independent fuzzy variables for the first time in the literature [3].
Then, he added algorithms about fuzzy random variable after 1 year, and also he
gave examples for the discrete case [4].

Liu and Liu offered a new concept of fuzzy expected values related with Choquet
integral occurring by chance with random variables (RVs) [5]. They contemplated a
fuzzy simulation technique in order to calculate the expected value of general fuzzy
variable. Also, a new description of scalar expected value operator for fuzzy ran-
dom variables was given initially in their paper [6]. Buckley developed fuzzy
probabilistic definitions and theorems about fuzzy probability in his pioneer books
[7-9]. Nguyen and Wu presented some mathematical background of probability
theory for linguistic fuzzy data and introduced several practical examples in their
book [10]. Recently, Shapiro reviewed the fuzzy probability theory and summa-
rized the application fields in order to represent fuzzy random variables and the
variations between probability and possibility spaces [11-13].

In a nutshell, a fuzzy random variable is a random variable (RV) which is
defined using a membership function related to a fuzzy set. However, this definition
could be interpreted within the Probability Space and the Possibility Space: Ps. Let
Q2 be the sample space, F be the g-algebra of subsets of 2 and P be the probability
on Q. (Q,F,P) is the 3-tuple which is called the Probability Space. On the other
hand, let © be the sample space, P(©) be power set of @ and Ps be the possibility
on @. Then, (@, P(O), Ps) is the 3-tuple which is called the Possibility Space.

In order to compare these triples, let us consider the following example; in a
football match of a national league, total number of goals is determined between 1
and 8. The question is to illustrate the meaning between the probable number of
goals and the possible number of goals. This difference is represented in Fig. 1. The
left chart describes the probability values for the number of goals. On the other
hand, the right chart shows the possibility of the number of goals. It is remarkable
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Fig. 1 The probability and possibility of having a certain number of goals in a football match

Table 1 Properties of

babil i bili Probability space Possibility space
probability and possibility
spaces (Q.F,P) (©,P(6),Ps)
Q: Sample space ®: Sample space
F: o-algebra of subsets P(O): power set of &
P: Probability of Q Ps: Possibility on ©
P@Q) =1 Ps(@) =1
P(A)>0 Ps(®) =0
P{U A} A; : disjoint events Ps{U; A} = supi Ps{As}
i=1

that having one or two goals have different probabilities, but they are equally
possible in a football match.

The differences between probability space (L, F,P) and possibility space (O,
P(0O),Ps) are detailed within the studies of Shapiro [11-13]. As a summary,
Table 1 condenses the properties for both spaces as follows;

Discrete possibility space is plotted in Fig. 2 as a graph of membership functions
for each discrete event.

In this chapter, fuzzy random variables will be defined and related results will be
presented to link them with discrete fuzzy random variables. The discrete fuzzy
probability function and its related expectation will be given also. While deepening
in fuzzy random variables o-cuts need to be investigated. The consequent section
will contain this alpha-cuts topic. Fuzzy probability will be discussed in Sect. 4. In
Sect. 5, we will penetrate to discrete fuzzy expectation topic. Section 6 will make
mention of fuzzy conditional probability. Fuzzy independency and fuzzy Bayes
formula will be investigated in Sects. 7 and 8 successively. Then Fuzzy
Hypergeometric distribution will be investigated in Sect. 9. After that, in Sect. 10
Fuzzy Binomial distribution will be expressed. And Fuzzy Poisson distribution,
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Discrete Possibility Space

pix)

Fig. 2 The illustration of discrete possibility space

ending of the discrete probability distributions, will be explained in Sect. 11. All
these Fuzzy discrete distributions will be intensified by illustrative examples.
Finally, we will complete this chapter by an inclusive section.

2 Fuzzy Random Variables

The statement of fuzzy random variable (FRV) was firstly developed by
Kwakernaak [3], as ‘random variables whose values are not real, but fuzzy num-
bers’. He defined a FRV as an ambiguous cognition of a crisp but unobservable
random variable. For example, let’s think about assigning an age to people in a
conference. Consider X as their existing age that is an unexceptional random
variable on the real line, of course at the positive side. But, someone can simply
conceive a random variable x through a set of values as follows: “young”, “middle
age” and “old”. Which means; someone conceive fuzzy sets as noteable results
since the genuine X is not remarkable.

As Shapiro [12] remarked; Kwakernaak [4] introduced the fundamentals for a
fuzzy random variable model. However before Kwakernaak’s study there were
essential studies made by various scientist on random sets [1, 2, 14—17]. Puri and
Ralescu [18] developed new idea to generate the fuzziness and they stated that the
expected value could be fuzzy but the variance should be scalar. Liu and Liu [6]
asserted the law of truth conservation and they insisted on that possibility measure
was inconsistent with the law of excluded middle and the law of contradiction.
They maintained that the expected value and variance of any FRV should be scalar
both. However, in contradiction to all these ideas in his books Buckley [7-9]
developed another aspect that is generating the fuzziness and the model where the
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Table 2 Summary of milestones on fuzzy probabilistic studies

Researchers State of art

Zadeh 1968 [1] Fuzzy probability measures

Kendall 1974 [14] Random sets

Matheron 1975 [15] Random sets

Fron 1976 [16] Random fuzzy sets

Zadeh 1978 [2] Possibility theory

Nguyen 1978 [17] Random sets and belief functions

Kwakernaak 1978 [3], 1979 [4] Fuzzy random variable

Puri and Ralescu 1986 [18] Fuzzy random variables

Buckley 2004 [7], 2005 [8], 2006 [7] Fuzzy discrete and continuous probability
distributions

Couso et al. 2014 [24] Il perceived random sets

expected value and the variance are both fuzzy values. Table 2 summarizes fun-
damental studies on fuzzy probability theory and applications.

A fuzzy membership function would have different values in an interval.
Therefore, a fuzzy random variable will be a random variable whose value would
be a set using the fuzzy membership function.

Let x;, i € N be a discrete fuzzy random variable. If the values of x; are denu-
marable, x; is called a discrete fuzzy random variable. The probability function of a
discrete fuzzy random variable is the representation of the discrete values and their
respective probabilities. Furthermore, the fuzzy values of x; are denoted as u(x;).

In discrete case, this membership function will be represented using fuzzy
probability mass function whereas it will be the fuzzy probability density function
in continuous case.

In order to generalize the FRV in discrete case, let A be a fuzzy subset of Q. If
A(x) # 0 for n times of x values in €, this subset A could be identified as a discrete
fuzzy set. Let us suppose A(x) # 0 for 1 <i<n in Q. Therefore, we may write the
fuzzy set as follows

A::ul»-..a:uia"'vﬂn (1)

Here y; are called the membership values of x;. In this chapter we will adapt the
following expression A(x;) = fi;, 1 <i<n. In the generalized form, discrete fuzzy
subsets could be any space in 2. Therefore, we may note that a-cuts of discrete
fuzzy sets of R, the set of real numbers, do not produce closed, bounded intervals.

Let X = xy, ..., x, be a finite set and suppose a probability function denominated
by P should depicted on all subsets of X with P(x;) = a;, 1 <i<n,0<gq; <1 forall
i. As we recall from probability theory the summation of a; (1 <i<n) values
should be equal to 1. The relation between X and P is identified as discrete
probability distribution.
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Even the probabilistic a; values should be already known, they are generally
estimated, or are observed by experiments. In order to immigrate the fuzzy case, let
us start with the assumption of the uncertainty for some a; and let us model them
using fuzzy numbers as described recently. In practice, we may write some a; as
fuzzy numbers and the others as crisp number. However, we should apply fuzzy
notation for both a; numbers in order to facilitate the nomenclature and the
calculations.

Moreover, we may write the uncertain a; values as a;; fuzzy values, and we may
apply the probability theory in a similar way; V a; and nominate that 0<a; <1,
1 <i<n. Throughout the rest of this chapter, this fuzzy nomenclature is used for
given or estimated probabilities.

The probability value q; is expressed as a; = a;. However, a; might be omitted
and A might be preferred in order to express the whole distribution in some cases.
Therefore, FRV values X = x; coupled with fuzzy probabilistic values; A = a; are
called a discrete fuzzy probability distribution. Finally, fuzzy P is P and intrinsi-
cally P(x;) = @, 1<i<n, 0<& <1 could be written.

Consequently, in order to satisfy the summation of probability values, the fol-
lowing restriction should be taken into account when a missed observation is
estimated regarding the fuzzy case. We can estimate a; in a;[], all o, and a; € a;[1]
should satisfy > " a; = 1.

2.1 The FRV Model by Puri and Ralescu

Let (Q,F,P) be a probability space, A(R") emphasize the set of fuzzy subsets,
x:R"—[0,1],X: Q — A(R") be defined by X,(w)= (x € R": X(®)(x) >a),
and B denote the Borel subsets of R”. An FRV by Puri and Ralescu is a function
X : Q — A(R") such that, for every a € [0, 1]:

{(w,x): x e X,(w)} € FxB

The most wonted measure is the Aumann-type mean for digitizing the central
tendency of the distribution of an FRV model by Puri and Ralescu. In his work,
Aumann [19] widened the real-valued variable’s mean and maintained its principal
essential characters and attitude. Before giving the statement of expected value and
variance a definition of integrably boundedness has to be made:

A ¥ is an FRV as can be mentioned an integrably bounded FRV related with the
probability space (Q,F,P) iff ||¥] € L'(Q,F,P), where, for the function f,
LY(Q,F,P) = {f|f : @ — R, F-measurable, [|f|'dP<oc}.

Let ¢ be an integrably bounded FRV related with (Q, F,P), and S(A) be a
nonempty bounded set as regard to the L'(P)-norm, the expected value of 1 is the
unpaired fuzzy set E(¢ | P) of R" such that
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(E(W|P)) / 9,dP foralla € [0, 1], 2)
Q

“

where [, 0,dP = { [,fdP|f € S(9,)} is the Aumann integral of 9, as regard to P.

Variance of a Puri and Ralescu type FRV is argued by Feng et al. [20]. They
claimed that, the variance should be used to observe the spread or deployment of
the FRV around its expected value (EV) just like under the circumstances of real
random variables. Ultimately, they illustrated the Puri and Ralescu type variance as
a scalar shown below:

Var(X) =3 [ 1V0£)+ V(X o)

Also in the literature, there are some other offers for scalar variance. Premier one
is considering a numerical element of every fuzzy realization of the FRV as the
midpoint of the support and then computing the deployment of these representative
values.

2.2 The FRV Model by Buckley Based on Kwakernaak

As given in the previous subsection, let (2, F, P) be a probability space and let
A(R) emphasize the all fuzzy numbers’ set in the real numbers set, R. Particularly,
A(R) depicts the class of normal convex fuzzy subsets of R which has the severe a-
levels for o € [0, 1]. Assignment class could be defined as U, and U : R — [0, 1],
ie., U(u) € [0, 1], for all u € R, such that U, is a non-empty severe interval, where

U, — {xeR|Ux)<a if ae€(0,]]
e cl(suppU) ifao=0

An FRYV is an assignment ¥ : Q — A(R) thus for each o € [0, 1] and all v € Q
the real-valued assignment:

inf ¥, : @ — R, ensuring inf 9,(w) = inf (J(w)),, and

sup ¥, : Q — R, ensuring inf 9,(w) = inf (¥(w)),, are real valued RVs.

The central tendency of the distribution of an FRV model by Buckley based on
Kwakernaak can be widened to the real-valued variable’s mean and can be cal-
culated as below:

tiw) () = sup {uy(U) |U € Uy, E(U) = 9},0 € R 4)

where E indicates the usual expectation. Similarly, the fuzzy variance of ¢ is a
fuzzy set on [0, c0) with
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Hyy(9) = sup {1y(U) | U € U4 VU =0}, 0> € [0,00). ()

where, ¥ is an FRV, U 4 is the collection of all A-measurable RVs of Q and V
indicates the usual variance.

As stated in the previous sections, mean and variance of a fuzzy random variable
in Liu and Liu’s model are both scalar. One can calculate these values more easily
than the cited FRV models above.

3 Alpha-Cuts

In a more universal perception, the random set could be produced by the a-cuts of A
as stated in Zadeh’s article [21]. To be more en detail, an a-cut, A,, of A is a
non-fuzzy set described by A, = {x|py(x)>a},0<a<1. The a-cuts are
employed to be the main components of a random set; with « it is assumed to be
uniformly distributed over the interval [0, 1].

A fuzzy set A can be produced from a random set. Essentially, the identical result
can be obtained without appearing of randomness. It is clear that a fuzzy set may be
reproduced from its a-cuts both discriminating and additively. In order to explain
this case, suppose that u, (x) express the membership function of A,. As A, is
non-fuzzy, it might be confused with the specific function of A,. Then, the mem-
bership function of A can be displayed in terms of the membership functions of the
A, (a) discriminating as g, (x) = sup, (o A py (x)),0 <o <1, where A expresses
min, and (b) additively as

() = [ 1, (x)do. (6)
0

The illustrative representation is depicted in Fig. 3.

4 Fuzzy Probability

Let us start to define two (crisp) subsets A and B be of X. Moreover, we want to
compute fuzzy probabilities which are denoted P(A) and P(B), respectively. We
have to implement fuzzy algebra to calculate these values. In some a; values there
would be an uncertainty, however in discrete probability distribution there is no
uncertainty. Therefore, the probability summation rule a; + --- +a, = 1 for each
a; values in @;[o] should be satisfied. This constraint will be served as the basis of
our fuzzy algebra.
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Fig. 3 The representation of alpha cuts for a triangular fuzzy number

We suppose that A = xy,...,x;, 1 <k<n, then define

k
P(A)[o] = {Za,} (7)
i=1

for 0 <a <1, where a; € a;[0],1<i<n,Y ; ,a; =1 which is related to the fuzzy
algebra. First of all, a complete discrete probability distribution using the o-cuts
should be determined. Secondly, a probability in Eq. (7) should be calculated.

Let us denote that P(A)[o] is not equal to the sum on fuzzy the intervals &;[«]
with the fuzzy algebra in 1 <i<k. Let us try to complete the definition of P(A)|«]
by introducing the a-cuts of a fuzzy number P(A).

Initially, we note that x;,...,x,, x>0, >.i x; =1 and f(a1,a2,...,a,) =
Z;;l a;. Using these definitions, we might write that

1. If ANB = (), then P(A) +P(B) > P(AUB).

2. If ACB, P(A)[o] = [pa1(2),par(2)] and P(B)[«] = [pp1(e), pra(e)] then
Pa; () <pp, (o) fori=1,2and 0< o< 1

3. 0<P[A] <1 all A with P(§) =0, P(X) =1

4. P[A] 4 P[A'] > 1, A’ is the complement of A.

5. For ANB # ), P(AUB) < P(A) + P(B) — P(AUB)

Example 1 Let n be 5 and the sets are; X = {ay,az,a3} Y = {aa, as} and the fuzzy
probabilities for each random variables are X; = (0.1,0.2,0.3) 1 <i<35.

Therefore, we may compute that; P(X)[0] = [0.3,0.9], P(X)[1] = [0.6,0.6] and
P(Y)[0] = [0.2,0.6], P(Y)[1] = [0.4,0.4].
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Example 2 Let n be 6 and the sets are; X = {aj,az,a3} Y = {as,a4} and
Z ={as,as,as} the fuzzy probabilities for random variables are as follows;
% =(0.1,0.15,0.2) for 1 <i<4 % = (0.15,0.2,0.22) for 5 <j<6.

Therefore, we may compute that; P(X)[0] = [0.3,0.6], P(X)[1] = [0.45,0.45],
P(Y)[0] =[0.2,0.4], P(Y)[1] =[0.3,0.3] and P(Z)[0] =[0.4,0.64], P(Z)[1] =
[0.55,0.55].

Furthermore, we may deduce the fuzzy probabilities of the intersection;
P(XNY)[0] =[0.1,0.2], P(XNY)[1] =[0.15,0.15], P(YnZz)[0]=[0.1,0.2],
P(YNZ)[1] = [0.15,0.15].

Finally the fuzzy union probabilities are as follows; P(XUY)[0] = [0.4,0.8],
P(XUY)[1] = [0.6,0.6], P(Y UZ)[0] = [0.5,0.84], P(Y UZ)[1] = [0.7,0.7].

We may note that; [0.4,0.8] #[0.3,0.6]+[0.2,0.4] —[0.1,0.2] and
[0.5,0.84] # [0.2,0.4] +[0.4,0.64] — [0.1,0.2].

Therefore, we should remark that P(X UY) and P(Y UZ) can be expressed as a

subset of P(X) +P(Y) — P(X NY), P(Y)+P(Z) — P(Y NZ), respectively.

5 Fuzzy Discrete Expectation

Suppose X and Y are two random variables with joint probability density f (x, y; 0).
where x € R and the joint density function’s vector of parameters should be
0= (0,...0,). Mostly cited parameters are anticipated employing a random
sample from the population. These anticipations can be a point estimate or a
confidence interval. In lieu of anticipation of a point, a confidence interval for each
0; could be replaced by the probability density function to obtain an interval joint
probability density function. Whereas more general form should be constructed and
this necessitates formulation of the indefiniteness in the 0; by replacing a fuzzy
number for 0; and acquire a joint fuzzy probability density function. For a-cuts of
the fuzzy number utilized for 0;, vide supra Sect. 3. If one wishes to implement the
interval probability density functions utilizing the fuzzy numbers with o-cuts of
course could be better. The joint fuzzy density functions are fulfilled by substituting
fuzzy numbers for the vague parameters. For to clarify the nubiluous definitions
fuzzy marginals should be discussed now.

Since the 0; in 0 are uncertain fuzzy numbers 0, are replaced for the 0;, 1 <i<n,
that provides joint fuzzy density f(x, y; é) The fuzzy marginal for X is

=Y s 0). (8)

00
k=1
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The fuzzy marginal for Y could be written by the same way. The a-cuts of the
fuzzy marginals f(x; 0) could be calculated by the following equation

fe D)z {fok,yk, 0)10; € i), 199}, (9)

for 0<x<1, and also we can derive an analogous equation for f(y;6)[a].
Equation (9) gives the a-cuts of a fuzzy set for each value of x.

At this juncture let f(x; 0) be the crisp marginal of x which means non-fuzzy
marginal of x. Let’s utilize f(x; 0) to procure the mean u,(0) and variance Var,(0)
of X. The mean and variance of X are written as functions of 0 as they are related
with the values of the parameters. Suppose that p.(0) and Var,(0) are discrete
functions of 0. Deriving the fuzzy mean and variance of the fuzzy marginal could
be made by fuzzification of the crisp mean and variance. Subjacent theorem can be
deduced from the previous explanations for X and also can be utilized for Y.

Theorem The fuzzy mean and variance of the fuzzy marginal f(x; ) are ,uX(G) and
Varx( ) [8].

Proof An o-cut of the fuzzy mean of the fuzzy marginal for X is

o)

M(0)]o] = {Zka(Xk;O)IOiGOi[a],léién}, (10)
k=1

for 0 <o < 1. Now the sum in Eq. (10) equals M, (6) for each 0; € 0;,1<i<n.So

M(O)o] = {1 (0)|0: € Oife], 1 <i<n}. (11)

Because of this, the fuzzy mean is /\/lx(é) See the studies explained at the cited

references in the various fuzzy distributions parts of this chapter.
The fuzzy variance with a-cuts could be written as follows:

Var(0)[e] = {>_ (x — 1, (0))°f (x4 0) | 0; € 0], 1 <i <n}, (12)
T—1

for 0 <o < 1. But the sum in the above equation equals Var,(0) for each 0; € 0,,
1 <i<n. Due to this

Var(0)[o] = {Var.(0) | 0; € 0[], 1 <i<n}. (13)

So, the fuzzy variance is just Vary(0). d
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6 Fuzzy Conditional Probability

In probability theory, conditional probability serves us to introduce and calculate
joint probabilities. In fuzzy probability theory, we will apply the same approach by
using fuzzy random variables.

Let M =x;,...,x, N =1x;,...,x for 1 <r<s<tr<nso that M and N are not
disjoint. The fuzzy conditional probability of M given N should be defined natu-
rally. The fuzzy conditional probability might be written as P(M | N). Furthermore,
the following definitions for fuzzy conditional probability could be presented.
At first,

D i, i
S

The numerator of the division is the sum of the g;; in the intersection of M and
N, while the denominator is the sum of the a; in N. Then we may write;

P(M|N) =

aieai[oc] 1<i<n (14)

o) = ZE (15)

These definitions for fuzzy conditional probability would be considered as the
fuzzy version of conditional probability theory. Therefore, we might interpret the
fundamental characteristics of fuzzy conditional probability which are:

.0<PMI|N)<1

. P(N|N) = 1 crisp one

. P(M|N) =1 crisp if NCM

. P(M|N)=0crispif NONM = ()

. P(M; UM, |N)<P(M;|N)+P(Ms|N) if My "M, = 0)

N A~ W N~

Firstly, we may note that the first three properties will be directly related to the
initial definition of fuzzy conditional probability. Let us assume an empty sum
which will be equal to zero. As the numerator in Eq. 14 is an set empty, the fourth
property will be true while these events M and N would be disjoint. For the last
property in fuzzy conditional case, let us define that;

P(My UM, |N)[&]CP(M, |N)[o] +P(Ma |N)[o] O<o<l (16)
We evaluate the expression through o«. Let us set x = ﬁ% which belongs to
(M, UM, |N)[o]. For x we may write;

e [ is equal to the sum of the a; for x; € M; NN.
e 7 is equal to the sum of the a; for; x; € M, NN.
e ( is equal to the sum of the g; for x; € N.
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As a simplification, the sum of a; will be equal to one as a; € a;[]. Therefore,
we may write that $/8 belongs to P(M, | N)[o] and y/d belongs to P(M, | N)[o].

7 Fuzzy Independency

In probability theory, the dependency or the independency of the events are crucial
to observe the joints probabilities. However, the properties related to the moments
are generally related to the independency to simplify the calculations. In the case of
fuzzy probability, a similar reasoning would be applied to define the case for two
events M and N.

As it is represented in fuzzy conditional probability, we may adapt two defini-
tions; strong and weak independency for the events M and N.

The first expression to define the independency is based on the fuzzy conditional
probability. M and N are characterized as strongly independent if

P(M|N) = P(M) (17)
and
P(N|M) = P(N) (18)

These expressions are not always obvious to define the independency. Therefore,
we need to introduce a new term which is the weak independency in fuzzy prob-
ability theory. We may write that the events M and N are weakly independent if

P(M|N)[1] = P(M)]1] (19)
and
P(N |M)[1] = P(N)[1] (20)

In the second formulation where the events are characterized as weakly inde-
pendent, we use the o = 1 cuts to satisfy the equality. Therefore, events which are
strongly independent are obviously weakly independent.

In order to conclude the fuzzy independency, we may start to use the conven-
tional expression of independency based on the crisp way. Initially, the events M
and N are said independent when

P(MNN) = P(M)P(N) (21)
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8 Fuzzy Bayes Formula

In the probability theory, Bayes formula formulates the relationship between the
current and the prior information. It is supported by the theory of conditional
probability. In this section, we will show the fuzzy interpretation of Bayes formula.

Let X = xy,...,x, be a random variable and let §;, 1 <i <k, be a partition of X.
We assume that f3; are not empty sets, and they are mutually disjoint. The union of
f; is X. In a case where the probability of f3; is not known, we can develop a
conditional probability to calculate f;.

If 0; are some priors that we may know and

pi = P(B;10)) (22)

where p;; will generate the probability of f;.

In order to calculate p;;, we need the estimates p; = P(0;). The probability p; is
defined as the prior probability distribution. The probability that the partition f; is
given when the priors 0; has accomplished as follows;

P(B:16;)P(6;) .
P(0;15;) = S P 10)P(5) 1<j<J (23)

Moreover, py; = P(Hj | ﬁi) is called the posterior probability distribution. The
probability P(f;) might be calculated by integrating p;; and p; as follows;

J
=> _P(B:10;)P 1<i<k (24)
Jj=1

For a specific event f3;, which has occured, we might develop the prior for the
posterior and calculate the probabilities of f; as

J
=Y PB:10,)P(O;1Br)  1<i<k (25)
j=1

Finally, Fuzzy Bayes formulation could be written using the «-cuts of fuzzy
posterior distribution as follows;

P18 = (26)
j=1PijPj
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9 Fuzzy Hypergeometric Distribution

In the discrete probability theory, the hypergeometric distribution is considered
among the fundamental probability distributions where lot acceptance area is
modeled using the probabilistic information. This formulation is developed for
fuzzy case in the inspection of geospatial data by Tong and Wang [22].

It is assumed that there is a finite population concerning N units in hypergeo-
metric distribution. Let’s say some number D of these units contribute a class of
interest which can be a success or a failure (D < N). This type of probability
distribution describes the probability of x interests in n pulls without replacement.
Then, x can be depicted as a hypergeometric random variable with the probability
distribution as below:

(2)(=2)
X n—x
P(x) = NN x=0,1,2,...,min(n,D) (27)
(")

In order to calculate the fuzzy probability, we need to use the fuzzy algebra for
D = N7 and 2 = NI and in addition we should have derive the minimum and the
maximum of P(x) using the o-cuts. The fuzzy hypergeometric distribution is
characterized as the probability model for a fuzzy random sample selection of n
items without replacement from a lot of N items of which D are non-conforming or
defective. Therefore, fuzzy hypergeometric probability mass function is derived by

using fuzzy numbers for the conforming items based on the approach of Tong and
Wang [22] as follows;

P(x)[o] = min M 0<a<l (28)

~ (2

P(x)[o] = max

Moreover, the fuzzy probability P|[«] is obtained within [P(r;), P(r,)]. Therefore,

P(x)[«] = <A:) CZVW__]Y) reffu] 1ela] 0<a<l (30)

(%)



28 I. Burak Parlak and A. Cagr1 Tolga

Example 3 Suppose that a lot contains 2000 items, a fraction of 7 = (0.25,0.3,0.4)

which do not conform requirements. If a fraction of I = (0.04,0.05,0.06) items is
selected at random without replacement, then the fuzzy probability of finding one or
fewer nonconforming items in the sample is as follows;

P{x<1}=P{x=0}+P{x=1}

2000(0.25 + (0.3 — 0.25)a) 2000 — 2000(0.25 + (0.3 — 0.25)a)
(( 0 >)<( 2000(0.04 + (0.05 — 0.04)z) ))
2000
( <2000(0.04 +(0.05 — 0.04)2)
2000(0.25 + (0.3 — 0.25)2) 2000 — 2000(0.25 + (0.3 — 0.25)a)
+(( 0 ))(((ﬂmmoo4+mosoo@a)n>)

2000
2000(0.04 + (0.05 — 0.04)x)

min{ P{x < 1}} =

(31)
2000(0.4 4 (0.3 — 0.4)2) 2000 — 2000(0.4 + (0.3 — 0.4)x)
( < 0 )) ( ( 2000(0.06 4 (0.05 — 0.06)2) ) )
2000
< <2000(0.06 +(0.05 — 0.06)a) ) )
2000(0.4 + (0.3 — 0.4)x) 2000 — 2000(0.4 + (0.3 — 0.4)x)
. << 0 >> (((2000(0,06+(0.05 —0.06)2) — 1)>>

2000
2000(0.06 + (0.05 — 0.06)2)

max{P{x<1}} =

(32)
(CENCED ()G
)

P{x<1} =

() (=
0s))

Fuzzy Mean and Variance of Hypergeometric Distribution

The mean and variance of the hypergeometric distribution could be calculated

il =20 (34)
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and

(o] = NZ;N? (1 - %) (12__]\1’) (35)

10 Fuzzy Binomial Distribution

Binomial distribution could be considered as the generalized form of Bernouilli
distribution. Fuzzy Binomial distribution is defined with a fuzzy random variable.

In this section, the studies about binomial distribution in fuzzy form were firstly
developed by Buckley using the a-cuts [8]. Kahraman and Kaya applied this model
into fuzzy sampling by numerous examples [23].

Let X = {x1,x3,...,X,} be a discrete random variable. We start to apply the
initial definition of Binomial distribution. A number of experiments 7 is considered
independent, the probability of success is p and the probability of failure is 1 — p for
a single experiment. Therefore X could be defined as a binomial random variable.

In order to generalize this expression, independent experiments should be
repeated n times to gather the probability of x; successes for i € [1,n]. Thus;

P(x) = (Z)pxq”x x=0,1,2,...,n (36)

Fuzzy Binomial probability mass function is derived by using fuzzy numbers for
the success: p and the failure: g. In order to calculate the fuzzy probability, we need
to use the fuzzy algebra for p and g and to derive the minimum and the maximum of

P(x) using the a-cuts as follows;

P(ky)[o] :min{(z>ﬁxq'”} 0<u<l (37)

P(ko)[o] = max{ (Z)pq} 0<a<l (38)

where p € pla], g € g[e], p+g = 1.
Furthermore, the fuzzy probability P[«] is obtained within [P(k, ), P(k,)]. Thus,

P(x) = (Z)p"q’”‘ 0<a<l (39)

Example 4 For a determined time period, a shipyard company calculates that their
yachts develop squeaks of indoor equipments in a measured percentage interval
(8,12,20) within the guarantee period. In a randomly delivery, 5 yachts reach the
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end of the guarantee period without any squeaks. Find the fuzzy probability in this
case?

In order to solve this problem, we start to define p and g¢. Then,
g=1-p=1-(0.08,0.12,0.2) = (0.8,0.88,0.92). We need to calculate the
fuzzy number 13[5}. Therefore, we can rewrite the Eqs. 37, 38 as follows:

Pl = mind ()3P0 -5} 0<asi (40)
Pl =masf ()P -0} o<as (41)
. . 5 5
We obtain P(k))[o] = mln{(l —p) } Pky)[o] = max{(l ~p) } As the
derivation 42 P >0, for p[a], where o = 0, we may write the probability in the

dp
case of 5 yachts as follows;

P[] = [(1=p1(2), (1= p2(4))’] (42)

Therefore, p[o] = [p1(a), p2(o)] = [0.08 4 0.04¢,0.2 — 0.08¢] for 0 <o < 1.
Fuzzy Mean and Variance of Binomial Distribution

By using the o-cuts the fuzzy mean of Fuzzy Binomial distribution could be cal-
culated as follows;

,&[a] = zn: Xl‘k,‘ (43)
i=1

for k; € ki, 1<i<nand 37 ki = L.
Therefore, we may write;

which is equal to ji[o] = np.
The variance is also calculated using the same principle;

n

&l = > (i — )k (45)

i=1

Finally, we may write the fuzzy variance of the fuzzy binomial distribution as
follows; %[ = npgq.
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Vari of Fuzzy Bi ial Distribution

V] 10 20 a0 40 50 6L

Fig. 4 The representation of variance analysis for fuzzy binomial distribution

Example 5 Let p have a linear triangular fuzzy membership function (0.14,0.27,
0.65). Calculate the variance of fuzzy binomial distribution.

We know that;

&[] = npa (46)

Furthermore, we may write 6>[x] = np(1 — p) and we obtain; (1 — p) = (0.35,
0.73,0.86). In order to interpret the variance, MATLAB 2014a is used to sketch the
variance for the different n values. We obtained the following Fig. 4.

11 Fuzzy Poisson Distribution

Poisson distribution is characterized by the experiments whose outputs are discrete
in continuous space. A regular time observation could be considered as discrete
values whereas time is continuous. On the other hand, Fuzzy Poisson distribution is
represented by a fuzzy random variable.

The studies about Fuzzy Poisson distribution were firstly developed by Buckley
using the o-cuts [8]. Kahraman and Kaya applied this model into fuzzy sampling by
several examples [23].

In order to generate the fuzzy Poisson distribution we define X = {x1, x5, ..., X, }
which is a discrete random variable. X has also the Poisson probability mass
function. When the probability P(x) is defined for the probability that X = x, we
may write
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plx) = P24 ,(_A) (47)
x!
where, x =0,1,2,...,n, and 1 > 0.
Fuzzy Poisson probability mass function is derived by using fuzzy number
> 0. Let us denote i’(x) to be the fuzzy probability that X = x. Therefore, we can
calculate the fuzzy probability using a-cuts algebra,

ﬁ(x)[a]zw, reild,  0<a<l (48)

Furthermore, the fuzzy expression will depend on x where /[0] is observed. For a

fixed x, let us calculate m(1) = le™*/x!. When we observe the monotonicity of

m(X), we remark that it is an increasing function for 4 <x, the maximum value of
m(A) is for A = x and finally, m(2) is a decreasing function for A > x.

In order to summarize the way to analyze the Fuzzy Poisson distribution, let

o] = [A1(«), 22(2)] and 0 < &< 1. We note that;

1. For x > 4,(0), IE’(x)[ | = [m(41),m(42)]
2. For )vl(ON) > x, P(x)[o] = [m(22),m(41)]
3. For x € A[0], p,a€0,1]

Example 6 In order to illustrate an example of Fuzzy Poisson distributionlet x be
the measurement of the defective percentage in a lot: x=0.1 and

= (0.08,0.12,0.18). Determine the fuzzy probability P(0.1).

Since x = 0.1 € [0.08,0.18], let us start to evaluate the interval for A[0].

o] = [0.08 4+ 0.042,0.18 — 0.064]. In order to calculate P(0.1), we must interpret
the fuzzy intervals;

pi(e) = min{m(2)},  pa(2) = max{m(2)} 2 € 2[e] (49)

When the set of Eqs. (49) are examined, we may write;
P(0.1)[e] = [m(0.08 +0.042), m(0.1)] 0<<0.5 (50)
P(0.1)[o] = [m(0.1),m(0.18 — 0.062)] 0.5<a<1 (51)

Fuzzy Mean and Variance of Poisson Distribution

Furthermore, we need to calculate the fuzzy mean and the fuzzy variance of fuzzy
Poisson probability distribution. Using the same principle in the fuzzy binomial
distribution, we may write;
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o] = {ikhw} (52)
k=0

This expression could be simplied into jt = J which is similar to the crisp case.
Let us calculate the variance with the similar way.

#le] = {ia« - u)zh(i)} (53)

k=0

which gives us the similar representation of crisp case; 6> = /.

12 Conclusion

In an uncertain environment, like placing on the market of a new product, accep-
tance of defective lot sizes or interplanetary missions the occurrence of some events
can not be anticipated through imprecise linguistic data. However, those cases
necessitate formulation of probability distributions with fuzzy random variables.
Fuzzy expectation in discrete case was provided in this chapter to find means for
fuzzy distributions those are Fuzzy Hypergeometric, Fuzzy Binomial and Fuzzy
Poisson distributions. And also fuzzy variances of those distributions were pro-
vided. We also dealt with fuzzy conditional probability. Independency with fuzzy
random variables was offered before Fuzzy Bayes formula which are the basic of
fuzzy probability theory. Additionally explanatory examples are employed for more
paraphrasing. We tried to state the fuzzy probability theory by discrete form more
clearly in a well-organized frame in this chapter. Fuzzy Hypergeometric distribution
reinforced with an example was the additional contribution of this chapter to the
literature among the books related with this topic.

For further research, general or interval type-2 fuzzy numbers can be integrated
in the fuzzy discrete probability theory. Moreover, Fuzzy Hypergeometric, Fuzzy
Binomial and Fuzzy Poisson distributions would be expressed within this frame-
work. Finally, hidden Markov models might be extended by considering intu-
itionistic fuzzy probabilities.
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Fuzzy Probability Theory II: Continuous
Case

A. Cagn Tolga and 1. Burak Parlak

Abstract Continuous probability density functions are widely used in various
domains. The characterization of the fuzzy continuous probability theory is similar
to the discrete case. However, the possibility space is continuous and the integration
between the minimum and the maximum values would set the fuzzy probability
through the alpha-cuts. In this chapter, the foundations of fuzzy probability and
possibility theory are described for the continuous case. A brief introduction
summarized the key concepts in this area with recent applications. The expectation
theory is interpreted using the relationship with fuzzy continuous random variables.
Fuzzy continuous applications are enriched with different probability density
functions. Therefore, fundamental distributions are detailed within their uses and
their properties. In this chapter, fuzzy uniform, fuzzy exponential, fuzzy laplace,
fuzzy normal and fuzzy lognormal distributions are examined. Several examples are
given for the use of these fuzzy distributions regarding the fuzzy interval algebra.
Finally, the future suggestions and applications are discussed in the conclusion.

Keywords Fuzzy uniform distribution - Fuzzy exponential distribution - Fuzzy
laplace distribution + Fuzzy normal distribution - Fuzzy lognormal distribution

1 Introduction

Continuous probabilistic approaches are crucial to develop models in order to
describe real probabilistic applications. In this chapter, the background of fuzzy
probability theory will be inherited from the discrete case. Furthermore, continuous
probability theory will be developed to represent fuzzy continuous distributions.
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Continuous Possibility Space

u(x)

Fig. 1 The illustration of continuous possibility space

Initially, basic fuzzy random variables are considered for continuous domain in
order to define the fuzzy continuity and to explain the fuzzy continuous distribu-
tions. Figure 1 represents the continuous possibility space for events having similar
triangular fuzzy membership functions. Therefore, a triangular surface is depicted
for this case. Fuzzy continuous probability functions and its related expectations are
given, respectively. Fuzzy events are associated with the occurrences as continuous
subsets in the probability space. Furthermore, each fuzzy continuous probability
distribution is studied with numerical examples. In fuzzy continuous distributions,
crisp numbers are substituted by fuzzy numbers by taking o-cuts to produce con-
tinuous fuzzy probability density functions.

As the uniform probability distribution is one of the most common distributions,
we started to develop its properties in fuzzy case. The uniform probability density
function expressed as U(m,n), m<n; it is illustrated by fuzzy random variables; /i
and n. Fuzzy exponential distribution followed the fuzzy uniform distribution. In
the fuzzy exponential distribution k will be replaced with k which is a fuzzy
number. Then fuzzy normal distribution is interpreted and its theory is applied to
derive fuzzy lognormal distribution. The normal probability function N(u, 6?) is
depicted in fuzzy form by N(ji, %) notation. Finally, the fuzzy lognormal proba-
bility function is represented as L(jt, 5°).

After the definition of probability measures of fuzzy events by Zadeh [1, 2],
continuous fuzzy random variables were first defined by Buckley in his books [3-5].
Liu and Liu operated on fuzzy expectations in the context of their studies [6, 7].
Nguyen and Wu investigated convergence of random fuzzy sets with Choquet
integral in their study [8]. An important study on process capability indices by using
fuzzy normal distribution was annexed to the literature by Kaya and Kahraman [9].
Process capability analysis is a significant area in quality topics used at
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measurements of manufacturing. By fuzzy normal distribution the upper spec limits
and lower spec limits gain more flexible evaluation. Shapiro explained fuzzy con-
tinuous distribution in a clear form and applied the continuity into real life appli-
cations [10, 11]. Rakus-Andersson expanded the continuity of fuzzy probabilities by
the means of continuous events according to the procedure of the approximation, and
characterized this approach by an irrelevant cumulative error [12]. Dey and
Chakraborty derived a fuzzy random continuous system regarding an annual cus-
tomer demand which is based on a uniformly distributed continuous fuzzy random
variable [13]. They reduced the setup cost capital and ameliorated the process quality
which incorporated into the total cost with minimizing object. Montes et al. [14]
worked on the area of Pz-compatibility based on t-norms for Zadeh’s probability
which fulfills Kolmogorov’s axioms in fuzzy occurrences. They characterized a
complete description of Pz-compatible continuous t-norms.

In this chapter, we assume that fuzzy random variables, o-cuts are already
known. Fuzzy probability were investigated in the previous section we will not give
definitions of these topics for continuous case. In Sect. 2, we will penetrate to
continuous fuzzy expectation issue. Section 3 will make mention of Fuzzy Uniform
distribution. Then Fuzzy Exponential distribution will be investigated in Sect. 4.
Section 5 will contain and depict Fuzzy Laplace distribution. After that, in Sect. 6
Fuzzy Normal distribution will be expressed. Various approximations between
distributions in fuzzy manner will be depicted in that section also. And the ending
of the continuous probability distributions, Fuzzy Lognormal distribution will be
explained in Sect. 7. All these Fuzzy continuous distributions will be reinforced by
illustrative examples. Finally, we will complete this chapter by a comprehensive
review.

2 Fuzzy Continuous Expectation

Before the definition and the analysis of fuzzy continuous distributions, we need to
generalize the idea of expectation in continuous case. As Kwakernaak [15, 16]
introduced the mathematical foundations of the fuzzy expectation and the fuzzy
variance, Buckley generated a clear point of view for their use through the examples
and the applications [3-5]. In this section we will review a summary of these
concepts.

Let us start with an initial definition; suppose K and L are two random variables
with joint probability density f(k,[; 0) where k,I € R and the joint density func-
tion’s vector of parameters should be 0 = (0y,...0,).

In continuous probability, a random sample is essential in order to estimate
stochastic dynamics of the population. The anticipation related to the population
could be a point or an interval. Instead of point estimation, a confidence interval for
each 0; could be replaced by the probability density function to obtain an interval
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joint probability density function. On the other hand, a general formulation should
be expanded and this step requires an expression of the uncertainty based on 0; by
replacing a fuzzy number for 0; and acquiring a joint fuzzy probability density
function.

As a recall, the a-cuts of fuzzy number utilized for 6; are represented in a similar
way in Fuzzy probability theory I: discrete case: section 3. We remark that a better
formulation could be implemented utilizing o-cuts of the fuzzy numbers for the
interval probability density functions. The joint fuzzy density functions are fulfilled
by substituting fuzzy numbers for the vague parameters. Therefore, the nubiluous
definitions of fuzzy marginals should be discussed now.

Since the 6; in 6 are uncertain, fuzzy numbers é,- are replaced for the 0;, 1 <i<n,
then it provides joint fuzzy density f(k,[; 0). The fuzzy marginal for K is

Flk:0) = / £k, 1 D)l (1)

A similar formulation could be adapted to derive the fuzzy marginal of L. The o-
cuts of the fuzzy marginals f(k; 0) could be calculated by the following equation

o]

Sk 0)[a] = { / S, 100110, € B, 1<i<n), @)

—00

for 0<a<1, and also we can derive an analogous equation for f(I;6)[a.
Equation (2) gives the a-cuts of a fuzzy set for each value of k.

At this juncture let f(k; 0) be the crisp (not fuzzy) marginal of k. Let’s utilize
f(k; 0) to find the mean y;(0) and variance Vary(0) of K. The mean and variance of
K are written as the functions of 0 as they are related with the values of the
parameters. Suppose that p,(0) and Var,(0) are continuous functions of 6. Deriving
the fuzzy mean and variance of the fuzzy marginal could be made by fuzzification
of the crisp mean and variance. The following theorem can be deduced from the
previous explanations for K and also can be utilized for L.

Theorem For the fuzzy marginal f(k; é), the fuzzy mean and the fuzzy variance are

W (0) and Vary(0), respectively [4].
Proof An o-cut of the fuzzy mean of the fuzzy marginal for K is

¢}

M@l = { [ k(ks O)ak |01 € D) 1< <), 3)

for 0 <o < 1. Now the integral in Eq. (3) equals M (0) for each 0; € 0, 1<i<n.
So
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Mi(O)f] = {010, € Blod, 1 <i<n}. )

Because of this, the fuzzy mean is Mk(@) See the “examples” parts in various
fuzzy distributions sections of this chapter.
The a-cuts of the fuzzy variance are

o0

Vary(®)o] = { / (k= 1 (0)F (ki O)dk |6, € Bla, 1 <i<n},  (5)

—00

for 0 <o < 1. But the integral in the above equation equals Var(0) for each 0; € @i,
1 <i<n. Due to this

Vary(0)[o] = {Var(0) | 0; € 0,]«],1 <i<n}. (6)

So, the fuzzy variance is just Var(0).

3 Fuzzy Uniform Distribution

The uniform distribution is a probabilistic approach to model an interval where the
events are equally probable. In order to implement this distribution, upper and
lower parameters are required to generate the interval. For the fuzzy uniform dis-
tribution, this interval will be expressed as a fuzzy interval.

Let U(m,n) be the uniform probability density function for m <n. Thus,

. Ln for m<x<n
Plx) = {O otherwise ™

Furthermore, the uniform distribution will be transformed into a fuzzy distri-
bution by substituting m, n using fuzzy numbers 7z, i1;

PMHM=Eé; form € fs] ,n € o] (8)

However, m and nn must be determined in order to calculate the probability value
Pk, 1]. Thus,

ko] = min{ 2 o)

m-—n

palk o] = max{ 2 (10)

m-—n
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where A denotes the length of the interval [k,I] N [m,n].

Example 1 Let X be a continuous fuzzy uniform random variable with parameters
[—4,—2] and [2,4]. Calculate the probability P[—3 <X <3].

We start with the calculation of Pla, b][«] = [p1 (), p2(2)] where p; (a), pa(«) are
the minimum and the maximum values of the interval. Thus,

pi(a) = mm{W} (11)
p2(a) = max{W} (12)

For all o, the maximum value will be equal to 1. Therefore, we need to calculate
the minimum value of the interval. For this purpose, we must study the intervals for
p and y where fi[o] = [—4 4o, —2 — o] and o] = [2+ o, 4 — o). In this case, we
need to consider the interval algebra as follows

o 4+ua<n< -3, 24+a<m<3
o 4+u<n< —3, 3<m<4—uqu
o 3<n< —ua—2, 240<m<3
o 3<n< —a-—2, 3<m<4—a
Thus,

o S+u<m—n<T7—uo

e 6<m—n<8—-2u

o 44+20<m—n<6

o S5+au<m—n<T7—u

Therefore, we find that the minimum of the interval is equal to 6/(8 — 2a).

Finally, the a-cuts of P[—3,3] are expressed with 6/(8 — 2a) and the solution is
illustrated in Fig. 2.

Fuzzy Mean and Variance of Uniform Distribution

Finally, we may note that the mean ji and variance &> of the uniform distribution
could be calculated;
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X

Fig. 2 The probability chart of fuzzy uniform distribution for P[—3, 3]

4 Fuzzy Exponential Distribution

Exponential distribution is considered as the probabilistic approach which describes
the time factor between the events occurring in a Poisson process.
The exponential density function is expressed as;

f(t)=ke™ 0<r and O<k (15)

In order to calculate the fuzzy probability values, we need to define an interval

[a, b] in which we calculate the probability Pla, b]. Therefore, we may calculate this
value as follows;

Pla, bl[s] = / ke Mdr fork € k[o] (16)

a

Let us denote Pla, b][] = [pi(a), p2(«)]. Thus,

pila, B[] = min{ / bkekfdt} fork € [o] (17)

pala, b)) = max{ / ' kek’dt} fork € k[o] (18)
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Table 1 Fuzzy probability o in{ P25 PlR.5
values of Example 2 mm{ 2 ][ot]} max{ 2 ]M}

0 0.1836 0.3257

0.1 0.1963 0.3257

0.2 0.2096 0.3254

0.3 0.2233 0.3248

04 0.2373 0.3239

0.5 0.2514 0.3228

0.6 0.2655 0.3215

0.7 0.2792 0.3199

0.8 0.2922 0.3181

0.9 0.3040 0.3161

1 0.314 0.314

Example 2 Let k = (0.3,0.4,0.8). Find the fuzzy probability P[2,5].

We need to calculate the minimum and the maximum probabilities using the o-
cuts based on the Egs. (17), and (18). Afterwards, we obtain the following Table 1
where these values are represented.

Finally, we can sketch P[2,5] as it is shown in Fig. 3.

Fuzzy Exponential Probability for £[2,5]
1 T T T T

09

08—

07 -

06~

0.4

03}

o L I L L L
018 02 022 0.24 0.26 028 03 0.32 0.34

Fig. 3 Fuzzy probability values of Example 2
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Fuzzy Mean and Variance of Exponential Distribution

In order to complete the properties of fuzzy exponential distribution we have to
review the corresponding fuzzy mean and the fuzzy variance. We may note the
mean ji and variance > of the exponential distribution could be calculated as
follows;

(19)

(20)

5 Fuzzy Laplace Distribution

The Laplace distribution which also called double exponential distribution due to its
supplementary parameter. It is widely used in signal and control theory applications
where the coefficient of Discrete Fourier Transformation is considered. Laplace
distribution consists of two different parameters y and » > 0. The Laplace density
function is characterized as;

f) = (21)

2b
Using the same principle, we may derive the fuzzy probabilistic expression by
considering u and b as fuzzy values. Therefore, we may note an interval [k, ] in
which we calculate the fuzzy probability as follows;

il ] = mm{%e_} (22)
palle ][] = max{%e‘h" } (23)

where p € ji[o], b € b[o] and 0<a < 1.
Therefore, we note the calculation of P[k,[][o] = [p1(2)p2(e)] where p; () and
p2(0) are the minimum and the maximum of the interval. Thus,

Pk, o] = ie"‘& “ forpc fila] b€ bld] (24)

Example 3 In a manufacturing process, daily yields are found distributed sym-
metrically around 0 and b is found (35,45,55). The rate of return in this process is
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modeled with fuzzy Laplace distribution. Calculate the fuzzy probability of
receiving a rate of return bigger than 0.05.

In order to find the solution, we need to resolve the following integration;

~ b 1 - ~
P0.05,00)[x) = | e iy pefld], bebl), 0<a<l (25
0.05
Thus,
- 1 T . ~
P[O.OS,oo)[oc]:Ee%/eT’dx wepld, bebl), 0<a<l  (26)
0.05
Therefore,

~ 1 00 ~
P[0.05, 00) o] = 5 ¢f [—be”‘/b} o WERl, bebp], 0<a<l (2)

At this point, we have to calculate the a-cuts for Eq. 27.

Finally, we obtain the fuzzy probability values of P[0.05,00) as indicated in
Table 2.

Fuzzy Mean and Variance of Laplace Distribution

When we review the corresponding fuzzy mean and the fuzzy variance of Laplace
distribution, we should remark that the mean is ji and the variance is 202,

Table 2 Fuzzy probability o ind Pl0.05 Pl0.05
values of Example 3 min{P[0.05, 00)[z] } max{Pl0.05,00) [x]}

0 0.4993 0.4995

0.1 0.4993 0.4995

0.2 0.4993 0.4995

0.3 0.4993 0.4995

0.4 0.4994 0.4995

0.5 0.4994 0.4995

0.6 0.4994 0.4995

0.7 0.4994 0.4995

0.8 0.4994 0.4995

0.9 0.4994 0.4995

1 0.4994 0.4994
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6 Fuzzy Normal Distribution

The normal distribution could be considered as one of the most popular distribution
in this field. The normal or Gaussian distribution has a bell shape which charac-
terizes that any real observation will be limited by an upper and lower bound.
A special case of the normal distribution is called standard normal or unit normal
distribution where the mean y is 0 and the variance ¢? is 1.

The normal density function is defined as;

fx) = —=e 3 (28)

where —oo < pu<oo and 6% > 0
Let us denote Pla,b][o] = [p1(2),p2(a)]. Thus, in order to derive the fuzzy
probability, we have to resolve the interval values as follows;

plestllo] =mind et} (29)

e
ovV2n

1 1x—p
p2la, bllo] = max{a > €2<”)2} (30)

where p € jifo] and 6% € 2|0
Fuzzy Mean and Variance of Normal Distribution

As the normal distribution is introduced with its mean and its variance, it is trivial to
note that the fuzzy mean is i and the fuzzy variance is 62, respectively.

Example 4 Let the mean ji = (15, 18, 19) and the variance > = (1,4, 5). Compute
the fuzzy probability value for P[18,21].

In order to calculate this value we should use the following integration;

P[18,21][o] = \/Lz_n/e**/zdz (31)

= B8~ and z, = 2=£ Thus, we generate

where, € fi[«], 6% € 6%. We set that z; = =~ =
Table 3 using the calculation of the integration in Eq. (31) and with these values
one can easily trace the Fig. 4.

The calculation of the mean and the variance are crucial to characterize the
parameters of a random process. These parameters are also necessary for the fuzzy
normal distribution. Recently, Kaya and Kahraman [9] and Buckley [4, 5] studied
fuzzy estimation methods to handle the membership functions of the mean and the

variance. We will follow a similar approach in order to estimate them.
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Table 3 Fuzzy probability o in{ Pl18.21 Pl18.21
values of Example 4 min{PI18, 21][o]} max{P(18, 21][s]}
0 0.0013 0.4871
0.1 0.0066 0.5037
0.2 0.0223 0.5210
0.3 0.0572 0.5390
0.4 0.1183 0.5578
0.5 0.2066 0.5773
0.6 0.3154 0.5975
0.7 0.4320 0.6183
0.8 0.5408 0.6395
0.9 0.6275 0.6607
1 0.6816 0.6816
2
1 4 1 g
0.9+ 1 08r
08F 1 08f
07t 07}
06! 06/
3 ost 1 @ ost
04t 1 04}
03h 1 03+ I \
02f / \ 1 02t I \ 1
01f 0] I \
I s U R ) —

14 15 16 17 18 19 21 o 1 2 3 4 £

Fig. 4 Fuzzy triangular MFs of the mean and the variance

Let x be a random variable with a normal density function N(u, ¢*) where the
mean; u is unknown and the variance; 2 is known. In order to estimate the mean y,
a random sample x,x;,...,x, could be considered. The mean of this random
sample would be a crisp number k. We recall that k¥ would have a normal density
function N(u, 6> /n) and standard normal density function N(0, 1) would be written
using Gk/;;ﬁ (Fig. 5). Then;

k—
P<qu/2 > Tﬂ > - Zq//2> =1-p (32)

n
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Fuzzy Mormal Probability forF[18,21]

0 0.1 02 03 0.4 05 06 07
Probability values

Fig. 5 Fuzzy probability values of Example 4
and we may write;

7 NORINY (2)

where zy 5 is the z value of the probability from N(0, 1) distribution which is above
¥ /2. Therefore, (1 — ) 100 % confidence interval for u is as follows;

P(k—l—ZW/zi ZMZk—Zq//zi

[e1(8), w2()] = [k Tkt (34)

\f vn }
Here, we note that [*”? N(0,1)dx =1 — /2. In order to interpret the fuzzy

case, we may substitute the ﬁs with the a-cuts. Finally we may obtain the fuzzy
estimator ft as follows;

(), (2] = [k T "“y/zﬂ (35)

Example 5 Let x be a random variable with probability density function N(y,2).
There is a random sample xp, x», . . ., X;50. We assume that the mean of the samples
will be equal to 15 after n = 150. Try to calculate the fuzzy mean f.
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Membership of
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Fig. 6 Membership function of the mean for Example 5

We will adapt a similar approach which is represented in Eq. (35)
[y (o), sy ()] = [15 — 0.16332,/, 15 + 0.1633z,, 5 | (36)

After the estimation of the mean, we need to formulate an approach to estimate
the variance. In a similar manner we have to start with the definition of a normal
process (Fig. 6).

Let x be a random variable having a probability density function N(u, 6*) where
the mean u and the variance ¢ are unknown. In order to achieve ¢ estimation, a
(";—;)‘“2 is called
Chi-square distribution with n — 1 degrees of freedom. Thus, fuzzy ¢* could be

estimated using a confidence interval as follows;

l(n —1)s* (n— l)s2]

random sample xi, X, ...,X, is considered. In probability theory,

(37)

)

2 2
XR.p/2 LLp/2

Tz and 17 /> denote the right and the left sides of %> distribution, respec-
tively. Furthermore, we can rewrite this expression to obtain an unbiased fuzzy

estimator [4, 5, 9].
L(2)=(1- /1)%1210.005 +4(n — 1) (38)

R(2)= (1 - /1)%%,0‘005 +4(n—1) (39)
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The unbiased (1 — B) 100 % confidence interval is determined for ¢? as follows;

o [(n=1s* (n—1)s
g ‘{ L) 7 RQ) ] (40)

In order to interpret the fuzzy case, we may substitute the As with the o-cuts.
Finally we may obtain the fuzzy estimator &> as follows;

Pl = (n—1)s? (n—1)s?
(1- “)Xzze,o,oos +a(n—1)"(1 - O‘)}{i,o,oos +oa(n—1)

] (41)

Example 6 Assume that we have a random sample x,xy, ..., X, having a normal
probability density function N(u, 6?) where 2 is unknown. In order to estimate o2,
let us consider that s> value is determined as 2.05 for 150 samples. Try to calculate

the fuzzy variance 2.

We will adapt a similar approach which is represented in Eq. (41)

(149)(2.05) (149)2.05
(1 = &) xR 000s +(149) " (1 — 2) 17 0,005 + 2(149)

&[] = (2)

Finally, we obtained 62 values by taking a-cuts. Figure 7 depicts this expression.

Membership of 02

1.6 1.8 2 22 24 28 28

52

Fig. 7 Membership function of the variance for Example 6
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Fuzzy Normal Approximations

» Approximation of Fuzzy Binomial Distribution

At this point, let us study the approximation between fuzzy normal and fuzzy
binomial distribution. As a recall from the discrete case, let p = 0.5 and m = 150
which we will use to write fuzzy binomial distribution. Since p value is fuzzy, let
p = (0.3,0.5,0.55) we may write;

Pi[o] = min{150p*(1 —p)} p € p[o] (43)
Palo] = max{150p*(1 = p)} p € p[o] (44)

Then,

P[] = [150(p1(2))(1 = p1 () 150(p2 () (1 = p2(2))].
pla] = [p1(a), p2(2)] = [0.3+0.22,0.55 — 0.050]

(45)

Therefore, we have to define the fuzzy mean and fuzzy variance of B(m, p); the
fuzzy binomial distribution. Let ji = mp the fuzzy mean and we consider B(150, p)

to find the fuzzy probability P[30,50]. Thus, we may write;

7 SN (150) 150—i
o0 sold =13 )0 (46)
Using the normal probability density function f(x; 0, 1) we may approximate the
same expression with z; 295 22l and z 505 224 a5 follows;
P[30,50][o /fxOl)dx peil] o e (47)

We should note that ji and G are the fuzzy binomial mean and the fuzzy
binomial variance, respectively.

» Approximation of Fuzzy Poisson Distribution
The fuzzy Poisson distribution could be approximated using fuzzy normal distri-
bution. Similar to fuzzy binomial case, let A = 15 which we will use to express fuzzy

Poisson distribution. Since A value is fuzzy, let J = (10,15, 18) we may write;
pi(a) = min{m(1)} (48)
p2(2) = max{m(2)} (49)

where /. € Ao and m(2) = de */x!.
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Then, we may apply the same approximation technique to achieve a fuzzy
probability value through fuzzy normal distribution. Let 11 <X <17 and we may
note that;

P[11,17)[] = {217: ”Ce'_)“} 7€ il (50)

=1 *

Therefore, we may rewrite this expression using the fuzzy normal distribution by

defining the boundaries, z; = @ and 7o = &G_” as follows;
22
P[11,17)[o] ~ /f(x; 0,1)dx A€ o (51)
21

7 Fuzzy Lognormal Distribution

Lognormal distribution could be interpreted as an extended form of normal dis-
tribution. Let # be a random variable which has a normal distribution; mean p and
variance ¢
L(f1, 5°) is;

. x =¢' is a lognormal random variable and the lognormal distribution

1 (In(x) -
flx) = e[_l(zﬂl ] 0<x<oo (52)
xoV2m

In order to develop the fuzzy lognormal distribution, we follow a similar
approach as we developed in fuzzy normal distribution. Let N(ji, %) be a fuzzy
normal distribution with fuzzy numbers i and 2. The fuzzy lognormal probability
P is calculated within an interval [a,b]. For o € [0,1], u € jif«] and ¢* € 5%[a],
Pla,b] is calculated using the interval [z;,z2] where z; = (a — p)/o and z, =
(b — u)/o as follows;

Pla,b][e] = / f(x;0,1)dx € 0,1] (53)

Example 7 Let the fuzzy mean be fi = (6,6.5,7.5) and the fuzzy variance be
&> = (1.44,1.69,1.96). Compute the fuzzy probability value P[500,700] using
fuzzy lognormal distribution.

In order to calculate this value we should use the following integration;
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Table 4 Fuzzy probability . il p P

values of Example 7 mm{ [500,700] [oc]} max{ (500, 700][0(]}
0 0.0868 0.1060
0.1 0.0887 0.1065
0.2 0.0904 0.1067
0.3 0.0922 0.1068
0.4 0.0939 0.1067
0.5 0.0955 0.1064
0.6 0.0971 0.1059
0.7 0.0986 0.1053
0.8 0.1000 0.1045
0.9 0.1013 0.1036
1 0.1026 0.1026

Fuzzy LogMormal Probability for F[500,700]

08+
08
07

06

04
03}
02

01+

0 1
0.085 0.09 0.085 01 0.105 0.11 0.115

Fig. 8 Fuzzy probability values of Example 7

22
- 1 2
P[500,700][e] = { — [ ¢ /%2 (54)
V2n

21

In(500)—u

where u € jif«], 0> € >. We set that z; = and z = W. Thus, we

generate Table 4 using the calculation of the integration in Eq. (54) and the Fig. 8.
Fuzzy Mean and Variance of Lognormal Distribution

The mean and the variance of fuzzy lognormal distribution are derived from the
lognormal distribution. By using the o-cuts, the fuzzy mean; ji; of fuzzy lognormal
distribution could be calculated as follows;
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fulo] = L (55)

Similarly, the fuzzy variance; 67 of fuzzy lognormal distribution is calculated as
follows;

5o lo) = " 1T (56)

8 Conclusion

In fuzzy probability theory, continuous case serves frequently to better understand
real applications and to develop realistic models. The theory is based on the use of
fuzzy continuous random variables. Therefore, the similarity between discrete and
continuous case facilitates the integration of fundamental definitions and to link the
probability and possibility theory.

In this section, we applied the already developed theory of fuzzy random vari-
ables into the continuous case. Therefore, the expectations theory was derived and
the fundamental parts were introduced to characterize the distributions. Variables
could be derived using fuzzy continuous random variables. Fuzzy uniform, fuzzy
exponential, fuzzy laplace, fuzzy normal and fuzzy lognormal distributions were
explained starting with the crisp distributions. Therefore, the continuous case helped
us to show the immigration into the fuzzy representation by adapting the a-cuts. The
continuous expectation theory guided us to derive the fuzzy mean and the fuzzy
variance of all distributions. The illustrative examples depicted the implementation
of this theory and explained how to sketch the fuzzy probability in continuous case.

Moreover, fuzzy continuous theory is also utilized in fuzzy probability distri-
butions while the occurrences of events appear by imprecise linguistic data. We
tried to state more clearly the fuzzy probability theory in continuous form in a
well-organized frame in this chapter.

For further research topics, construction of fuzzy uniform, fuzzy exponential,
fuzzy laplace, fuzzy normal, and fuzzy lognormal probability distributions by type-2
fuzzy numbers can be accomplished by further studies. Also Markov models taking
into account type-2 fuzzy numbers could be investigated in more developed form.
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On Fuzzy Bayesian Inference

Reinhard Viertl and Owat Sunanta

Abstract Bayesian inference deals with a-priori information in statistical analysis.
However, usually Bayesians assume that all kind of uncertainty can be modeled by
probability. Unfortunately, this is not always true due to how uncertainties are
defined. The uncertainty of measurement results of continuous quantities differs
from probabilistic uncertainty. Individual measurement results also contain another
kind of uncertainty, which is called fuzziness. The combination of fuzziness and
stochastic uncertainty calls for a generalization of Bayesian inference, i.e. fuzzy
Bayesian inference. This chapter explains the generalized Bayes’ theorem in han-
dling fuzzy a-priori information and fuzzy data.

Keywords Bayesian inference -« Characterizing functions - Fuzzy data . Fuzzy
numbers - Fuzzy probability distributions - Fuzzy vectors - Generalized Bayes’
theorem - Vector-characterizing functions

1 Introduction

In standard Bayesian inference, a-priori distributions are assumed to be standard
probability distributions and the observations are assumed to be numbers or vectors.
Bayes’ theorem formulates the transition from an a-priori distribution of the
stochastic quantity 0, which describes the parameters of interest 0, to a corre-
sponding a-posteriori distribution. For continuous stochastic model X ~ f{(:|0); 0 €
©, based on observations x,..., x,, of X, the transition of an a-priori density with an
updated information to the distribution of the stochastic quantity describing the

parameter 0 is given by the conditional density 7(:| x1, ..., x,) of 0, ie.
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7(0) - 1(0;x1, ..., Xp)
Jom(0) - 10 xy, . . ., x,)d0

w(O)xr, .., x,) =

()

where 1(0; xy, ..., x,) is the likelihood function defined on the parameter space ©.

However, the use of a-priori densities in form of standard probability densities is
questionable in reality. Moreover, real observations from continuous quantities are
not precise numbers, but rather fuzzy.

The first problem can be overcome by using a more general form of probability,
i.e. fuzzy probability densities. The second problem can be solved by using fuzzy
numbers and fuzzy vectors. The generalization of fuzzy Bayesian inference is, then,
necessary (see related work in [1, 3, 7]).

In Sect. 2, the mathematical concepts for fuzzy numbers and vectors along with
their characterizing functions are described. In Sect. 3, fuzzy probability densities
are introduced through defining fuzzy a-priori distributions. In Sect. 4, the math-
ematical description of fuzzy observations and their corresponding characterizing
functions is explained. In Sect. 5, the generalized Bayes’ theorem is described for
handling fuzzy a-priori densities by using the so-called &-level functions. As a
result, the fuzzy a-posteriori density is obtained. In Sect. 6, fuzzy predictive den-
sities are described. The paper is, then, concluded with an example (Sect. 7) to
show results of applying the streamlined concepts. Lastly, final remarks along with
proposed future research are given in Sect. 8.

2 Fuzzy Numbers and Fuzzy Vectors

In order to describe observations or measurements of continuous quantities, the
definition of general fuzzy numbers is useful.

Definition 1 A general fuzzy number x* is defined by its characterizing function
&(-), which is a real function of one real variable and possesses the following
properties:

1 &R —[0,1]
(2) The support of &(-), denoted by supp[&(-)] and defined by
supp[E()] = {x € R: {(x) > 0},
is a bounded subset of R.
(3) For all 6 € (0, 1] the &-cut Cs[E(-)], defined by

CslE()] = {x € R: &) > 8} = U2, [asy, b,
is non-empty and a finite union of compact intervals.

Along with general fuzzy numbers, a related critical question is how to obtain
the characterizing function of a measurement result. For details, see [4, 5].

For multivariate continuous data, a standard measurement result is an
n-dimensional real vector (xi,...,x,). In reality, there are two possibilities:
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First, when the individual values of the variables x; are fuzzy numbers x}, a
vector of fuzzy numbers (x7, .. .,x]) is obtained.

Second, a fuzzy version of a vector is obtained. For example, the position of a
ship on a radar screen, which is, in the ideal case, a two-dimensional vector (x, y) €
RR?. In real situation, such position is characterized by a light point on the screen,
which is not a precise vector. Instead, the result is a fuzzy vector, denoted as (x, y)*.

Definition 2 Using the notation X = (xi, . . ., x,,), an n-dimensional fuzzy vector X
is determined by its so-called vector-characterizing function ((, ..., -), which is a
real function of n real variables xp, .. .,x, and possesses the following properties:

(1) &:R"— [0, 1]

(2) The support of {(-,...,) is a bounded set.

(3) For all 8&(0, 1], the 8-cut Cs[ x'], defined by
Gl x'1={x e R {(x) > 3},

is non-empty, bounded, and a finite union of simply connected and closed sets.
Again, how to obtain the vector-characterizing function of a fuzzy vector is
important (see [4] for details).

3 Fuzzy A-priori Distributions

Standard a-priori distributions in Bayesian inference are frequently not well justi-
fied in solving real-world problems. Therefore, a more general form of expressing
a-priori information is more appropriate. These generalized a-priori distributions are
called fuzzy a-priori densities. In order to define fuzzy densities, a special form of
general fuzzy numbers is necessary.

Definition 3 A general fuzzy number whose o-cuts are non-empty compact
intervals [as, bs] is called fuzzy interval, F(R) identifying the set of all fuzzy
intervals. For functions f *(~) defined on a measure space (M, A, u), whose values
f"(x) are fuzzy intervals, their so-called lower limit and upper limit 3-level func-
tions f 8(~) and ]_%(') are defined in the following way:

Let Cs[ f 0] = [as(), bs(x)] V8 € (0, 1], the lower limit and upper limit 5-level
functions ag(-) and bg(-) are standard real-valued functions defined by their values
[ @) = as(x) ¥x € M and fs (¥) = bs(x) Vx € M.

Fuzzy densities are fuzzy valued function f “(-) defined on a measure space (M,
A, u) possessing the following properties:

(i) f7() is fuzzy interval Vx € M
(ii)) g : M — [0, 00) which is a standard probability density on (M, A, i) such
that f (x) < g(v) < fix) Vx e M
(iii) all d-level functions ]:8(~) and f5 (-) are integrable functions with finite
integral.
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Next, probabilities of events A € A based on a fuzzy probability density f “(-) are
defined in the following way:

Let ;5 be the set of all standard probability densities A(-) on (M, A, u) where
f 8(x) < hx) < .]_‘B(x) Vx € M. The generalized probability P*(A) is a fuzzy
interval, which is determined by a generating family of compact intervals B = [as,
b;s] where

by = sup{ / h(x)du(x) : h e 95}

A
Vo € (0, 1].

a5 = inf{ / h(x)du(x) < h € @5}

A

By applying the so-called construction lemma for general fuzzy numbers (see
[4]), the characterizing function &(-) of P(A) is given by its values

&(x) = sup{d.14, 5, (x) : 5 € [0,1]}  Vx € R, where 15(-) denotes the indica-
tor function of the set B, and [agbo] = R.

As a result, fuzzy probability density is defined. Fuzzy probability densities are
general forms of expressing a-priori information concerning parameters 6 in
stochastic models X ~ f(-|0); 6 € ©.

Remark 1 The concept of fuzzy probability differs from that of the lower/upper
probabilities.

4 Fuzzy Data

Real observations of continuous stochastic quantities X are not precise numbers or
vectors, whereas the measurement results are rather fuzzy. The best mathematical
description (see also [2, 6]) of such observations is by means of general fuzzy
numbers x7, ..., x with corresponding characterizing functions &;(-), ..., &,(-). The
fuzziness of an observation x] resolves the problem in standard continuous
stochastic models where observed data have zero probability.

There are different approaches to generalize Bayes’ theorem to take care of
fuzziness. A promising method is defining the likelihood function by the extension
principle. For independent fuzzy observations x7,...,x; with characterizing func-
tions &;(+), where i = 1, 2, ..., n, the likelihood function can be defined based on the
combined fuzzy sample element x.
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x" is the combined fuzzy sample whose vector-characterizing function {(-,...,-) is
defined by its values in the following way:
Clxry vy Xy) = min{&, (x1), .., &, ()} V(xp,...,x,) € R” (3)

The generalized likelihood function I*(0;x*) can, then, be represented by its
lower limit 8-level function [;(0;x*) and the upper limit -level function 5(0;x*)
for all § € (0, 1]. For a d-cut of the fuzzy likelihood function /*(6;x*), the following
fuzzy value is obtained:

Cs(I"(0:x7)) = [L5(03x"), T5(0;x)] )

Remark 2 The generalized likelihood function I*(6;x*) is a fuzzy valued function,
ie. I': @ —=F([0; 00)).

5 Generalized Bayes’ Theorem

The standard Bayes’ theorem has to be generalized to handle fuzzy a-priori densities
7*(-) on the parameter space © and fuzzy data x7,...,x) of parametric stochastic
models X ~ f(:|0); 0 € ©. This is possible by using the d-level functions zs(-) and
75(+) of *(-) along with defining the corresponding d-level functions ms(-|x], . . ., X
and 75(-|x}, . . ., x}) of the fuzzy a-posteriori density in the following way:

) _ 7_-55(6)75(07](1577)6:2)
[ ms(0) - 1 (0;x5, . ., x5) +75(0) - Is(0;x7, . ..., x2)]dO

o

ﬁ5(9|xT, Cen X

*

ms(0)x], . .., x,

) - fe% [55(9) s (G;xT, o x;j) +75(0) - I5(0; x5, . . ., x;)]dﬁ

Remark 3 The averaging § [ [m5(0) - Ls(0;x7, ..., x) +75(0) - I5(0; x7, .. ., x;)]d0
is necessary in order to keep the sequential updating of standard Bayes’ theorem as
shown in the following lemma.

Lemma 1 For the given definition of the fuzzy a-posteriori density, the following
holds:
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Let x7,. . .,x; be a fuzzy sample and x_, . . ., x, a second fuzzy sample from a
stochastic model X ~ f(-|0); 0 € ©. Also, let n*(-) be a fuzzy a-priori density on
the parameter space ©.

Calculating the fuzzy a-posteriori density m*(:| xi,...,x{) and taking this cal-
culated density as new a-priori density for the second sample as well as further
calculating the corresponding a-posteriori density w* (| x;, |, . . ., X;), we obtain the
same result as that from taking all the observations x7, .. .,x, and calculating the
a-posteriori density w*(- | x{,...,x}) in one step.

’Il

Proof The d-level functions ms(:| x7, . .., x;) and 7t5(-| x7, . . ., X)), (| X5 1, -+, X))
and 75(-| x; . ,...,x;) are considered.
For the d-level functions, we obtain

Cs(m*(0 | x%,..,x0) = [ms(0 | x7, .. ., x5); (O | x5, .., x5)].
Using the abbreviation

W) =3 | [ 200 150500+ [ 7000) - T(0sa)a

0

= [ 5800 1s0:x) + 7l0) o037,
[©]

and taking the fuzzy a-posteriori density m*(- | x},...,x}) as new a-priori density
and xi , ,...,x;, as data, also defining the combined fuzzy sample element x| of
fuzzy sample x7, ..., x; and x5 of fuzzy sample x7 , |, ..., x; in the same manner as

x* in Sect. 4, the lower limit d-level function of the new a-posteriori density is
defined by:

75 (0]}, - %) - (05 x5)

Joz s (Ot - xp) - 15 (053) + 7 (017, -, x5) - 15(05 x3)]d0
_ [ ( )]71“5(0) '15(0§ XT) ‘15(01, X;)

JozNI(, - [”o la (0; x7) - 15(0; x3) + 75(0) - T(0; x7) - 1(0; x3)] d0
_ o (0:x) - 15(6:)

jQ% [55(9) -l (0,x1) 15(97)62) +75(0) - 15(0;x7) ~75(9;x§)]d9
_ m5(0) - I5(0;x7)

Jo3[m5(0) - 15(05x) +75(0) - 1505 x*)]dO

= 25(9‘)51(7 . .,x:).

E5(9|XT7 . '7x:) =

The upper limit 3-level functions 75(0|x*) are obtained analogously. Therefore,
the sequential updating from standard Bayes’ theorem also remains valid for fuzzy
data.
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6 Fuzzy Predictive Distributions

Standard predictive densities for stochastic model X ~ f (-|0); 0 € © based on data
D are defined as marginal density of the stochastic quantity X, i.e.

p(x|D) = [ F(x]0)m(0|D)d0  Vx € My,

where My is the observation space of X.

In case of fuzzy a-posteriori density n*(~|D*) based on fuzzy data D", the inte-
gration has to be generalized. This generalized integration yields fuzzy intervals.
Based on & as defined in Sect. 3, the generating family of intervals [csds], 6 €
(0, 1] is defined by

cs = inf {fef(x|0)h(6)d0: hePs}

ds = sup{ [ f(x|0)h(0)d0: he D).

Definition 4 The fuzzy predictive density p*(:|D*) of X is defined by its values
p*(x|D*) Vx € My whose characterizing function () is given by the construction
lemma, i.e.

U, (y) = sup{8.0(;,.4(v) : 8 € [0,1]}  Vy € R, where [c,do] :=R.

Remark 4 The standard case of precise a-priori density and precise data is a special
case of the above construction. In this case, for standard a-posteriori densities
n(:|D), the above definition yields as characterizing function ,(-) of the value of
the predictive density the indicator function of p(x|D), i.e. V() = 1 pp)3 ()

7 Example

Waiting times in a queuing system are modeled with an exponential distribution and
with fuzzy gamma density as a-priori density for the parameter 6 € (0, ©0).
Different §-level functions (each with upper and lower limits) of the fuzzy a-priori
density are generated (using the method described in Sect. 3) and shown in Fig. 1.

Using a fuzzy sample of waiting times D* = (x,...,x}) with characterizing
functions as shown in Fig. 2, the application of the generalized Bayes’ theorem
(explained in Sect. 5) yields the corresponding fuzzy a-posteriori density 7*(:|D¥)
with their d-level functions. Some 6-level functions of the result are depicted in
Fig. 3. Compared with the fuzzy a-priori density (Fig. 1), one notices the changes
in both shape and magnitude of the distribution curves, i.e. the distribution is
updated based on the fuzzy sample.

Some d-level functions of the predictive density p*(|D*) are approximated by
simulation and the result is depicted in Fig. 4. Application of fuzzy a-posteriori
density n*(-|D”) based on fuzzy data D" along with the generalized integration as
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Fig. 1 Fuzzy a-priori density
Fig. 2 Fuzzy sample X
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explained in Sect. 6, the predictive density (marginal density in standard case) is
obtained.
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8 Final Remark

A more general concept of fuzzy a-priori densities is introduced to handle fuzzy a
priori information and fuzzy data, as opposed to the use of standard probability.
This concept is more suitable in modeling prior information, which is usually
uncertain, i.e. fuzzy. Besides, concepts of general fuzzy numbers and fuzzy vectors
along with their characterizing functions have been applied in capturing the
imprecision of continuous quantities. The fuzzy probability densities with their
d-level functions are used to define fuzzy a-posteriori densities, where the a-priori
densities are updated based on fuzzy samples. In addition, fuzzy a-posteriori den-
sities can be used in order to generate fuzzy predictive distributions. In doing so, a
generalized integration procedure for the construction of fuzzy predictive densities
is introduced. As a result, Bayes’ theorem is generalized for modeling data with
explainable mathematical grounds in capturing the variability and imprecision of
real observations. However, in many applications, the data to be analyzed are
thought of as displayed in a matrix or in several matrices. A suggesting direction for
future effort is, therefore, to explicitly consider the inference methods for multi-
variate fuzzy data.
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Fuzzy Central Tendency Measures

Cengiz Kahraman and irem Ugcal Sari

Abstract This chapter converts the classical central tendency measures to their
fuzzy cases. Fuzzy mean, fuzzy mode and fuzzy median are explained by numerical
examples. Fuzzy frequency distribution is another subtitle of this chapter. Classical
graphical illustrations are examined under fuzziness. A numerical example for each
central tendency measure is given.

Keywords Fuzzy sets - Mode - Median + Geometric mean - Quadratic mean -
Arithmetic mean - Harmonic mean

1 Introduction

A measure of central tendency is a single value that attempts to describe a set of
data by identifying the central position within that set of data. The mean is most
likely the measure of central tendency, but there are others, such as the median and
the mode. The mean, median and mode are all valid measures of central tendency,
but under different conditions, some measures of central tendency become more
appropriate to use than others.

Statistical modeling is used to describe variability of quantities and errors in
observations. But these models assume the observations to be numbers or vectors.
This assumption is often not realistic because measurement results of continuous
quantities are always not precise numbers but more or less non-precise. This kind of
uncertainty is different from errors and variability. Whereas errors and variability
can be modelled by stochastic variables and probability distributions, imprecision is
another kind of uncertainty, called fuzziness. For a quantitative description of such
data the most up-to-date method is to use fuzzy numbers and fuzzy vectors which
are special fuzzy models [9].
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This chapter briefly gives the definitions of classical central tendency measures,
and then explains how to calculate the fuzzy central tendency measures when we
have fuzzy data. Fuzzy mode, fuzzy median and fuzzy mean are explained by
numerical examples. Fuzzy frequency distribution and graphical illustrations for
fuzzy data are also given by numerical examples.

The remaining of this chapter is organized as follows. Section 2 briefly presents
the literature review on fuzzy central tendency measures. Section 3 includes the
classical measures of central tendency. Section 4 converts the classical definitions
to their fuzzy cases. Section 5 gives the steps of fuzzy frequency distribution.
Section 6 shows graphical illustrations for fuzzy data. Section 7 concludes the
chapter.

2 Literature Review

There exist a few publications in the literature related to fuzzy central tendency
measures. Goodman [1] determined the measures of central tendency of fuzzy sets
by a new approach based on the characterization of homomorphic-like operators
among fuzzy sets and related random sets. The measures of central tendency refer to
the domain values of a given fuzzy set. A number of ad hoc approaches, such as the
mean-of-maxima (MOM) of the fuzzy set membership function and the
center-of-area (COA) approach for the measurement of central tendencies, were
analyzed. Sun and Wu [8] proposed definitions of fuzzy mode, fuzzy median and
fuzzy mean as well as investigation of their related properties and employ these
techniques in the practical applications of real life. Empirical result shows that fuzzy
statistics with soft computing is more realistic and reasonable for the statistical
research. Teran (2009) presents an account of the notion of centrality which is based
on fuzzy events and is valid for single distributions and for families of distributions.
This unifying framework includes (a) univariate location estimators like the mean,
the median and the mode, (b) the interquartile interval and the Lorenz curve of a
random variable, (c) several generalized medians, trimmed regions and statistical
depth functions from multivariate analysis, (d) most known location estimators for
random sets, (e) the probability mass function of a discrete random variable and the
coverage function of a random closed set, (f) the Choquet integral with respect to an
infinitely alternating or infinitely monotone capacity. Lu and Jiao [3] used fuzzy
average statistics and analyzed the questionnaire for university students. They found
that fuzzy sample mean, fuzzy sample mode and fuzzy sample median could
describe the fuzzy investing behavior of the university students and its average
trends. Random fuzzy numbers has become a valuable tool to model and handle
fuzzy-valued data generated through a random process. Recent studies have been
devoted to introduce measures of the central tendency of random fuzzy numbers
showing a more robust behaviour than the so-called Aumann-type mean value.



Fuzzy Central Tendency Measures 67

Sinova et al. [6] aimed to explore the extension of the median to random fuzzy
numbers. This extension is based on the 1-norm distance and its adequacy is shown
by analyzing its properties and comparing its robustness with that of the mean both
theoretically and empirically. Parvathi and Atanassova [5] defined the theoretical
aspects like sample mean, median, and mode of intuitionistic fuzzy data are defined.
Sinova et al. [7] aimed to deepen in the analysis of these centrality measures and the
Aumann-type mean by examining the situation of symmetric random fuzzy
numbers.

3 Central Tendency Measures

A measure of central tendency is a single value that attempts to describe a whole set
of data with a single value that describes the middle or center of a data set by
identifying the central position within that set of data. In this section, the most used
measures of central tendency and the graphical representation methods of data are
detailed.

3.1 Mean

The mean is the arithmetic average for a set of data. To find the arithmetic average
for a set of values the sum of all values in the set of data are divided by the number
of the values in that data.

The mean of a sample is denoted by X and calculated by using Eq. 1 where
X1,X2,X3,. . .,%, are the values in the set of data and n is the number of the sample
size.

n
XXXt X DX
n n

X =

(1)

The mean of a population is denoted by p and calculated by using Eq. 2 where N
is the number of the population.

Xtxmtas oty Y
= = (2)
N N

Example 1 There are 50 observations of execution times of an experiment are given
in Table 1.

Sum of all the values in Table 1 is calculated as 6723. By using Eq. 2 the mean
is calculated as 6723/50 = 134.46.
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Table 1 The observations 141 [ 137 [144 [128 [137 [127 [125 143 128 [ 132
125 | 125 [139 [129 [137 [136 [139 123 127 | 141
135 | 130 | 140 | 123 | 140 [135 [131 139 | 128 | 139
139 | 138 | 140 | 143 | 137 |137 139 |140 | 142 | 134

3.2 Median

The median of a data set is the middle value which divides the data set into two
equal groups, after the values are ordered from lowest to highest. If there is an even
number of values in the set, the median is calculated by taking the mean of the two
values in the center of the data.

Example 2 To calculate median of the data set given in Table 1, first the data are
ordered from the least to the largest:

122, 123, 123, 123, 124, 125, 125, 125, 127, 127, 128, 128, 128, 129, 130, 131,
131, 131, 132, 134, 135, 135, 136, 136, 137, 137, 137, 137, 137, 138, 138, 139,
139, 139, 139, 139, 139, 140, 140, 140, 140, 141, 141, 141, 142, 142, 143, 143,
143, 144

The middle values of the data are 137 and 137. Median of the data is calculated
by taking the arithmetic mean of these two data which is equal to 137.

3.3 Mode

The mode of a data set is the most commonly occurring value in the set. Mode can also
be defined as the element with the largest frequency in a given data set.
The frequency of a particular data value is the number of times the data value occurs.

Example 3 To calculate mode of the data set given in Table 1, first the frequencies
of the values which are written in brackets below are determined:

122 (1), 123 (3), 124 (1), 125 (3), 127 (2), 128 (3), 129 (1), 130 (1), 131 (3), 132
(1), 134 (1), 135 (2), 136 (2), 137 (5), 138 (2), 139 (6), 140 (4), 141 (3), 142 (2),
143 (3), 144 (1).

The mode of the data set is determined as 139 which is repeated 6 times in the
data set.

3.4 Geometric Mean

Geometric mean indicates the typical value of a data set by using the product of
their values. Geometric mean is defined as the nth root of the product of n
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numbers. The geometric mean is preferred when working with percentages (which
are derived from values), whereas the standard arithmetic mean is preferred when
working with the values themselves.

Geometric mean of a sample is denoted by GM and calculated by using Eq. 3:

GM = /x| X X3 X X3 X -+ X X, (3)

Example 4 Geometric mean of the data set given in Table 1 is calculated as 134.3
as shown below:

so/ 141 x 125 x 135 x 139 x 123 x 137
GM = = 1343

x125 x 130 x 138 x 142 x --- x 122

3.5 Harmonic Mean

Harmonic mean indicates the typical value of a data set by dividing the number of
observations by the reciprocal of each number in the series. Harmonic mean of a
sample is denoted by HM and calculated by using Eq. 4:

1 n
HM = = = (4)

%(l+$+$+--~+fn) ey

xi

Example 5 Harmonic mean of the data set given in Table 1 is calculated as 134.137
as shown below:

50
1 1 1 1 1 1 1 1 1
it tHEtmtmTm s tot o+ m
= 134.137

HM =

3.6 Quadratic Mean

Quadratic mean (QM) is a statistical measure of the magnitude of a varying quantity.
It can be calculated for a series of discrete values or for a continuously varying
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function. It is calculated by taking the square root of the mean of the squares of the
values. It is a special case of the generalized mean with the exponent p = 2.
Quadratic mean of a sample is denoted by QM and calculated by using Eq. 5:

oM = (5)

2L 224 ... 42 n 2
T T A \/Z”xl»
n n

Example 6 Quadratic mean of the data set given in Table 1 is calculated as 134.61
as shown below:

oM — \/1412 + 1252 + 1352 4 1392 + 1232 + 137% 4 1252 + 1302 + 1382 4 - - - + 1222
N 50
= 134.61

3.7 Graphical Representation of Data

3.7.1 Stem-and-Leaf Plots

A stem and leaf plot is a graphical method of displaying data where each data value
is split into a stem which is the first digit or digits of the number and a leaf which is
usually the last digit of the number. It is particularly useful when the data are not
too numerous.

On a standard stem and leaf plot the stem is on the left and in this column the
first digits of the numbers in the data set are ordered from smallest to largest.
A vertical line is drawn between stem and leaf columns. The leaves are on the left
side of the plot. Each number on the leaf represents one single value from the data
set. The numbers in the leaf are organized from smallest to largest and separated by
commas.

Example 7 The stem and leaf plot of the data set given in Table 1 is shown in
Fig. 1:

Fig. 1 Stem and leaf plot 12 2,3,3,3,4,5,5,5,7,7,8,8.8.9
13 0,1,1,1,2,4,5,5,6,6,7,7,7,7,7,8,8,9,9,9,9,9,9
14 0,0,0,0,1,1,1,2,2,3,3,3.4
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3.7.2 Frequency Distribution Tables

Frequency distributions are visual displays that organize and present frequency
counts so that the information can be interpreted more easily. Frequency distribu-
tions can show either the actual number of observations falling in each range or the
percentage of observations. Frequency distributions are particularly useful in
summarizing large data sets and assigning probabilities.

There are four steps for constructing a frequency distribution from a data set.

1. The number of the classes is decided which is mostly preferred between 5 and
20.

2. The class width is defined by rounding up the value which is found by dividing
the range of the data by the number of classes.

3. The class limits are determined which are mostly defined by taking the mini-
mum data entry as the lower limit of the first class. To get the lower limit of the
next class, simply the class width is added to the lower limit of a class. After
determining lower limits for all classes, upper limits for each class is determined
considering that the classes cannot overlap.

4. The number of data entries for each class are counted and in the row of the table
for that class.

Example 8 To construct a frequency distribution table from the data set given in
Table 1 we decide the number of classes as 8. The range of the data set is 144—
122 = 22. The class width is defined as 3 by rounding up 22/8 = 2.75. The class
limits are determined as 122-124, 125-127, 128-130, 131-133, 134-136, 137-
138, 139-141 and 142-145. The frequency table is constructed in Table 2 by
counting the number of data which belongs to a class.

3.7.3 Histograms

A histogram is a graphical display of data using bars of different heights. It shows a
count of the data points falling in various ranges. It is particularly useful when there

Table 2 Frequency Class limits Frequency

distribution table 120-124 5
125-127 5
128-130 5
131-133 4
134-136 5
137-139 13
140-142
143-145 4
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are a large number of observations. In order to make a histogram, first the frequency
distributions are calculated. Then histogram is constructed by using the groups and
frequencies in the frequency distribution on the horizontal and vertical axes,
respectively.

Example 9 Histogram of the data set given in Table 1 is constructed by using the
frequency distribution table given in Table 2 and shown in Fig. 2.

3.74 Frequency Polygons

Frequency polygons are a graphical device for understanding the shapes of distri-
butions. To construct a frequency polygon, midpoints of the interval of corre-
sponding rectangle in a histogram are joined together by straight lines. They serve
the same purpose as histograms, but are especially helpful for comparing sets of data.

Example 10 Frequency polygon of the data set given in Table 1 is shown in Fig. 3.

Fig. 3 Frequency polygon 13
12
1

Frequency

T I N

120 125 130 135 140 145
Data
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3.7.5 Bar Charts

Bar charts are used to display and compare the number, frequency or other measure
for different discrete categories or groups. One axis of the chart shows the specific
categories being compared, and the other axis represents a discrete value.

Example 11 A manufacturer produces 5 different types of items. The production
amounts of the items are given in Table 3.
Bar chart of the data given in Table 3 is shown in Fig. 4:

3.7.6 Pie Charts

A pie chart is a circular statistical graphic, which shows the relative contribution
that different categories contribute to an overall total. In a pie chart, the arc length of
each category (and consequently its central angle and area), is proportional to the
quantity it represents.

Example 12 Pie chart of the data set given in Table 3 is shown in Fig. 5:

Table 3 Production amounts of the items

Item A Item B Item C Item D Item E
Production amounts 5000 8000 3000 17,000 12,000

Fig. 4 Bar chart 13000
16000
14000
12000 —
10000
8000
6000

=1 I

ItemA ItenB IemC ItemD Item E
Items

Production Amounts
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Fig. 5 Pie chart

Item D

4 Central Tendency Measures Under Fuzziness

4.1 Fuzzy Arithmetic Mean

In case of fuzziness, the data are vague and are represented by fuzzy sets. Table 4
represents a group of fuzzy data selected from a population randomly:
Fuzzy arithmetic mean for the sample can be calculated by Eq. (6):

Z?:l Xi

n

X =

(6)

Assume X; values are represented by triangular fuzzy numbers in the form of
(%7, Xm, X, ) where x; > 0. Then Eq. (6) becomes

i=1 i=1 i=1

Now assume X; values are represented by trapezoidal fuzzy numbers in the form
of (X, Xm1,%m2,%,) where x; > 0. Then Eq. (6) becomes

N Zn x n n n n
X = % = (D x/m > xwi/n Y i/, xui/m (8)
P P P P

Table 4 Fuzzy data

Xit1 X 12 X

Xi+1 X142 Xn
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Fuzzy arithmetic mean for the population can be calculated by Eq. (9):

N X
ji= 2 (9)

Assume X; values are represented by triangular fuzzy numbers in the form of
(%7, Xm, X, ) where x; > 0. Then Eq. (9) becomes

= ’ lxl = (th/N me,/N me/N> (10)

Now assume Xx; values are represented by trapezoidal fuzzy numbers in the form
of (X7, Xm1,%m2,%,) where x; > 0. Then Eq. (9) becomes

L TS S S ) B

=

‘:1

Example 13 Consider the fuzzy data belonging to a sample in Table 5 and calculate
the arithmetic mean.

We can apply a fuzzification percentage to obtain their corresponding fuzzy
numbers in Table 5. For instance, if a 10 % fuzzification percentage is used, the
triangular fuzzy numbers given in Table 6 are obtained.

(th/n mel/n me/n> (20.7,23,25.3)

Nguyen and Wu [4] give the definition of fuzzy sample mean as follows:
Let U be the universal set, L = {L;, Ly, ..., Ly} be a set of k-linguistic variables

on U, and {in =T+ = 1,2,...,n} be a sequence of random

le

Table 5 Fuzzy data

Around 20 Around 23 Around 20 Around 21
Around 28 Around 19 Around 22 Around 32
Around 14 Around 29 Around 21 Around 27

Table 6 10 % fuzzification

(18, 20, 22) (20.7, 23, 25.3) (18, 20, 22) (18.9, 21, 23.1)
(25.2, 28, 30.8) (17.1, 19, 20.9) (19.8, 22, 24.2) (28.8, 32, 35.2)
(12.6, 14, 15.4) (26.1, 29, 31.9) (18.9, 21, 23.1) (24.3, 27, 29.7)




76 C. Kahraman and 1.U. Sart

fuzzy sample on U. m; (Zle m = 1) is the membership with respect to L;. Then,

the fuzzy sample mean is defined as

Rt SO - V., iy
:ﬁZi:lmll n i Qi1 Mi2 NN i 2ie1 Mik

Fx
X L 1 L2 Lk

(12)

Nguyen and Wu [4] give the definition of fuzzy sample mean for the
interval-valued data as follows:

Let U be the universe set, and {Fx; = [a;,b;],a;,b; € R,i =1,2,...,n} be a
sequence of random fuzzy sample on U. Then the fuzzy sample mean value is
defined as

Fx =

i=1

Example 14 Let’s consider the data in Table 7.
Using Eq. (13), the fuzzy sample mean is calculated as follows:

Py 34442424445+ - +5 T+6+5+4+5+7+ - +6
- 16 ’ 16
= [3.5625,6.3125]

4.2 Fuzzy Median

To be able to find the median when the values are fuzzy numbers, it is necessary to
rank the data from the least value to the largest value. Hence, a ranking method for
fuzzy numbers is needed. In the literature, there are many ranking methods
developed by different researchers, which may give different ranking results. This
means that you may not obtain the same rank for the fuzzy data if you use a few
ranking methods and you may find different medians for each of these methods.

Example 15 Consider the data in Table 6. Let us use Lee and Li’s [2] method to
rank these numbers. Lee and Li’s [2] method for triangular fuzzy numbers is
defined as in Eq. (14):

Table 7 The interval valued 13, 7] [4, 6] [2, 5] [2, 4]
data [4, 5] 5. 7] 3, 8] 4, 7]
[3, 6] [3, 5] 4, 7] [6, 8]
12, 7] 4, 7] [3, 6] [5, 6]
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(i) = S (14)
Since we applied 10 % fuzzification of the middle point, the result of Eq. (12)
will be equal to the middle point of each fuzzy number. Thus we have 14, 19, 20,
20, 21, 21, 22, 23, 27, 28, 29, and 32. The median is (21 + 22)/2 = 21.5. We can
write it as a fuzzy number by 10 % fuzzification again to be (19.35, 21.5, 23.65).
You would find the same result if you had used the fuzzy TFNs (18.9, 21, 23.1) and
(19.8, 22, 24.2) by summing them and dividing by 2.
Nguyen and Wu [4] give the definition of fuzzy sample median as follows:
Let U be the universe set and L = {L;,L,,...,L;} be a ordered set of

k-linguistic variables on U, and {xi = 'Z—]‘ + ’Z—; 4+ -4 %’i =1,2,.. .,n} be a

sequence of random fuzzy sample on U. Let S; ="  my, j=12,...k and
T =1.8+2.8,+ --- +k.S;. Then, the minimum L; such that 3/, §;> 2] is
called the fuzzy median of this sample. Here, [5 means the largest integral that
equal or less than L:

; T
F median(x;) = {Lj : minimum j such thatZSi > [5] } (15)
i=1

Nguyen and Wu [4] give the definition of fuzzy sample median for the
interval-valued data as follows:

Let U be the universe set, and {Fx; = [a;, b;],a;,b; € R,i =1,2,...,n} be a
sequence of random fuzzy sample on U. Let ¢; be center of the interval of [a;, b;]
and J; be the length of [a;, b;]. Then the fuzzy sample mean is defined by Eq. (16):

median{l;}

: (16)

F median = (c;r),c = median{cj}, r=

4.3 Fuzzy Mode

To be able to find the mode when the values are fuzzy numbers, one way is first to
defuzzify the data and then find the element having the largest frequency. However,
this approach may generally result in “no mode” for the data since defuzzification
of fuzzy numbers will possibly give a unique value different from the others.
Another approach for fuzzy mode may be to examine the intersections of intervals,
if any, of fuzzy numbers since the same values on the x-axis may be determined as a
mode or modes.

Example 16 Consider the data in Table 6. Let us use Lee and Li’s [2] method to
rank these numbers. The method is given by Eq. (12). Since we applied 10 %



78 C. Kahraman and 1.U. Sart

Fig. 6 Determination of
mode

A\ J

fuzzification of the middle point, the result of Eq. (12) will be equal to the middle
point of each fuzzy number. Thus we have 14, 19, 20, 20, 21, 21, 22, 23, 27, 28, 29,
and 32. The data are bimodal and they are (18, 20, 22) and (18.9, 21, 23.1). Now
consider the following fuzzy numbers and determine the mode or modes: (4, 6, 8),
4,17, 8), 3,4,06), 9, 10, 12), (1, 2, 3).

The fuzzy numbers (9, 10, 12) and (1, 2, 3) have no intersection with the other
fuzzy numbers. Hence we do not consider these numbers while calculating the
mode. The mode is somewhere in the interval [4, 6] and the most possible value in
this interval is found in the following way (see Fig. 6).

min(1,0,0), min(0.5,0.5,0.33),
IMode = MAX min (0.75,0.4,0.4), min(1,0.67,0)

OMode = ma.X{O, 033, 047 O} =04

Thus, the mode is 5.5 with a membership of 0.4.

Nguyen and Wu [4] give the definition of fuzzy sample mode as follows:

Let U be the universal set, L = {L, Ly, . . ., L+ } a set of k-linguistic variables on U,
and {FS;,i = 1,2,...,n} asequence of random fuzzy sample on U. For each sample

FS;, ASSIGN a linguistic variable L; a normalized membership nz; (Z]].‘:l mjj = 1),

letS; =", my, j=1,2,... k. Then, the maximum value of S; with respect to L; is
called the fuzzy mode (FM) of this sample. That is FM = {Lj|Sj = jmax S,}.

Nguyen and Wu [4] give the definition of fuzzy sample mode for interval-valued
data as follows:

Let U be the universal set, L = {Ly, Ly, . .., L} a set of k-linguistic variables on
U, and {FS; = |a;,bi],a;,b; € R,i=1,2,...,n} be a sequence of random fuzzy
sample on U. For each sample FS;, if there is an interval [c, d] which is covered by
certain samples, we call these samples as a cluster. Let MS be the set of clusters
which contains the maximum number of sample, then the fuzzy mode FM is
defined by Eq. (17):
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M = [a,8] = {(a, bil[a, b) < MS} (17)

If [a, b] does not exist (i.e. [a, b] is an empty set), it is said that the sample data do
not have fuzzy mode.

5 Fuzzy Frequency Distribution

Obtaining a fuzzy frequency distribution will be explained by solving a numerical
example. First, assume we have the data in Table 8.

Step 1. Determine the number of values in the data set and let be N.

Let it be N = 36 in Table 8.

Step 2. Determine the least and largest values in the data set to find the range.

Using a ranking method, the values in Table 8 are ranked. Assume that in
Table 8§, the least value is (15, 17, 19) and the largest value is (53, 56, 58).

Step 3. Calculate the range of the data.

R = (53, 56, 58) — (15, 17, 19) = (34, 39, 43)

Step 4. Calculate the number of classes, k. It can be calculated by using the
equation k = VN = /36 = 6.

Step 5. Calculate the class width, & using Eq. (18).

R
h= (18)
> (34’3‘%"3) = (5.67,6.5,7.17)

Step 6. Establish the class limits.

To establish the class limits, Table 9 is used. We start by adding “k-1” to the
least value in order to find the upper limit of the first class.

If you made it correctly, the largest value of the data must be within the class
limits of the last class. In our case, the interval (43.35, 49.5, 54.85) and (48.02, 55,
61.02) involves (53, 56, 58), which indicates that the process is correct.

Step 7. Establish the class boundaries.

The class boundaries can be obtained by subtracting 0.5 from the class limits as
in Table 10.

Step 8. Determine the class frequencies.

fTable 8 Tdhe flll)ZZY data for (34 36, 39) (41, 45, 52) (21, 23, 26)
requency distribution (30, 34, 35) (15, 17, 19) (53, 56, 58)
(36, 41, 44) (43, 46, 48)
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Table 9 Class limits

C. Kahraman and 1.U. Sar

Class number

Lower limit

Upper limit

(15, 17, 19)

(19.67, 22.5, 25.17)

(20.67, 23.5, 26.17)

(25.34, 29, 32.34)

(26.34, 30, 33.34)

(31.01, 35.5, 39.51)

(32.01, 36.5, 40.51)

(36.68, 42, 46.68)

(37.68, 43, 47.68)

(42.35, 48.5, 53.85)

[ IS I ROV S

(43.35, 49.5, 54.85)

(48.02, 55, 61.02)

Table 10 Class boundaries

Class number

Lower class boundary (LCB)

Upper class boundary (UCB)

(14.5, 16.5, 18.5)

(20.17, 23, 25.67)

(20.17, 23.0, 25.67)

(25.84, 29.5, 32.84)

(25.84, 29.5, 32.84)

(31.51, 36, 40.01)

(31.51, 36, 40.01)

(37.18, 42.5, 47.18)

(37.18, 42.5, 47.18)

(42.85, 49, 54.35)

olula|w|w|~

(42.85, 49, 54.35)

(48.52, 55.5, 61.52)

The values in Table 8 must be defuzzified in order to determine to which class
they belong. For instance, (34, 36, 39) can be defuzzified by the formula
(a + 2b + c)/4, and the result becomes 36.25. Applying the same formula to the
class boundaries, we find that 36.25 belongs to the fourth class. Assuming that we
made it for all of the values in Table 8, we obtained Table 11.

Table 11 Defuzzified boundaries and class frequencies

Class number | Defuzzified lower boundary | Defuzzified upper boundary | Class frequency
1 16.5 22.96 3
2 22.96 29.42 7
3 29.42 35.88 11
4 35.88 42.34 8
5 42.34 48.8 5
6 48.8 55.26 2
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6 Fuzzy Graphics
6.1 Fuzzy Stem-and-Leaf Display
Classical stem and leaf diagram is converted its fuzzy case for the data in Table 8.

Figure 7 illustrates the stem and leaf diagram for only 8 fuzzy numbers in Table 8.
This figure shows us a left-skewed distribution.

6.2 Fuzzy Histograms

Figure 8 shows the fuzzy lower and upper class boundaries of a class. As it can be seen
from Fig. 8, some data may belong to the previous or next class at the same time.

Stem

Leaf
N
!

Fig. 7 Fuzzy stem and leaf diagram

Y

LC

Fig. 8 Fuzzy class boundaries of a class
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Fig. 9 A part of fuzzy polygon

6.3 Fuzzy Frequency Polygons

Fuzzy frequency polygon is illustrated for two classes in Fig. 9. Let LCB = (a, b, ¢)
and UCB = (d, e, f). Since the class marks (class midpoints) may be between
[(a + d)/2, (c + f)/2] for each class, the frequency polygon for two classes will be as
in Fig. 9.

7 Conclusion

Central tendency measures are summary measures that attempt to describe a whole
set of data with a single value that represents the middle or center of its distribution.
When we have fuzzy data, classical central tendency measures should be trans-
formed to their fuzzy cases. We proposed these fuzzy measures and gave an
example for each measure. We also proposed fuzzy graphs for histogram, polygon,
and stem and leaf diagram. For further research, the new extensions of fuzzy sets
can be used to convert the classical central tendency measures to obtain hesitant
fuzzy mean, intuitionistic fuzzy mean, hesitant fuzzy mode, intuitionistic fuzzy
mode, hesitant fuzzy median, and intuitionistic fuzzy median.
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Fuzzy Dispersion Measures

irem Ucal Sari, Cengiz Kahraman and Ozgiir Kabak

Abstract Dispersion measures are very useful tools to measure the variability of
data. Under uncertainty, the fuzzy set theory can be used to capture the vagueness
in the data. This chapter develops the fuzzy versions of classical dispersion mea-
sures namely, standard deviation and variance, mean absolute deviation, coefficient
of variation, range, and quartiles. Initially, we summarize the classical dispersion
measures and then we develop their fuzzy versions for triangular fuzzy data.
A numerical example for each fuzzy dispersion measure is given.

Keywords Dispersion measures - Fuzzy sets . Standard deviation - Variance -
Absolute deviation - Coefficient of variation - Range - Quartiles

1 Introduction

Dispersion measures are used to describe the spread of the data, or its variation
around a central value. Dispersion measures are important to understand two data
sets which have the same mean or median, but entirely different levels of variability.
There are various methods that can be used to measure the dispersion of a dataset,
each with its own set of advantages and disadvantages.

The classical dispersion measures need exact data whereas we sometimes meet
imprecise and vague data in real life problems. Especially some problems include
categorical data which are represented by linguistic terms. For instance, classifi-
cation of the people for whom we do not have their age data can be made by
observing them and using linguistic terms such as very old, old, middle-aged,
young, and very young. In such cases, the fuzzy set theory can capture the
uncertainty included in these linguistic data.
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In the literature there is not much research on fuzzy dispersion measures.
DiCesare et al. [1] presented a new approach to the summarization of linguistic data
and defined a measure of variation of the data, a fuzzy variance. They constructed a
normalized measure of dispersion based on the fuzzy variance and the range of the
fuzzy data. The concepts of variance and range are extended to the fuzzy sets theory
and the values obtained are interpreted in a linguistic fashion. Spadoni and Stefanini
[8] proposed an algorithm for the computation of the interval and fuzzy variance.
Pizzi [6] described dispersion-adjusted fuzzy quartile encoding based preprocessing
method for the classification of patterns. They defined fuzzy quantile and in-
terquartile range to determine reasonable values for the fuzzy set boundaries. Kaya
and Kahraman [3, 4] used fuzzy process mean, and fuzzy variance, which are
obtained by using the fuzzy extension principle to add more information and
flexibility to process capability indices. Tsao [9] proposed novel equations for
computing the fuzzy variance and standard deviation by applying the fuzzy arith-
metic with requisite constraints.

In this paper the classical dispersion measures are fuzzified by using triangular
fuzzy data. The proposed equations can also be used for trapezoidal fuzzy data as
well. The rest of the chapter is organized as follows: Sect. 2 presents the classical
dispersion measures. Section 3 fuzzifies the dispersion measures and gives
numerical examples. Section 4 concludes the chapter.

2 Classical Dispersion Measures

There are six frequently used measures of variability: standard deviation, variance,
the range, mean absolute deviation, coefficient of variance and interquartile range.

2.1 Standard Deviation and Variance

The standard deviation and variance are more complete measures of dispersion
which take into account every score in a distribution. Variance is the average
squared difference of scores from the mean score of a distribution. Standard
deviation is the square root of the variance. Two different calculations are used to
determine standard population or form a sample of a larger population.

Variance of a population is the average squared distance of all measurements
from the population mean. It is determined by o2 and calculated by using Eq. 1
(Soong [7]):

g === B (1)
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where x; represents the ith value in the data set, u is the mean of the data set and N is
the number of the number of the data in the set.

Standard deviation of a population is determined by ¢ and calculated by using
Eq. 2:

o= =B (2)

Variance of a sample is determined by s> and calculated by using Eq. 3:

n —\2
2 iy (i — %)
- 3
s o 3)
where x; is the ith value in the sample set, x is the mean of the sample set and » is
the number of the data in the sample set.
Standard deviation of a sample is determined by s and calculated by using
Eq. 4:

Example 1 There are 50 observations of execution times of an experiment are given
in Table 1.

Sum of all the values in Table 1 is equal to 6723. The mean is calculated as
6723/50 = 134.46. By using Eq. 1 variance of the data set is calculated as 42.32
and by using Eq. 2 standard deviation of the data set is calculated as 6.50.

, (141 — 134.46)% + (125 — 134.46) + (135 — 134.46)” + - -- + (122 — 134.46)° "
- = =42.
50

=6.50

\/(141 — 134.46)% 4 (125 — 134.46)> + (135 — 134.46)* + - - + (122 — 134.46)*
o=
50

Table 1 The observations

141 137 144 128 137 127 125 143 128 132
125 125 139 129 137 136 139 123 127 141
135 130 140 123 140 135 131 139 128 139
139 138 140 143 137 137 139 140 142 134
123 142 124 141 131 143 138 131 136 122
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2.2 Mean Absolute Deviation

The mean absolute deviation (MAD) of a data set is the average distance between
each data value and the mean. It helps to understand whether the mean of the data
set is useful or not. When the mean absolute deviation is large, the mean is not
relevant mostly because of an outlier. MAD of a population is determined by Eq. 5
(Montgomery and Runger [5]):

1 N
MAD :ﬁ;b@ — i (5)

MAD of a sample is determined by Eq. 6:
MAD =13 1~ x (©)
= — Xi — X
i

Example 2 To calculate the mean absolute deviation of the data set given in
Table 1, Eq. 5 is applied and MAD of the data set is calculated as 5.728.

1
MAD = o (([141 — 134.46]) + (]125 — 134.46]) + (|135 — 134.46])
+ oo+ (]122 — 134.46))) = 5.728

2.3 Coefficient of Variation

Coefficient of variation is the ratio of the standard deviation to the mean which
shows the extent of variability in relation to the mean of the population. The
coefficient of variation should be computed only for data which can take
non-negative values. Coefficient of variation is denoted by CV and is determined by
Eq. 6 for a population data set as follows:

a
CV =-— 7
p ™)
Coefficient of variation of a sample data set is determined by Eq. 8:
cv ="2 (8)
X
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Example 3 Coefficient of variation is calculated as 0.048 for the data set given in
Table 1 by using Eq. 7.

6.50

2.4 Range

The range is the simplest measure of dispersion. It is the difference between the
maximum and minimum values in the data set. Due to the fact that range is deter-
mined by the furthest outliers (extreme scores) it does not give information about the
typical values of the data set. Range is denoted by R and determined by Eq. 9:

R = max(x;) — min(x;) 9)

Example 4 Range of the data set given in Table 1 is found as 22.

R =144-122 =22.

2.5 The Interquartile Range

The interquartile range (IQR) is a measure of variability that indicates the extent to
which the central 50 % of values within the data set are dispersed. It is based on
dividing a data set into quartiles which are the values that divide a rank-ordered data
set into four equal parts. First quartile (Q;) which is also known as lower quartile is
the middle value in the first half of the rank-ordered data set, second quartile (Q5) is
the median value in the data set and the third quartile (Q3) which is also known as
higher quartile is the middle value in the second half of the rank ordered data set.
The interquartile range is the difference between the first and third quartiles which is
obtained by using Eq. 10 [2]:

IOR = 03 — O, (10)

Since only the middle 50 % of the data affects this measure, it is robust to
outliers.

Example 5 Interquartile range of the data set given in Table 1 is calculated as 11.5.

IOR = 139.75—128.25 = 11.5.
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3 Dispersion Measures Under Fuzziness

3.1 Fuzzy Variance and Fuzzy Standard Deviation

When the data are ambiguous and they could be represented by fuzzy sets. In
Table 2 a fuzzy data is represented:
Fuzzy variance for the sample can be calculated by Eq. 11:

Fuzzy standard deviation for the sample can be calculated by Eq. 12:

Assume X; and ¥ values are represented by triangular fuzzy numbers in the form
of X; = (X, Xpmi, X,;) and X = (X;,X,,%,) where x; >0 and X; > 0. Then fuzzy
variance formula for the sample data represented by triangular fuzzy numbers can
be calculated by Eq. 13:

o (z;n (o = 30)* S0y Ot = T)” 300 s — xu>2>
5= , , (13)
n—1 n—1 n—1

For the independent any two fuzzy numbers the largest possible value of the
second number is subtracted from the least possible value of the first number to get
the first term of the subtraction, and similar operations for the other two terms. In
Eq. 13, as it is seen the least possible values are subtracted in the first term; the most
possible values in the second term and the largest possible values in the third term
are subtracted since ¥; values produce X value; in other words ¥ is dependent on ¥;
values.

Fuzzy standard deviation formula for the sample data represented by triangular
fuzzy numbers is given in Eq. 14:

- \/Z?—ln(xli 1—)61)2, \/Z?_l (mi — Xm)z’ \/Z?_l (i — %) (14)

n—1 n—1

Table 2 Fuzzy data = < -

Xk 41 Xk 42 X1

X1+1 X142 Xn
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Now assume ¥; and ¥ values are represented by trapezoidal fuzzy numbers in the
form of X; = (Xyi, Xm1is Xm2i, Xui) and X = (X;, X1, X2, X, ) Where x; > 0 and X; > 0.
Then Eq. 11 becomes Eq. 15:

2 (Z?_l (o = %)° 3o o — %) 2oy (2 — X)) (% —Xu)2>

n—1 ’ n—1 ’ n—1 ’ n—1

(15)

Fuzzy standard deviation formula for the sample data represented by trapezoidal
fuzzy numbers is given in Eq. 16:

Zl 1 xlz_xl E xmlz _-xml Z, 1 xm2l xm2 Zl 1 xm _71,4
n—1 ’ n—1 n—1 n—1

(16)
Fuzzy variance for the population can be calculated by Eq. 17:
N (= =\2
P i (% — 1) (17)
N
Fuzzy standard deviation for the population can be calculated by Eq. 18:
N (o N2
5o |2 i 1) (18)
N

Assume X; and [t values are represented by triangular fuzzy numbers in the form
of X; = (%, Xmi, %) and ft = (1, fh,, ,) Where x; >0 and y; > 0x; > 0. Then
Eq. 17 becomes

2 S =) _ (z% (o= ) 3o Gt = 1) 22, <xu,-—uu>2>
N N ’ N ’ N
(19)

Fuzzy standard deviation formula for the population data represented by trian-
gular fuzzy numbers is given in Eq. 20:

\/ S (i — m)z’ \/ Sy (mi — ,“m)27 \/ S i — 1)° (0)
N N N
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Now assume X; and ji values are represented by trapezoidal fuzzy numbers in the
form of X; = (xyi, Xim1i, Xm2is Xui) @0d 0 = (1, L1 s tonas K,) Where x; > 0 and g, > 0.
Then Eq. 17 becomes

N [~ ~\2
52 :Eizl (X — 1)
N

_ (Zivl (i — /11)2 vazl (Xm1i — #m1)2 Ziv:l (Xm2i — anz)z vazl (Xui — .Uu)2)

N ’ N ’ N N
(21)

Fuzzy standard deviation formula for the population data represented by trape-
zoidal fuzzy numbers is given in Eq. 22:

N (; -’
= \/va1 (v — /11)2 \/Zivl (i — Nz)z \/Z?/l (v — ,“1)2 \/val (i — H1)2>
N ’ N ’ N ’ N

(22)

Example 6 Consider the fuzzy data belonging to a sample in Table 3 and calculate
the arithmetic mean.

We can apply a fuzzification percentage to obtain their corresponding fuzzy
numbers in Table 3. For instance, if a 10 % fuzzification percentage is used, the
triangular fuzzy numbers given in Table 4 are obtained:

Mean of the sample data given in Table 4 is calculated as (20.7, 23, 25.3).
Variance of the sample data set is calculated by using Eq. 13 as (20.765, 25.636,
31.02). Standard deviation of the sample data set given in Table 4 is calculated by
using Eq. 14 as (4.557, 5.063, 5.569).

Table 3 Fuzzy data

Around 20 Around 23 Around 20 Around 21
Around 28 Around 19 Around 22 Around 32
Around 14 Around 29 Around 21 Around 27

Table 4 10% fuzzification

(18, 20, 22) (20.7, 23, 25.3) (18, 20, 22) (18.9, 21, 23.1)
(25.2, 28, 30.8) (17.1, 19, 20.9) (19.8, 22, 24.2) (28.8, 32, 35.2)
(12.6, 14, 15.4) (26.1, 29, 31.9) (18.9, 21, 23.1) (24.3, 27, 29.7)
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3.2 Fuzzy Mean Absolute Deviation

Fuzzy mean absolute deviation of a population data is represented by MAD and can
be calculated by using Eq. 23:

- 13,
MAD = 53l @)

Assume X; and j values are represented by triangular fuzzy numbers in the form
of X; = (xii, Xmi, Xui) and o = (u, b, 1t,) Where x; >0 and g, > 0. Then Eq. 23
becomes

1 1 N N i N mi N ui
MAD = — |)~Cz _ [l| _ Zz:l |)C[ :ul| ’21:1 |X :um| , lel ‘x :uu|
N; N N N

(24)
Now assume X; and jt values are represented by trapezoidal fuzzy numbers in the

form of X; = (i, X1, Xm2is Xui) and 0 = (1, fon1s tonzs 1, ) Where y; > 0 and y; > 0.
Then Eq. 23 becomes

- 1.
MAD:N;|x,-—u|

N N N N
_ (z i — gl S0 P — ot | 01 s — | 0 |xm-uu|>

N ’ N ’ N ’ N
(25)
MAD of a sample is determined by Eq. 26:
MAD lzn:r X| (26)
= - Xi — X
=

Assume X; and x values are represented by triangular fuzzy numbers in the form
of X; = (Xyi, Xpi, Xui) and X = (X;, %,,, X, ) where x; > 0 and X; > 0. Then fuzzy mean
absolute devision formula for the sample data represented by triangular fuzzy
numbers can be calculated by Eq. 27:

MAD — %i i — 3| = (Z?_l i — %] 3oy Pomi = | Doy P —Xu)
i=1

n n n

(27)
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Now assume X; and x values are represented by trapezoidal fuzzy numbers in the

form of x; = (xli,xmli,xmzi,xui) and x = ()_Cz,)_le,)_sz,)_Cu) where x; > 0 and x; > 0.
Then Eq. 26 becomes Eq. 28:

~ 1 -
MAD == " |%; — X|
" 12171 n n n
_ (Zi—l b — X D0y Pomti = X | Doiy Pomi — Fon2| Dy X —x,,|)
- b

b

n n ’ n n
(28)

Example 7 To calculate the fuzzy mean absolute deviation of the sample data set

given in Table 4, Eq. 27 is applied and MAD of the data set is calculated as
(3.6,4,4.4).

~ <43.2 48 52.8

MAD = (22 2 222 = (3.6,4,4.4
12’127 12> (3677 )

3.3 Fuzzy Coefficient of Variation

Fuzzy coefficient of variation is the ratio of the fuzzy standard deviation to the
fuzzy mean which shows the extent of variability in relation to the fuzzy mean of
the population. Fuzzy coefficient of variation is denoted by CV and is determined
by Eq. 29 for a population data set:

CcV = (29)

=i

Assume ¢ and ji values are represented by triangular fuzzy numbers in the form

of & = (67,0, 0,) and fi = (1, iy, 1t,,) Where 6; > 0 and g, > 0. CV of a popu-
lation data represented by triangular fuzzy numbers is given in Eq. 30:

cv=7- (ﬂ,"—'",@) (30)
Hn N Wy Ky

Now assume ¢ and [t values are represented by trapezoidal fuzzy numbers in the
f0r~m of 6 = (61, 0m1, Om2, 0,) and jt = (L, W1, o, 1y,) Where a; > 0 and p; > 0.
C V of a population data represented by trapezoidal fuzzy numbers is given in Eq. 31:

— (ﬂ Oml Om2 ﬂ) (31)

ﬂl’:uml 7.Umz7#u
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CV is determined by Eq. 32 for a sample data set:

CV= (32)

= “

Assume 5 and X values are represented by triangular fuzzy numbers in the form
of 5 = (87, Sm,5,) and X = (X}, X, X, ) where 5; > 0 and X; > 0. CV of a sample data
represented by triangular fuzzy numbers is given in Eq. 33:

I Sm Su
= (2L 33
<xl,xm,xu> (33)

Now assume 5 and X values are represented by trapezoidal fuzzy numbers in the
form of § = (7, Sm1, Sm2, Su) an X = (X;, X1, Xm2,%,) Where s; > 0 and x; > 0. cv
of a sample data represented by trapezoidal fuzzy numbers is given in Eq. 34:

_ (Sl Sml Sml su> (34)

— ) — b )=
Xl Xm2 Xm2 Xy

CV=

=N v

CV=

=]«

Example 8§ Coefficient of variation is calculated as (4.5424, 4.5427, 4.5430) for the
data set given in Table 4 by using Eq. 33:

- S 207 23 253
X

4.556°5.063’ 5,569> = (4.5424,4.5427,4.5430)

3.4 Fuzzy Range

In a fuzzy data set, sometimes it is hard to define the maximum and the minimum
values of the data. When the maximum and the minimum fuzzy numbers of a data
set cannot be determined easily, first ranking methods should be used to find out the
maximum and the minimum values. Then by applying Eq. 35, fuzzy range which is
denoted by R can be determined:

R = max(¥;) — min(;) (35)

Assume X; values are represented by triangular fuzzy numbers in the form of
Xi = (xit, Xim, Xiu) Where x; > 0. R of a data set represented by triangular fuzzy
numbers is given in Eq. 36:

R= ((xmax,l - xmin,u); (xmax7m - xmin,m); (xmax,u - xmin,l)) (36>



96 I.U. Sari et al.

where max(ii) = (xmax,laxmax,maxmax,u) and min(ii) = (xmin,laxmin,maxmimu) pro-
viding that Xpax,; — Xmin,» > 0. Otherwise; it is not certain that there are clear
maximum and minimum values in the data set. In that case range could be calcu-
lated by using defuzzified values of the data set. Then maximum and minimum
values can be easily determined.

Assume X; values are represented by trapezoidal fuzzy numbers in the form of

Xi = (Xit, Xim1 , Xim2, Xiy) Where x; > 0. R of a data set represented by trapezoidal
fuzzy numbers is given in Eq. 37:

R = ((xmax,l - xmin,u), (xmax,ml - xmin,m2)7 (xmax,mQ - xmin,ml)a (xma)gu - xmin,l))

(37)

where max(%i) = (xmax,lvxmaxﬁml s Xmax, m2 5 xmax‘u) and mln(%l) = (xmin,l7xmin,mla
Xmin, m2Xmin) Providing that Xmax,; — Xmin,u > 0.
Example 9 In the data set given in Table 4, it is obvious that the maximum value of

the data is (28.8, 32, 35.2) and the minimum value of the data is (12.6, 14, 15.4). By
using Eq. 36 fuzzy range of the data set is calculated as (13.4,18, 22.6).

R =(28.8,32,35.2) — (12.6, 14, 15.4) = (13.4, 18,22.6)

3.5 Fuzzy Interquartile Range

The formula of fuzzy interquartile range (IQR) is given in Eq. 38
IOR =03 — O (38)

where Q; is the middle value in the first half of the rank ordered fuzzy data set
which is the ((n + 1)/4)th element of the data set and Qg is the middle value in the
second half of the rank ordered fuzzy data set which is the (3(n + 1)/4)th element of
the data set.

Assume Q; values are represented by triangular fuzzy numbers in the form of
Qi = (Qi, Oim, Qi) Where Qy > 0. IQR of a data set represented by triangular
fuzzy numbers is given in Eq. 39 where Q3 — Oy, > 0:

I0R = ((Q3 — Q) (Q3m — Qim), (O3 — Q1)) (39)
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Now assume Q; values are represented by trapezoidal fuzzy numbers in the form

of Q; = (Qit, Qim1, Qima, Qi) Where Qi > 0. IOR of a data set represented by
trapezoidal fuzzy numbers is given in Eq. 40 where Q3 — Oy, > 0:

IOR = ((Q31 — O14), (Q3m1 — Q1m2)s (Q3m2 — O1m1); (O34 — O11)) (40)

Example 10 There are lots of ranking methods which could be used to rank fuzzy
numbers. In this example it is preferred to rank fuzzy numbers by using their most
expected values. The fuzzy numbers in the data set given in Table 4 are ranked as
follows:

(12.6,14,15.4), (17.1, 19, 20.9), (18, 20, 22), (18, 20, 22), (18.9, 21, 23.1), (18.9,
21, 23.1), (19.8, 22, 24.2), (20.7, 23, 25.3), (24.3, 27, 29.7), (25.2, 28, 30.8), (26.1,
29, 31.9), (28.8, 32, 35.2)

There are 12 numbers in the data set which means the first quartile is the
(12 + 1)/4 = 3.25th number in the ranked ordered fuzzy data set. The first quartile
is obtained as follows:

01 = (18,20,22) 4 (3.25 — 3)((18,20,22) — (18,20,22)) = (18,20,22)
The third quartile is obtained as follows:

03 = (24.3,27,29.7) + (3.25x3 — 9)((25.2,28,30.8) — (24.3,27,29.7))
= (20.925,27.75,34.575)

By applying Eq. 39 IQR is calculated as (—1.075,7.75,16.575) which means
there is no clear third quartile and first quartile in the data set.

IOR = Q3 — Q1 = (20.925,27.75,34.575) — (18,20,22)
= (-1.075,7.75,16.575)

In this case, IQR can be calculated by defuzzifying Q; and Q3. In this example,
center of area defuzzification method is used. This technique can be expressed as
shown in Eq. 41:

o Sy )

BT Tbodx
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By using center of area defuzzification method IQR is calculated as 7.75:

o - 58“ (s + 2 ()xdx 40
R a2 (2ax 2
o s (et [0 (M) e 646,306

3= 75 4, —x o
22&;25 ( 20. 925) x4 f237 75575 (34 575 ) dx 23.290

IQR* =Q} — Q} =27.75-20 =175

=20

=27.75

4 Conclusion

Dispersion measures are important concepts to measure the variability of data. The
classical approaches cannot deal with vague and imprecise data. Therefore; in this
chapter, we have introduced corresponding fuzzy concepts of variance, standard
deviation, mean absolute deviation, coefficient of variation, range, and quartiles.

The resulting fuzzy dispersion measures should be defuzzified for comparison
purposes. Since different defuzzification methods might give different defuzzified
values, interpretation of the fuzzy result should be based on more than one
defuzzification method. For instance; fuzzy coefficient of variations of two samples
from two populations can be compared based on the defuzzified values which may
depend on the selected defuzzification method.

For further research the new extensions of fuzzy sets such as intuitionistic,
type-2, or hesitant fuzzy sets can be used in developing the fuzzy dispersion
measures. Intuitionistic fuzzy variance, hesitant fuzzy variance, and type-2 fuzzy
variance have not yet been introduced in the literature.
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Sufficiency, Completeness,
and Unbiasedness Based on Fuzzy
Sample Space

Mohsen Arefi and S. Mahmoud Taheri

Abstract A new approach is introduced to the estimation of a parameter in the
statistical models, based on fuzzy sample space. Two basic concepts of the point
estimation theory, i.e. sufficiency and completeness, are extended to the fuzzy data
case. Then, the unbiased estimator and the UMVU estimator are defined for such
situations. The properties of these estimators are investigated, and some procedures
are provided to obtain the UMVU estimators, based on fuzzy data.

Keywords Completeness - Fuzzy random sample - Point estimation - Sufficiency -
Unbiasedness « Uniformly minimum variance unbiased estimator (UMVUE)

1 Introduction and Motivation

An important topic in parametric statistical inference is the point estimation of an
unknown parameter of the model of interest. In classical approaches to the problem
of point estimation, some essential assumptions are imposed on the underlying
model. Specially, it is often assumed that the available data derived from the model
are observed to be exact quantities. But, in real world problems, there are many
situations in which the available data are imprecise (fuzzy) rather than crisp.

For instance, in survival analysis, in the study to estimate the proportion of a
population who are infected with a certain virus, we may not able to identify the
presence or absence of the virus in each member of the population, exactly. In this
case, we may instead derive some vague inference about the situation, represented

M. Arefi

Department of Statistics, Faculty of Mathematical Sciences and Statistics,
University of Birjand, Birjand, Iran

e-mail: Arefi@Birjand.ac.ir

S. Mahmoud Taheri (D<)

Faculty of Engineering Science, College of Engineering,
University of Tehran, Tehran, Iran

e-mail: sm_taheri @ut.ac.ir

© Springer International Publishing Switzerland 2016 101
C. Kahraman and O. Kabak (eds.), Fuzzy Statistical Decision-Making,

Studies in Fuzziness and Soft Computing 343,

DOI 10.1007/978-3-319-39014-7_7



102 M. Arefi and S. Mahmoud Taheri

by linguistic terms such as: it is quite certain that he/she has virus, we are 0.50
certain that he/she has the virus, and so on. As another example, in social studies
we may not able to measure the public opinion on a certain subject, precisely.
People usually reflect their opinions on a social subject in non-exact (fuzzy) terms,
such as: I more or less agree, I completely agree, I cannot fully agree, and the like.
We can provide a list of such real world examples in which it is actually non-precise
data that must be handled.

Since such non-precise data typically do not lend themselves to analysis by the
classical statistical methods, we, therefore, need to develop new methods of sta-
tistical analysis based on non-precise data. The fuzzy set theory provides the
necessary tools to extend the classical statistical methods to the analysis of
non-precise (fuzzy) data.

The main contribution of this research is to investigate the problem of point
estimation when the data available are fuzzy rather than crisp. In this regard, we
extend the basic concepts of point estimation such as: sufficiency, completeness,
and unbiasedness to the case the data available are fuzzy. Then, to investigate the
properties of the introduced concepts, we develop the concept of UMVU estimators
based on fuzzy data.

The organization of this paper is as follows. In Sect. 2, a literature survey related
to sampling theory under fuzziness is presented. In Sect. 3, we recall some pre-
liminaries concerning fuzzy sample space and fuzzy random sample. In Sect. 4, we
extend the concepts of sufficiency and completeness based on fuzzy data. In Sect. 5,
the unbiased estimators based on fuzzy data are studied and, as a special case, the
UMVU estimators for such a data are investigated. Some examples to find the
proposed estimators are presented in Sect. 6. Section 7 concludes the paper.

2 Literature Survey

Over the past decades, there have been a lot of attempts to investigate the statistical
methods with fuzzy data. But, as far as the authors know, there have been only a
few works on the topic of sampling theory and point estimation under fuzziness. In
this section, we briefly review some important works in these topics.

Let us, first, review some works related to the sampling theory in fuzzy envi-
ronment. Kruse [34] and Miyakoshi and Shimbo [40] investigated the strong law of
large numbers for the sequences of independent and identically distributed fuzzy
random variables. Kelement et al. [31] proved a strong law of large numbers and a
central limit theorem for independent and identically distributed fuzzy random
variables, whose values are fuzzy sets with compact levels. Boswell and Taylor [8]
stated and proved a central limit theorem for fuzzy random variables. Guangyuan
and Zhong [24] defined two types of generalized metrics in the set of all fuzzy
random variables on a probability space. Then, they studied several different kinds
of convergence for sequences of fuzzy random variables with respect to the
introduced metrics. They also investigated some relations of these kinds of
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convergence. Using some limit properties of fuzzy numbers, Wu [51] extended the
weak and strong convergence of fuzzy distribution functions. He also investigated a
central limit theorem for fuzzy random variables based on a notion of fuzzy normal
distribution. He studied the law of large numbers for fuzzy random variables, too
[52]. Joo and Kim [28] obtained the Kolmogorov’s strong law of large numbers for
sums of independent and level-wise identically distributed fuzzy random variables,
(see also Kim [30] and Joo [27]). Feng [18] proposed a formulation of strong and
weak laws of large numbers for fuzzy random variables based on the concept of
variance of fuzzy random variables. A strong law of large numbers, a central limit
theorem and a Gliwenko-Cantelli theorem for fuzzy random variables are proved by
Kratschmer [32] based on the L,-metrics on the fuzzy sample spaces (see also [33]).
Li and Ogura [37] presented the strong laws of large numbers for independent (not
necessary identically distributed) fuzzy set-valued random variables whose base
space is a separable Banach space or an Euclidean space, in the sense of an
extended Hausdorff metric. Strong laws of large numbers for t-norm-based addition
of fuzzy random variables are studied by Teran [47] and Hong [26]. Guan and Li
[23] proved a strong law of large numbers for exchangeable random variables with
respect to nonadditive measures and based on the relationship between set-valued
random variables. See also Colubi [15], Joo et al. [29], and Fu and Zhang [19] for
some limit theorems for fuzzy random sets. It should be mentioned that, beside the
above works, a few works have been done by researchers on sampling methods
under fuzziness. For instance, Garcia et al. [20] considered the problem of esti-
mating the expected value of a fuzzy-valued random element in the stratified ran-
dom sampling from finite populations. Lin and Lee [38, 39] introduced a fuzzy
sense of sampling to express the degree of interviewee’s feelings in sampling
survey via questionnaire.

Now, we review briefly some important works on the point estimation in fuzzy
environment. Kruse [35] studied a method to obtain a statistical estimation with
linguistic data. Kruse and Meyer [36] investigated both consistent estimators and
unbiased estimators using set representation techniques. Gil et al. [21] and Schnatter
[43] studied some fuzzy Bayes estimators for real-valued parameters. Gil et al. [21]
developed their methods by borrowing the concept of probability measures of fuzzy
events from Zadeh [56], but Schnatter [43] focused on the different combination
rules for fuzzy data. Cai [11] studied parameter estimation based on normal fuzzy
variables. Yao and Hwang [55] proposed the concept of the sufficient statistic and
the unbiased estimator based on a sample of fuzzy random variables. Hong [25]
extended Cai’s approach to the study of parameter estimations of non-normal fuzzy
variables. Viertl [49], using the extension principle, investigated some methods to
obtain a point estimation based on fuzzy data. Wu [53] developed a procedure for
fuzzy estimating of fuzzy parameters based on fuzzy random variables. Buckley
[9, 10] considered the confidence interval as the a-cuts of a triangular shaped fuzzy
estimation for the parameter of interest (see also, Falsafain and Taheri [16] for an
improved method on the Buckley’s approach). An approach for obtaining the
UMVU estimators based on the o-cuts of fuzzy observations is studied by Akbari
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and Rezaei [1]. Parchami and Mashinchi [42] applied the Buckley’s approach to
find fuzzy estimates of the process capability indices. Also, Falsafain et al. [17]
studied a method to find the explicit formula for membership functions of the fuzzy
estimations in statistical models by developing Buckley’s approach. Taheri and
Arefi [46] used the estimation introduced by Buckley to extend an approach for
testing fuzzy hypotheses. Arefi and Taheri [S] investigated some aspects of a
Bayesian approach to the estimation problem for fuzzy data. For more on statistics
in imprecise environments, the reader is referred to the relevant literature, e.g.
Taheri [45], Viertl [50], and Blanco-Fernandez et al. [7].

In sequel, we introduce and investigate a new approach to the theory of point
estimation for fuzzy data, in which, for the first time, some basic concepts of the
point estimation are investigated.

3 Preliminaries

Assume that (Q, A) is a measurable space, in which Q is a sample space, and
(Q, A, P) is a probability space, where P is a probability measure on (2, .A). In the
following, we recall two definitions from Casals et al. [12] and Torabi et al. [48],
but in a slightly different way.

Definition 1 A fuzzy sample space (associated with the probability space
(2, A,P)), denoted by 7 = {Xi,...,%}, is a collection of fuzzy sets X;,i =
1,2,... k of Q whose membership functions are Borel measurable and satisfy the
orthogonality constraint: Y% %(x) = 1,Vx € Q.

Remark I The orthogonality constraint in Definition 1 is not a strong condition. If
X1, ..., X are some fuzzy numbers such that they do not satisfy the orthogonality

constraint, we can render a translation on X;’s, so that they obey the orthogonality
constraint. See the following example.

Example 1 Let (2, A,P) be a probability space with Q = [0, 1]. Consider the
membership functions of fuzzy sets as follows:
x)=1-x 0<x<I,

%o (x) = 2x 0<x<0.5,
VT2 -x) 05<x<1,

Hx)=x, 0<x<IL

The above fuzzy numbers do not obey the orthogonality constraint, since

isc-(x)— 1+2x 0<x<0.5,
p T3 —-2x 05<x<1.
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But, we can obtain a fuzzy sample space based on X;, X, and X3, denoted by
1= {)?T,Sc;,fc;}, as follows

) = lx )< x<0.5,
VTl 05<x<,

2 0<x<0.5,
9 gs5<x<,

. X 0<x<0.5
¥ — 1+2x — I
(”“{—L- 05<x<1.

Remark 2 In this paper, we assume that (2,.A) and (7, F) are two measurable
spaces, where ¥ is the fuzzy sample space on 2, and F is a o-field on 7. Also,
7" =) x---x y is the Cartesian product on the fuzzy sample spaces, and F" =
F®---®F is a o-field on )"

Definition 2 Let (2, A, P) be a probability space. A fuzzy random sample (of size
n) based on the original random variable X with PDF f(.), denoted by

X = (X),...,X,), is a measurable function from (2, A) to (7", F"), whose proba-
bility (following Zadeh’s probability 1968) is given by

X) =h(%,,....%,) = P(X =X)
/ Hx, x)f (x)dv(xy, .. X)),
%

where X = (X, ..., X, ), X, € ¥ and f(.) is the Radon-Nikodym derivative of P with
respect to v (a o-finite measure). The measure v usually is “counting measure” or
“Lebesgue measure”, and y = {x € R|f(x) > 0} is the support of X.

Note that, using Fubini’s theorem ([6], pp. 233-234), we obtain

Wy o)) = h(E) - h(R,), V5, € 7,

where

h(x,) = /)~c,.i()ci)f(xi)dv(x,-)7 i=1,...n.
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The h(%,,) forms a PDF on J, since based on the orthogonality of the X,,, we have

S h) =3 [ w et

X €7 X €1 4

= /f(x,) Z )~C,i (xi)dv(xl')

fneq

:/f(xidv)(xi) =L

Theorem 1 [48] Ler (Q, A, P) be a probability space and X be a fuzzy random
sample related to the fuzzy sample space ¥. If g is a measurable function from 7" to

R, then Y = g(X) is a crisp (non-fuzzy) random variable.

Suppose that we have a fuzzy sample space y based on the original random
variable X (with the probability density function or probability mass function
Jfx(x;0), 6 € ©), and that by taking a random sample of size n, we obtain the fuzzy
random sample X = (X1,...,X,). In the following, using such a sample data, we
provide an approach to point estimation for the unknown parameter 6.

4 Sufficiency and Completeness

In this section, we extend the concepts of sufficiency and completeness to the case
the available data are fuzzy rather than crisp.

Definition 3 Let X be a fuzzy random sample, and g be a measurable function from

7" to R. The function g(X) is called a statistic if g(X) does not depend on 0.

Note that, when g(X) is applied to estimating the unknown parameter 0, it is
commonly called the estimator of 0.

Definition 4 Let X = (X, ..., X,) be a fuzzy random sample related to the fuzzy
sample space ). Suppose that

A =(X,,...X, ) cX

and

Ay =Xy, X, ) CX.
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Based on Definition 2, we define the joint probability of A; and A, as follows
(1) If my <my, then

PAy =%A, =3) =P(X,, =%,,..., X

1 3y By

=X s Xny, = Vrayr oo Xry = Yy ),

(i) If r, <my <my<ms, and for each i = my,...,my, X; = ;, then

P(A; =%,Ay =7) = P(X,, =%,,.., X

2 Ay,

= xrml 7er1 e yrml SRR 'aer3 = 5’%)7
(i) If ry <mp <my<ms, and i € {my,...,m}, such that X; # ¥;, then
PA, =%,A,=§)=0.

Remark 3 Based on Definition 4, the conditional probability of A; given A, is
defined as follows

]

Py = tin =) = LAY pidy =) 0

Definition 5 Let X = (X1,...,X,) be a fuzzy random sample related to the fuzzy
sample space ¥, and g be a measurable function from »" to R. Then, T = g(f() isa
sufficient statistic for 6 (parameter of the statistical model f(x; §) if and only if the

conditional distribution P(X = X|T = t) does not depend on 6.

Definition 6 Let T = g(X) be a statistic based on fuzzy data. T = g(X) is called a
complete statistic if and only if for every statistic d(T), if E(d(T)) =0, then
VO € )

Pold(T) = 0] = Py[X = (&1,...,%,)|d(X) = 0] =1,

where Py(.) is Zadeh’s probability based on Definition 2.

Remark 4 When the available data are crisp numbers xp, .. ., X,, then Definition 5
and Definition 6 reduce to the ordinary definitions of sufficiency and completeness.

Example 2 Consider a study for estimating the proportion 6 of a kind of trees in a
forest, which are infected with a plague. We take a sample of n trees and examine
each tree for the presence of plague. Suppose that we do not have any precise
mechanism to make an exact distinction between the presence and absence of pla-
gue, but rather they can inform us whether (a) with much certainty the tree presents
infection; or whether (b) with much certainty the tree does not present infection.
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The usual model for this problem starts from the Bernoulli experiment X
associated with the presence of plague (Bin(1,0),0 <0< 1). Thereafter, the model
gathers the available information in a fuzzy partition ¥ = {%,%,}. We identify the
information with much certainty the tree presents infection and with much certainty
the tree does not present infection with the fuzzy sets x; and X, on x =0,1,
respectively. The membership functions of X; and X, are given by

L f09 03y fo107
X1 = 051 ) Xy = 071 )
whose PDF’s are as

h(x) = §IX(X)f (x)
{0901 -0)+030 i=x
~ 011 -0)+070 =%,
. {09-060 %
= 014060

1y

X
X

Suppose that, we have taken a fuzzy random sample of size n =2 as
X = (5(1,5(2). Let the statistic T = X; ® X, be as follows

T ~ _ f0.81 027 0.09
Zl—X1@X1—{07172},
1= s = ~ _ f0.8 0.66 042
h=Xx10xn=x3 1—{0 ) }7
PR = ) 49
=% o5 = {2, %},

where the PDF of T are as

=P(T =1) = 0.81(1 — 0)° +0.540(1 — 0) +0.096°,
p2=P(T =1) =0.18(1 — 0)> +1.320(1 — 0) +0.420°,
T =1)=0.01(1 - 0)>+0.140(1 — 0) 4 0.490*.

Based on Definition 4 and Remark 3, we obtain

P(Xi=%1Xo0=%1) ~ _ ~ -~
X T:Zl):{ Py Y= Xiandy =X

0 otherwise
PXi=0.X=5) < _ < .

= P(Xlzjf],iz:frl) X =X al’ldy = X]
0 otherwise

{1 =% andy =X,

0 otherwise,
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P(f(l:)_fhfﬁ:s@)

P(T—h) x= 5(?1 andjz = 562
PO =550 =517 =) =) MBS 55 gnay
0 otherwise

_ {’(5(11561-)?2?562) _
P(X1:5<1 ,Xzi)?z) +P(X1:)?2,X2:5C]>
= P(X, =%, X,=%)

i

=t
Il
31
Q
S
QU
<
Il
)

— L ——— Yx=Xpandy =X
P(X,=%1,X2=%2) + P(X1=%2,X2=%1) 2 Y 1
0 otherwise
1 ~_ o~ ~ o~
3 X=Xxjandy = X,
)1 o~ = 5~
=45 X=Xandy =X,
0 otherwise,

i i MRS 5 5 and§ = 5
P(X1 —% X, = S)\T _ ;3) _ P—5) X=Xyandy = Xp
0 otherwise

P(X1=%,X,=%>)
0 otherwise
{1 X=Xyandy = X,

P(X, =% Xo=% ~ o~ ~ o~
{(1X2,2 X2) X=Xandy =X

0 otherwise.

Therefore, T is a sufficient statistics for 6. For completeness, suppose that g(i‘)
is defined as

~ my 7’:1:;1)
() =4m T=h,
ms3 T:;’;

If E(g(T)) = 0, then mp; +myp, +m3p3 = 0, and we have
0.81m; +0.18mp +0.01mz = 0,
—1.08m; +0.96m; +0.12m3 =0, = m; = mp, = m3 = 0.
036m1 - 0721112 + 0361’)’[3 =0.

Hence, V0 € (0,1), g(T) =0, and so T is a complete statistic.

5 Unbiasedness

In this section, we define the concepts of unbiased estimator and UMVUE based on
fuzzy data.
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Definition 7 Let X be a fuzzy random sample related to the fuzzy sample space 7,
and g be a measurable function from " to R. The expectation and the mean squared

error (MSE) of the estimator ¥ = g(X) are defined as follows (see also [48]):

E(Y) = E(g(X)) = ) g(®)h(%),

=7
and

MSEy(0) = E(Y — 0)* = Var(g(X)) + (E(g(X)) — 0)".

Definition 8 Let X be a fuzzy random sample related to the fuzzy sample space 7

and g be a measurable function from %" to R. Then, U = g(X) is called an unbiased
estimator for 0 if

E(U)=E(g(X)) =0, V0c0O.

Example 3 Consider Example 2. To obtain an unbiased estimator for 0, consider

the estimator g(X) as follows

my X = (%,X1),

g(X)=q m X=(%,%)or(%,x),
ns f( = ()~C2,)~Cz),

where the PDF of X = (X}, X;) is given by

0.360° — 1.080+0.81 %= (%

5 (xlv-;cl)v
— —0.360° +0.480+0.09 X = (%1, %)
P(X = %2);
X=%)=13 _0360>+ 0480+ 009 %— (2, 51),
0.366> +0.120+0.01 X = (%, %)
Then, g(f() is an unbiased estimator for 0, if m; = —é, my = % and mz = % If

we observe (Xj,%;) or (¥,,%;), then the unbiased estimator g(X) is in the range
(0,1) and would be an acceptable estimator.

Definition 9 Let X be a fuzzy random sample related to the fuzzy sample space .

Let g; and g, be two measurable functions from %" to R. The estimator ¥; = g;(X)

is called more efficient than the estimator Y, = g,(X) if for each 0 € O,
MSEy, (0) < MSEy, (0).

Example 4 Suppose that in Example 2, we want to estimate the parameter 0 based
on a fuzzy random sample of size n = 1. Consider two estimators as follows:
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Y, = R
= X2,

MSEy, (0) and MSEy,(0) are calculated as

N |— =
= =
= =

= W
= =
1l
= =
LT

MSEy, (0) =L 30+ 0°,

_ 197 _ 2180 512
MSEYZ(Q)—W—WG—F =07,

hence, the estimator Y; is more efficient than Y,, since MSEy,(0) <MSEy,(0),
V6 € (0, 1).

Definition 10 Let X be a fuzzy random sample related to the fuzzy sample space 7,
and g; and g, be two measurable functions from %" to R. Then, the unbiased
estimator g;(X) of 0 is called the “uniformly minimum variance unbiased esti-
mator” (UMVUE) if and only if Var(g;(X)) < Var(g2(X)) for all 6 and for any
other unbiased estimator g,(X) of 0.

Theorem 2 Let T = g( ) be a sufficient and complete statistic for 0 based on a

fuzzy random sample X. Let q(T) be any unbiased estimator for the parameter 0
with a Borel function q. Then, q(T) is the unique UMVUE for 0.

Proof T is a sufficient and complete statistic, and is also an ordinary random
variable based on Theorem 1. Hence, based on Lehmann-Scheffe theorem ([44],
Theorem 3.1), ¢(T') is the unique UMVUE for 6. O

Corollary 1 Let T = g( ) be a complete sufficient statistic. If the distribution of
T(X) is available, then the UMVUE is a function q of T(X) such that

E[q(T(X))] = 0.

Theorem 3 Let g(f() be any unbiased estimator of 0 based on Definition 8, and
T(X) be a sufficient and complete statistic. Then q(T(X)) = E(g(X)|T(X)) is the
UMVUE of 0.

Proof We have

Var(g(X)) ZVGV(E(g( )IT(X))) +E(Var(g(X)|T(X)))
=Var(q(T(X))) + E(Var(g(X)|T(X)))
> Var(q (TX )),

hence, ¢(T(X)) is the UMVUE of 0. O
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6 Numerical Examples

Example 5 Tn Example 2, we show that T =X, & X, is a complete sufficient

statistic. Now, consider the estimator ¢(7') as follows:

_ w1 ? = ;la

q(T) = wa T = 52;

ws T =1t;.

If we take w; = — % S Wy = %,W3 = % then q(T) would be an unbiased estimator.
Hence, the UMVUE for 0 is obtained as follows:

g

q(T) = % T = b,

3 T=n

In the general case, if we take a fuzzy random sample of size n, then ¢(T) =
- 35—nT()~() is the UMVUE for 0, where T(X) is given by

n i:()?l,icl,...,icl,icl),

n—1 x= ()?2,5(1,...,;Cl,)NCl)OV...(5(1,5(17...,)?1,%2),
T(X)— n—2 f(:()NCQ,)NCQ,...,561,561)0}"...(561,561,...,%2,562),

0 X = (56275627 e '75627562)'

!

For 7(X) = 0 and T(X) = n, the unbiased estimator ¢(7) =3 — 2 7(X) is not

_3

=3-
in the range (0, 1). Hence, the unbiased estimator ¢(7) =3 — 2 T(X
for T(X) =1,2,...,n— 1.

— W

is acceptable

Example 6 Let X be a random variable from a beta distribution Beta(0, 1) with a
density of

f:0)=0"" 0>0, 0<x<l.

Suppose that, the fuzzy sample space y contains the following fuzzy events

B = 1-2x 0<x<0.5,
M7 Y2x—1 05<x<l,
H(x) = 2x 0<x<0.5,
2T 12—-2x 05<x<l.
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The PDFs of the fuzzy events X; and X, are as follows

0—-1 2

p1 = h(x) =91 P = h(xy) “0xl

Let the parameter of interest be f§ = ”ﬁbf, where a >0 and b > 0 are known

constants and a # b. Suppose that we have a fuzzy random sample of size n.
Consider the sufficient and complete statistic as follows

20 X = (X, %,..., %1, %),

21 X = (X, &, X, %) or. (R, Ry, XL B),
T(X): 22 i:(5624‘562,...,561,561)0}’...()}1,5617...,562,562),

Zn X= (5(2’/%23"'3)}27562)

On the other hand, T(X) is an unbiased estimator if E(T(X)) = 0. Hence, we
obtain

n

Zz,(’l’.‘)zi(e — )" = (a+b0O)(0+1)"".
i=0
The above relation can rewrite as follows

n—2

n . .
ZO;L'1+ Zzi+1<.+1)21+1/‘Ln7171+znzn
=0 !

n — n—13\_; n=1N\ ] i -l
=)'+ |(a+b) i P A +(a+b)2
i=0

where 4 = 0 — 1. Hence, T(X) is the UMVUE for f = ¢+2% if and only if

T 0+
_ia+(2n—i)b

20=>b, z P )

i=12,...,n

Example 7 Suppose that we have taken a fuzzy random sample of n = 2 from a
uniform distribution U(0, 6). Assume further that the fuzzy sample space 7 contains
the following fuzzy events

5 1 0<x<0.5,
2-2x 05<x<1,

2x—1 05<x<1,

X(x)=<1 1<x<1.5

4—-2x 15<x<2,

B 2x—3 1.5<x<2,
{1 2<x.
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The probabilities of these fuzzy events are obtained as

P1 :h(il) :%v
p2:h5€2) 257

p3 = h(x;) =421

We can obtain two sufficient statistics as follows

ny X = (5(?17561),
my X = (X,%),

(%) =™ ¥= k),
my X = (X1,%),(%,%),
ms X = (x17)~63),()~c37%1)7
Mg X = ()Cz,.;C3),()~C3,)~Cz),

and

R wi X = (X1,X1), (X2, %2), (%1, %2), (%2, X1),
Th(X) =< wo X = (X3,%1), (X1,X3), (R2,X3), (¥3,%2),
w3 )~( = ()~C3,)~C3).

Note that, 7>(X) is the only complete statistic. Also, the UMVUE for 6 does not

exist, because if E(T,(X)) = 0, then we cannot find wy, wy, ws satisfy the following
relation

(49W1 — 98w, + 49W3) + (56W2 — 56W3)9 + 16W302 = 1603

Now, let the parameter of interest be f§ = %. We will obtain below the UMVUE
for  based on the two methods proposed in Corollary 1 and Theorem 3,
respectively.

Al: Based on Corollary 1, we obtain w, w,, and w3 such that E(T,(X)) = B. If
E(T>(X)) = B, then (49w; — 98wy +49w3) + (56w, — 56w3)0 4 16w360* = 160).
Therefore, the UMVUE for f§ = % is obtained as

w1 :é X = (-%175‘:1)7(-%27-%2)7(-%1a-%2)7(-%27-%1)7
W) =4 wa =2 X=(X3,%1), (%1,%), (X2, %3), (X3, %2),
w3 =0 x= (.5(?3,5(?3).

A2: Based on Theorem 3, first we obtain an unbiased estimator H for f3, then it is
concluded that h(T,) = E(H|T>(X)) is the UMVUE. For example, let H be as
follows
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3 L X =X,
H=H(X)) =11 X1 =%,
0 X| =5

The conditional distribution of H given T, is obtained as

7 y=1
PH=yT,=w)=4% y=1,
0 y=0,
o ry=1
PH=yT,=wy) =2 y=1,
3 ¥v=0,
0 y=1,1,
P(Hy|T2W3){1 y=0.

Hence, the UMVUE for f§ = § is given by

h(T2) =E(H(X,)|T>(X))

I h=w
S % Ty =ws
0 Th =ws
% X = (%1,%1), (%2, %), (X1,%), (X2,%1),
= % X = (X3,%1), (X1,%3), (R%2,%3), (X3,%2),
0 x=(3,%),

which is exactly the same as obtained in Part Al.

7 Conclusion

In practical real world problems, we usually confront with non-precise observa-
tions. Conventional statistical methods are not appropriate for analyzing such sit-
uations. We, therefore, need some new statistical methods to deal with non-precise
data.

In this regard, a new approach was introduced to the estimation of a parameter
when the available data were reported as non-precise (fuzzy) quantities. In the
proposed approach, the concepts of sufficient, complete, unbiased, and UMVU
estimators are extended to the case the data are fuzzy. Some procedures to find such
estimators, based on fuzzy data, are presented.
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Applicability of the theory of point estimation provided in this research for
constructing and evaluating confidence intervals based on fuzzy data (Chachi and
Taheri [13] and Chachi et al. [14]), testing hypothesis using fuzzy data
(Grzegorzewski [22], Wu [54], and Arefi and Taheri [2, 3]), and fuzzy regression
analysis (Namdari et al. [41] and Arefi and Taheri [4]) are some topics for more
research. An effective concept to obtain unbiased estimators is U-statistic (see [44],
Definition 3.2). The U-statistic presents a large class of unbiased estimators in
parametric and nonparametric problems. The study of U-statistic based on different
kernel functions and under fuzzy data may be a subject of interest for future
research. Moreover, investigation of the proposed approach in a decision theoretic
framework may also be a subject of interest for future research.
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Fuzzy Confidence Regions

Reinhard Viertl and Shohreh Mirzaei Yeganeh

Abstract Confidence regions are usually based on exact data. However, continuous
data are always more or less non-precise, also called fuzzy. For fuzzy data the
concept of confidence regions has to be generalized. This is possible and the
resulting confidence regions are fuzzy subsets of the parameter space. The con-
struction is explained for classical statistics as well as for Bayesian analysis. An
example is given in the last section.

Keywords Confidence regions -« Fuzzy confidence regions - Fuzzy data - Fuzzy
Highest Posterior Density (HPD)-regions - Fuzzy sets

1 Introduction

Classical confidence regions for parameters 0 in stochastic models X ~f(.|0),0 €
O based on standard data xi,...,x, of X are classical subsets @,_, of @, with
0<o<1, such that Pr[0 € ©,_,] = 1 — o, where 1 — « is the so-called confidence
level. Let My denote the set of possible values which X can assume. Such confi-
dence sets are based on confidence functions k : M — (@) which are functions
from the sample space M} of X to the system of subsets of @. For a mathematical
sample X1, ..., X, from X, i.e. a finite sequence of independent and identical as X
distributed random variables X;, a confidence function has to obey

Pro[k(Xi,...,X,) €01,]=1—a V0e€O.

For observed sample xi,...,x, with x; € My, x(xi,...,x,) is a classical subset
of O, called confidence set with coverage probability 1 — a.
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2  Fuzzy Data

Since all observations of continuous quantities are more or less fuzzy, a realistic
sample in this case consists of n fuzzy numbers xJ,...,x; with corresponding
characterizing functions ¢&(.), ..., &,(.). Therefore the concept of confidence sets
has to be adapted to this situation. This generalization is based on the so-called
combined fuzzy sample x*, which is a fuzzy element of the sample space, charac-
terized by its membership function {(.,...,.), defined on the sample space M¥ (see
[1]). This membership function {(.,...,.) is obtained from the characterizing

functions &(.),i = 1(1)nof xi by the so-called minimum-t-norm, i.e.

z(xh <. .,.X'n) = min{él(xl)a sy r:tn(xn)} v(xh < .,.Xn) € M)’;

3 Generalized Confidence Sets

In case of fuzzy data it is natural that related confidence sets become fuzzy subsets
of the parameter space @. Therefore it is necessary to determine the membership
function ¢(.) of the generalized (fuzzy) subsets @]_,. Using the notation x =
(x1,...,%,) € M%, and based on a classical confidence function x : My — p(O)
with confidence level 1 — o, the construction of the membership function ¢(.) is
possible in the following way.

Based on the combined fuzzy sample x* whose membership function {(.,...,.)
is given, the membership function ¢(.) of a so-called fuzzy confidence region is
defined by its values

_ Jsup{l(x): 0 € k(x)}, I x € My:0 € x(x)
(p(g)._{()’ fAx € My:0 € x(x) wee.
Remark In case of classical samples x = (xi,...,x,) € M} the resulting member-

ship function is the indicator function 1,(y)(.) of the classical confidence set x(x).

In case of fuzzy data, the membership function ¢(.) of the fuzzy confidence set
above is fulfilling the following inequality:

<
IUE;;@ lK()_C)(H) <o) VoeoO

This can be seen by considering sup{{(x) : 6 € x(x)}.

Example Let X have exponential distribution with density f(x|0) = Sexp{—3%
1(0,0)(x) with parameter space @ = (0,00). A classical confidence function
k(Xy,...,X,)based onsample X1, . . ., X,, of X with confidence level 1 — «is given by
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25 X 23 X
X%n;%

K(Xla .- aXn) =

2
XZn;lf%

Hereby X%n;p is denoting the p-fractile of the chi-square distribution with 2n
degrees of freedom.

In Fig. 1, the membership functions of a fuzzy sample of X are depicted.

In Fig. 2, the membership functions of related fuzzy confidence intervals based
on the fuzzy data from Fig. 1 for different coverage probabilities 1 — o are
illustrated.

For one-dimensional parameters and classical confidence functions which result
in confidence intervals, the following proposition holds:

Proposition 1 Let x* be a combined fuzzy sample of size n with vector-
characterizing function {:R" — [0, 1] whose J-cuts are simply connected, and
K(.,...,.) be alevel 1 — o confidence function for the one-dimensional parameter 0
of a stochastic model X ~f(.|0),0 € OCR with

KX1, .0 X) = KXy 0 Xn), KX, - X))

Fig. 1 Fuzzy sample &)
[
. R SN S
0 : - X
0 1 2 3
Fig. 2 Fuzzy confidence v (6)
intervals |
1.0 T \
\_1-a-090 '/'_ /
0.5 \\1-0-095
i N 1-a-099
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where k(.,...,.) and K(.,...,.) are continuous functions. Then the membership
Sunction ¢(.) of the fuzzy confidence region defined at the beginning of this section
is the characterizing function of a fuzzy interval ©]_, whose 6-cuts obey the
following:

Cs(07_,) = [min{x(x) : x € Cs(x")}, max{R(x) : x € C5(x")}] Vo € (0,1]

k(,..,.) and K(.,...,.) the set
k1{0}) ={x:0€r(x)} ={x:x(x )S <K(x)} is closed. The next step is to
prove

—

Proof By the continuity of x

x€Cs(x*) x€Cs(x%)

Firstly, let 0 € U, () ¥ k(x) = Ix, € Cs(x*): 0 € k(x,) = {(x,) >3 = sup
{{): 0 exx)} 20 = 0€Cs5(07,).

On the other hand for 0 € C5(07_,) we have ¢(0) = sup{{(x) : 0 € k(x)} >,
)

and by the compactness of x(x) we have sup{{(x) : 0 € k(x)} > 6= max{¢&(x) :
0 €k(x)} >6 = 3x,:{(x,) >4, and therefore 0 € ¢, (v K(2).

In order to prove

U k@), ®@)] = [min{x(x) : x € C5(x")}, max{k(x) : x € C5(x")}],

x€C5(x%)

by the continuity of k(.,...,.) and K(.,...,.) and the connectedness of Cs(x*) Vo €
(0, 1] it follows that {J,cc, () [(x), (x)] is connected and compact and therefore a

closed interval.

xeCy(

Remark The concept of fuzzy confidence intervals applies also to one-dimensional
transformed parameters 7(0) € R.

4 Bayesian Confidence Regions

Bayesian confidence regions ©@;_, for a parameter  in a stochastic model
X ~f(.|0),0 € © are based on the a posteriori distribution of the parameter.
O, is defined as a subset of @ such that Pr(@,_,|D) = 1 — o, where 0<a <1,
and 1 — « is called confidence level.
For continuous parameter space @ usually so-called HPD-regions (Highest
Posterior Density) are considered.
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A HPD-region @ppp1-,C O is defined using the a posteriori density 7(.|D) on
the parameter space @ in the following way:

A o, w(OID)AO =1 -«

(2) n(0|D) > Cpuax Y0 € Onpp 1,
where C,,,, is the maximal constant such that condition (1) is fulfilled.

5 Fuzzy a Posteriori Densities

Bayes’ theorem for classical probability densities reads

__ m(6).(6;D)
~ [om(0).1(0; D)dO
Here n(.) is the a priori density on the parameter space ©, and [(.; D) is the

likelihood function which is in the simplest case of complete sample D =
(x1,...,x,) given by its values

(0|D) Vo € 0.

1(05x1,....5,) = [[f(xil0) Vo€ 0.
i=1

In case of fuzzy data D* = (x},...,x) Bayes’ theorem has to be generalized.
This is possible by using so-called fuzzy densities *(.). These are functions defined
on a measure space (Q, A, ) whose values f*(x) are fuzzy intervals with J-cuts
{]ﬁAx),ﬁ(x)}Vé € (0,1], such that the real valued functions f(.) and f5(.) are
integrable with finite integrals. Moreover there has to be a classical probability
density g(.) on (Q,A,u) obeying f (x) <g(x)<fi(x) Vxe& Q. The functions
f5(.) and f5(.) are called lower and upper S-level functions of f*(.).

For fuzzy a priori density 7*(.) on O, and fuzzy sample xj, . . ., x with combined
fuzzy sample x*, Bayes’ theorem can be generalized in the following way:

The likelihood function is generalized by application of the extension principle.
From this fuzzy valued function [*(.; x*), the d-level functions ;(.;x*) and I5(.; x*)
are obtained. Then Bayes’ theorem is generalized by using the J- Jlevel functions
7s(.Jx*) and 7s(.|x*) of the fuzzy a posteriori density 7*(.|x*), whose values are
defined in the following way:

o () (05
o(0k") = Jo 3 [25(0).L;(0; x*) + 75(0).15(0; x*)]d0
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and

- (0|x*) o Eé(e)-lé(QJ)_C*) _
SO my(0).L5(05 x%) + 75(0) 15(0; x%)]d0

for all 6 € (0, 1].
Based on the fuzzy a posteriori density, generalized Bayesian confidence regions
as well as fuzzy HPD-regions can be constructed.

6 Fuzzy Bayesian Confidence Regions

In order to define fuzzy Bayesian confidence sets, the so-called construction lemma
for fuzzy sets is important.

Construction Lemma For universal set M and a family of classical subsets of M,
i.e. (As;0 € (0,1]) which are nested, i.e. 6, <0, = As, D As,, the membership
Sunction u(.) of the generated fuzzy subset A* of M is given by

pu(x) = sup{0.14,(x) : 6 € [0,1]} Vxe M.

For the proof see [2].

Remark For the generated fuzzy subset A* of M, the following equivalence is valid:

As = Cslu()]) & As [ Ap
p<o

The proof of this equivalence is given in the forthcoming PhD thesis by
L. Kovarova.

Now the generalized Bayesian confidence set can be defined:

Definition For a stochastic model X ~f(.|0),0 € ® with continuous parameter
space ©® CR* and fuzzy a posteriori density 7*(.|x*), let D denote the set of
classical probability densities on @, for which the following holds:

Ds ={g: 0 — [0,00), g isadensity on © obeying n5(0|x") < g(6)
<7 (0)x") V0 € O}

Then for each g € Ds and confidence level 1 — o a standard Bayesian confi-
dence set Bg |, is constructed. The union A; = UgeD(; Bg 1, is taken as the gen-
erating family of the fuzzy confidence set A _,. The membership function ¢(.) of
the fuzzy confidence set is given by the construction lemma, i.e.
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¢x: (0) =sup{6.1,(0) : 5 € 0,1]} VO € 6.

Remark For classical a posteriori densities this definition yields the indicator
function of the standard Bayesian confidence region.

7 Fuzzy HPD-Regions

Based on the concept of HPD-regions from Sect. 4 the generalization of
HPD-regions for fuzzy a posteriori distributions is possible, similar to the con-
struction in Sect. 6.

For each g € Ds an HPD-region @, pypp1—, can be constructed. Then the gen-
erating family of classical subsets (Bs; 0 € (0, 1]) is obtained by

Bs = U O 1PD,1—5-
g€Ds

The fuzzy HPD-region Oy, is the fuzzy subset of ® whose membership
function ¥(.) is given by the construction lemma from Sect. 6 (see [3]).

8 Example

Let the stochastic quantity X have an exponential distribution X ~ f(.|0), 6 > 0 with
density

1
f(x]6) = 5‘371(0700) (x).

TH6)

3.0

wy |
o

20 25

Fig. 3 Fuzzy a priori density
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The fuzzy a priori density 7*(.) is assumed to be a fuzzy Gamma density, which
is depicted in Fig. 3.

A sample of eight fuzzy observations is given in Fig. 1. Applying the general-
ized Bayes’ theorem from Sect. 5 the fuzzy a posteriori density is obtained. The
result is displayed in Fig. 4.

The membership function of a fuzzy Bayesian confidence region with coverage
probability 95 %, based on the fuzzy sample from Fig. 1 is presented in Fig. 5.
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Fig. 4 Fuzzy a posteriori density
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9 Conclusion

In this chapter, the concept of confidence regions has been generalized for fuzzy
data. The construction has been explained for classical statistics as well as for
Bayesian analysis. Bayesian confidence regions, fuzzy a posteriori densities, fuzzy
Bayesian confidence regions, fuzzy Highest Posterior Density (HPD)-regions have
been developed. For further studies, other extensions of fuzzy sets may be handled.
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Fuzzy Extensions of Confidence Intervals:
Estimation for p, ¢, and p

Cengiz Kahraman, Irem Otay and Basar Oztaysi

Abstract Even though classical point and interval estimations (PIE) are one of the
most studied fields in statistics, there are a few numbers of studies covering fuzzy
point and interval estimations. In this pursuit, this study focuses on analyzing the
works on fuzzy PIE for the years between 1980 and 2015. In the chapter, the
literature is reviewed through Scopus database and the review results are given by
graphical illustrations. We also use the extensions of fuzzy sets such as
interval-valued intuitionistic fuzzy sets (IVIFS) and hesitant fuzzy sets (HFS) to
develop the confidence intervals based on these sets. The chapter also includes
numerical examples to increase the understandability of the proposed approaches.

Keywords Fuzzy - Point estimation - Interval estimation - Interval-valued intu-
itionistic fuzzy sets - Hesitant fuzzy sets

1 Introduction

A point estimator estimates the considered parameter as a specific numerical value.
For instance, the best point estimate of the population mean (p) is the sample mean
(X). An interval estimator of a parameter estimates the considered parameter as an
interval or a range of values. This estimator may or may not contain the value of the
parameter being estimated depending on the significance level (a). Confidence level
can be expressed as (1 — a). Confidence level of interval estimation is the proba-
bility that the parameter is within the confidence interval while a confidence interval
is calculated based on the sample statistics and confidence level. An estimator
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should be unbiased, consistent and efficient. An unbiased estimator provides that
the expected values of the sample statistics are equal to the corresponding popu-
lation parameters. A consistent estimator provides that larger sample sizes give the
better estimation of population parameters. A relatively efficient estimator has the
smallest variance among all the estimators [12].

In the literature, confidence intervals are calculated for the population parameters:
mean (), variance (¢2), binomial proportion (p), difference in means (u1 — p2), ratio
of two variances (67 /03), and difference in binomial proportions (pl — p2). In this
chapter, we aim to estimate mean (), variance (¢°), binomial proportion (p) using
IVIFS and HFS. The classical estimation theory gives exact estimations for popu-
lation parameters, which means the lower and upper confidence limits and point
estimations are crisp numbers. However, in real life problems, there are uncertain,
vague and incomplete data that can justify the usage of the fuzzy set theory. For
instance, sale forecasting for a new product would be impossible with insufficient
past data. In this case, we can express our forecasting by using linguistic expressions
such as “around 150 units” or “between 100 and 200 units”.

In the literature, there are a limited number of fuzzy works on point estimations
and confidence intervals. These works will be explained in detail in Sect. 2. The
aim of this chapter is to summarize the literature on fuzzy point and interval
estimations (PIE) by giving numerical examples. The chapter will also propose
some new approaches to fuzzy PIE.

The rest of this chapter is organized as follows: In Sect. 2, the publications on
PIE are analyzed statistically. In Sect. 3, an extensive literature review on fuzzy
confidence interval (FCI) is presented with numerical examples. In Sect. 4, a new
approach for fuzzy estimation is proposed by using intuitionistic fuzzy sets while in
Sect. 5 another approach for fuzzy estimation is presented by hesitant fuzzy sets. In
the last section, conclusion remarks and future research directions are included.

2 Literature Review: Statistics of Publications on PIE

In this section, we first analyze the fuzzy papers on estimation theory by entering
keywords “fuzzy confidence interval”, “fuzzy point estimation”, and “fuzzy interval
estimation” into Scopus database for article title, abstract and keywords under
search field type.

In Fig. 1, the publication frequencies of the papers published on fuzzy confi-
dence intervals between 1980 and 2014 are illustrated. The years that the largest
numbers of fuzzy PIE papers were published are 2005 and 2011. Figure 2 displays
the journals publishing papers on fuzzy confidence intervals with respect to pub-
lishing frequencies. The journals that published the largest numbers of papers are
Journal of Intelligent and Fuzzy Systems and Fuzzy Sets and Systems.
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Figure 3 shows the distribution of papers on fuzzy PIE with respect to source
countries and the number of papers published. The largest number of fuzzy PIE
papers published is from Iran with nine papers and it is followed by China with four

papers and United States with four papers.

Figure 4 demonstrates the subject areas of the fuzzy PIE papers by giving the
percentages obtained from Scopus. The highest numbers of studies have been done
especially in Engineering (63 %), Computer Science (59 %) and Mathematics

(48 %) fields in the years between 1980 and 2014.
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3 Literature Review: Ordinary Fuzzy Confidence
Intervals

Earlier studies conducted on fuzzy estimation, particularly on confidence intervals
are in 1980s. McCain [10] developed a fuzzy confidence interval. According to the
author, the fuzzy concept is useful for optimization problems having fuzzy objec-
tives and constraints. In the study, fuzzy confidence intervals are constructed from
uncertain hypotheses. The author highlighted the importance of fuzzy confidence
intervals on the applications of decision theory and economics. McCain [11] also
studied a focal theory with regard to rational behavior by considering uncertainty.
The author proposed a theory of choice, concentrated on fuzzy confidence intervals
and highlighted empirical implication of the theory especially in kinky demand
curves in an industrial economy. The theory was composed of the fuzzy confidence
intervals and particular choice theory. In the study, demand elasticity is defined by
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using a fuzzy confidence interval and the concept of uncertainty is realized by the
usage of the fuzzy set theory and particularly the fuzzy confidence interval.

However, many studies have been made starting from 2000s. For instance,
Parchami and Mashinchi [13] made a study on process capability indices measuring
the actual or the potential performance of processes. They compared the actual and
desired performances considering the target and limits of specifications. Apart from
the traditional methods analyzing precise estimations of process capabilities, the
authors introduced a new algorithm based on Buckley’s [3] estimation approach
and used confidence intervals to estimate some process capability indices as C,, Cyx
and C,,, by employing triangular fuzzy numbers.

Let denote the upper and lower specification limits with U and L, respectively.
For a random variable X having mean X and standard deviation of s, a (1 — )100 %
confidence interval is calculated by Eq. (1) given below:

B3P = [P0 =D /2=y O

Fuzzy estimates for process capability indices (FEPCI) with a-cuts of CP are:

2 2
~ U—-L |[X—1 o/2 U-L anl.lfoc/Z
Py — i ' 2
(€ )"‘ 6s \/_n—~l7 6s \/? @

where (0<a<1)

Example 1 We would like to estimate C,,. The upper and lower specification limits
are 10 and 6, sequentially. Let say X is a random variable with N(5, ¢?) and a
standard deviation with %. A - (1 — $)100% confidence interval for ¢* can be
calculated as follows:

[a1(B), o3(B)] = [ (n—1) /16}’n 1Li—p2:9 /16/Cn 1/3/2}

~» 10-6 /fzs lo/2 10—6 X%S—lﬁl—aﬂ
(cr), = — —
6+(3/4)\ 25 1'6%(3/4)\ 251

where (0 <o <1) (for n = 25).

Alex [1] concentrated on fuzzy point estimation for a supply chain management
problem and made new definitions for arithmetic operations on fuzzy points. The
paper proposed a new approach for dealing with uncertainties in the supply chain.
According to the author, prediction of the market demand is very tough and
important problem. Alex [1] presented a new fuzzy estimation approach and ana-
lyzed non-stationary supply chains.

Skrjanc [14] suggested a new approach for defining fuzzy confidence intervals
by using applied statistics. The study aims to find the confidence interval employing
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the lower and upper fuzzy bounds by covering all the output measurements. The
author emphasized that the method is useful for describing uncertain nonlinear
functions or searching intervals for nonlinear process output. The developed model
is applied for waste-water treatment plant modeling problem concerning uncer-
tainties with regard to the composition of incoming waste water.

Wu [18] suggested fuzzy confidence intervals by considering unknown fuzzy
parameters and fuzzy random variables and solved an optimization problem. In the
study, X, X,,...,X, are independent, identically and normally distributed fuzzy
random variables and fi is a fuzzy parameter. XU,..., XY and X%, ... X% are
independent and identically distributed fuzzy random variables from
N(iY,0?) and N (i, 6*), respectively. If ¢ is known and X} andxj are the
observed values of X}andXY, confidence intervals for fi{ and ji& are

[L(x)),U(xY)] and [L(3E), U(xi)] are given in Eqgs. (3) and (4). In the study,
triangular fuzzy number x; = (xL X, X; ) is employed.

1 & o
. LEYYY ==Y YV —z,h— 3
Z by W)=Y Mmapz )
o Iy 1
Z zh+z0</2 U(x,) :;;xﬂﬁza/z% 4)

Kaya and Kahraman [8] analyzed robust process capability indices (RPCIs) for a
piston manufacturing company by incorporating the fuzzy set theory to increase
PCIs’ flexibility and sensitivity by defining fuzzy specification limits and fuzzy
standard deviation. Then fuzzy RPCIs were obtained to express the process per-
formance more realistically for the piston manufacturing stage. In their study, the
authors estimated ¢ by using the unbiased fuzzy confidence interval (1 — f)100 %
confidence level.

= ne? ng?

where 0<a<1 (6)

(62), - ,
T (U= @)itkg.005 T 1o (1= ) 70,005 + 12t

Skrjanc [15] proposed a method for identifying confidence interval for Takagi—
Sugeno fuzzy models when the data have changeable variance. The authors
implemented the model for the pH-titration curve. In the application part, pH
processes have nonlinear behavior based on different titration curves. The interval
fuzzy modeling is used for fault detection system. y = ¢; 10, + e and y? ;= fT/(jj
where (p;-‘T indicates the regression matrix. The lower and the upper confidence
intervals are as in Egs. (7) and (8):
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565 = 0570~ a1+ 0 (0y0]) o) (7)

f -1
f( ) (PUT() + to M- n0](1+(p <(pj(pjT> (p;)l/Z (8)

where M — n represents the degree of freedom and 7, 5, denotes for the percentile
of t-distribution for 100(1 — 2a) percentage confidence interval.

Chachi and Taheri [4] proposed the two-sided and one-sided fuzzy confidence
intervals based on normal fuzzy random variables. In their study, h-level sets of
fuzzy parameters were used to make fuzzy confidence intervals. In the study, by
considering normal (Gaussian) fuzzy random variables with known variance 2 and

for Xl,Xz,...,an'l'd'N(@,0'2>, a fuzzy confidence interval for the fuzzy

parameter (5) was obtained. To make the calculations easier, triangular fuzzy
numbers were employed. Two-sided fuzzy confidence intervals were calculated as
follows:
. L iid o . W iid o o
Let say X, ..., X,;, " N(0y,0%) and Xy, ..., X}, " " N(0}, %) for h € [0, 1].
Two-sided 100(1 — &) % confidence intervals for 0/, and 0}

> Tespectively are as in
Egs. (9) and (10):

n(X! —0) _ _
= oo EE e = [B e ] 0

ST(XZ):{Q:‘M‘SQ;}:[_Z \[zl,,,x +le] (10)

where X! = (Xi,,... . X! )X} = fori =1, u. (11)
Example 2 The marketing department for a bulb producer company wants to
estimate the average life of a bulb that the company recently developed. Only 24
new bulbs were tested. Because of some unexpected situations, we cannot measure
the bulb life precisely, and we just obtain the bulb life around a number. The bulb
life numbers are taken to be triangular fuzzy numbers as in Table 1. We assume that
the data are observations from normally distributed fuzzy random variables with
variance 149,400.

Using fuzzy arithmetics X is obtained as (8592, 8770, 8969) and
X;, = [8592 + 178h, 8969 — 199h].

The two sided 0.95 confidence intervals are calculated using Egs. (9) and (10) as
follows;
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Table 1 The data of 24 new bulbs as triangular fuzzy numbers

C. Kahraman et al.

(8871,9061,9304) (8558,8698,8868) (8689,8814,9010) (8458,8696,8932)
(8748,8911,9042) (8528,8655,8809) (8825,8923,9101) (8519,8658,8857)
(8198,8433,8656) (8579,8819,9058) (8644,8834,9086) (8774,8945,9156)
(8717,8860,9042) (8087,8235,8385) (8583,8693,8850) (8316,8417,8596)
(8913,9076,9272) (8856,9081,9300) (8437,8689,8944) (8252,8490,8730)
(8403,8611,8817) (8516,8747,8919) (8816,9025,9186) (8924,9109,9327)
Sr(Xi,) = [8592— V10, 1.96,8592 + V149400 1.96}
V24 V24
= [8482.21 + 178h, 8721.79 — 178/]
Sr(Xp) = [8969 VIR0 96, sogo + VIO, 1.96]
V24 V24

= [8839.21 4 199h, 9098.79 — 199h]

The intervals for different values of & are presented in Fig. 5.

Garg [6] presented a new methodology for evaluating repairable industrial
systems by proposing availability-cost optimization model for improving the sys-
tem efficiency with the proposed confidence interval based fuzzy Lambda-Tau
(CIBFLT) methodology. The methodology was applied in a washing unit for the
paper industry. The proposed methodology was composed of two stages. In the first
stage, availability-cost optimization model was constructed and solved by using one
of the meta-heuristic techniques called Particle swarm optimization (PSO) while in
the second stage reliability parameters are calculated by using the proposed
methodology and the results were compared with fuzzy Lambda-Tau methodology.

In their method, for A = (a, b, ¢) as a triangular fuzzy number, the a-cut at (1 — 1))
100 % confidence level of A is as in Eq. (12):

0.8

0.6

0.4

0.2

0
8400

8500

8600 8700

Fig. 5 Intervals for different values of &

8800

8900 9000

9100

9200
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49 = |atato - a) - Zaa(B)e—ate -0+ Zua(l)] a2

where o is the standard deviation of b, and k — I is the degree of freedom.

Garg [7] also presented a confidence interval based lambda-tau methodology to
handle with imprecise and vague information in the repairable industrial systems by
using the fuzzy set theory and statistics. In the study, reliability parameters were
used to analyze the repair system behavior of synthesis unit of a urea fertilizer plant
in India, and compared the results with the results of fuzzy lambda-tau technique.
The sensitivity analysis was conducted to check the effects of failure. In the paper,
the two-sided confidence interval for the a-cut (A(*)) was stated as:

49 = |t - T (3)e—ate -0+ Zua(3)| a3

where A = (a,b,c) is a triangular fuzzy number, ¢ is the standard deviation of
population b, k — I is the degree of freedom and T is a ¢ distributed random variable.

The confidence interval for binomial proportion under fuzziness is another
research area studied by various researchers in the literature. Buckley [3] proposed
the following confidence interval for binomial proportion.

Let p be the probability of a success so that g = 1 — p will be the probability of a
failure. We want to estimate the value of p. We therefore gather a random sample
which here is running the experiment in n independent times and counting the
number of times we succeed. Let x be the number of times we observed a success in
n independent repetitions of this experiment. Then our point estimate of p is

p = */,- We know that ((f) -p)/ p(1—-p) n) is approximately N(O, 1) if n is

sufficiently large. Then,

<zg)~=1-p (14)

Solving the inequality for p we have

[,a_zg,/p(l _P)/n,ﬁ—f—zg\/l’(l —p)/n] (15)

However, we have no value for p to use in this confidence interval. So, still
assuming that n is sufficiently large, we substitute p for p in Eq. (15).

Using ¢ =1 — p, and we get the final (1 — B) 100 % approximate confidence
interval
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Fig. 6 Fuzzy Estimator p, 1
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F—@w@¢+@w@] (16)
2 n 2 n

Put these confidence intervals together, and we get p, our triangular shape fuzzy
number estimator of p.

Example 3 Assume that you have p = 0.52 where n = 36. Figure 6 shows the
fuzzy intervals depending on the a-cut levels.

4 Intuitionistic Fuzzy Confidence Intervals

4.1 Interval-Valued Intuitionistic Fuzzy Sets

In the fuzzy set theory, the membership of an element to a fuzzy set is a single value
between zero and one. However, the degree of non-membership of an element in a
fuzzy set may not be equal to 1 minus the membership degree since there may be
some hesitation degree. Therefore, a generalization of fuzzy sets was proposed by
Atanassov [2] as intuitionistic fuzzy sets (IFS) which incorporate the degree of
hesitation, which is defined as 1 minus the sum of membership and
non-membership degrees.

Definition 1 Let X # () be a given set. An intuitionistic fuzzy set in X is an object
A given by

A= { (%, p3(x), v3 ()5 xeX (17)
where p; : X — [0, 1] and v; : X — [0, 1] satisfy the condition
0< () +va(0) <1, (18)

for every xeX. Hesitancy is equal to “1 — (5 (x) + vz (x))”.
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The definition of interval-valued intuitionistic fuzzy sets (IVIFS) is given as
follows:

Definition 2 Let D C [0, 1] be the set of all closed subintervals of the interval and X

be a universe of discourse. An interval-valued intuitionistic fuzzy set in A over X is
an object having the form

A = {0x, g (%), V4 (x)) [ e X} (19)

where i — DC0,1], vi(x) = DCJ0,1] with the condition
0 <sup fiz(x) + supvy(x) <1,Vx € X.

The intervals ji;(x) and v;(x) denote the membership function and the
non-membership function of the element x to the set A, respectively. Thus, for each
x € X, fi;(x) and v;(x) are closed intervals and their lower and upper end points are

denoted by uz(x), i~ (x), \/A~L(x)7 and v;L(x), respectively. Interval-valued

AU
intiutionistic fuzzy set A is then defined by

A={<x iz, s W], g0 (@] > kex}  (20)

where 0 < [LAAG (x)+v5,(x) <1, ﬁg(x) >0, \7A~L(x) >0.
For each element x, we can compute the unknown degree (hesitancy degree) of
an interval-valued intuitionistic fuzzy interval of x € X in A defined as follows:

Ty = 1= ia(0) = 7400 = ([1 = i (9) = Ty (L [1 = iy (%) = 7 (9)])

For convenience, let Ba(x) =[u 0], va(x) = ,vT], SO
A= ([M_7H+}a [V_,VJ'_D.

Some arithmetic operations with interval-valued intuitionistic fuzzy sets and
2>0 are given in the following: Let I} = ([uy, i |, [vi,v{"]) and L =
([,uz’ N ], [vz’ Vs ]) be two interval-valued intuitionistic fuzzy sets. Then,

hob=(m+m —mmw +r —uwfw ]y viv]) (22)
hob=([uru,um], vy +vy —vivy v+ =i ]) (23)
= (1= =m) ==L Je05 00)]) e

Using the extension principle, the arithmetic operations for interval-valued

intuitionistic fuzzy numbers can be obtained by the general equation given in
Eq. (25) [9].
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<z [max min{u{g (x), 43 } max rmin
~ o~ Z=X*y T=XxY
A®B =
[min max{vg (x),v5 (y)}, min max{v;:r (x),
Z=x%y Z=xky

where the symbol “*” stands for one of the algebraic
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{05 0}

v,;(y)}} > |y e X x ¥

(25)

operations. For instance, the

subtraction and summation operations for interval-valued intuitionistic fuzzy

numbers are defined as in Egs. (26) and (27):

U B A T
Lr:n)(i?y71’%1)6{",2\7(%)7Vlg(y)}aZI:IIXiIIyWL(ZJC{VA+ (x),vg (y)}] > |()C,y) eXxY
(26)
iehe <z, meai(ymzn{/i (%), My ()’)}azniai(‘mm{ll (x), Hy ()’)}]7
Lg}cifymax{vg(x),vg(y)},znjlclf max{vA* (x), v (y)}] > 1(ry) €X X ¥

(27)

In case of having multiple IVIFSs, the summation operation can be defined as in

Eq. (28).

- X
z Y

<z,
Zic _ Tl

= v min max{vl_(xl),vz_(xz),
=D i
min - max{v;" (x1),v; (x2), ..

n
z—g i1

Definition 3 Let o =

max  min{uy (x1), 15 (x2), ..

max min{ ;" (x1), 1" (x2), ..

“'n

([a1.07], [¢d]) G=1.2,...,

oty (%)}

()} |
()}
v () }

. (28)

>

n) be a collection of

interval-valued intuitionistic fuzzy numbers and let IFWA: Q" — Q, if

HIFWA, (34, %, . .

7&n) :Wl&l @W2&2@

& Wi (29)
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Then IIFWA is called an interval-valued intuitionistic fuzzy weighted averaging
(IFWA) operator, where Q is the set of all IVIFNs, w = (w,wy,...,w,) is the
weight vector of the IVIFNs & (j=1,2,...,n), and w; >0, >0 w; = L.
The IIFWA operator can be further transformed into the following form:

IIFWAW(&l,&z, . .,&n) = <|:1 — <ﬁ(1 (1,‘)) ,1 — <ﬁ(l — bl)> :|, |:<ﬁc,> ) (f[dl> :|>
i=1 i=1 i=1 i=1

(30)

Especially if w = (l/n, l/n, - 1/n> then the IIFWA operator reduces to an

interval-valued intuitionistic fuzzy averaging (IIFA) operator, where

HFA(Gy, 00, .. . 0) =~ (01 DO D D &)

e o)

4.2 A Proposed Method for Confidence Intervals
with IVIFSs

In this section, we will estimate population mean, binomial proportion and popu-
lation variance using interval-valued intuitionistic fuzzy sets and we will give
numerical examples.

4.2.1 IVIF Confidence Interval for Population Mean

We will first obtain the interval-valued intuitionistic confidence interval for the
population mean. Assume that we have an interval-valued intuitionistic fuzzy

sample data set (ij, [uj‘ e } [vj ,VJJFD as in Table 2.

Table 2 Interval-valued intuitionistic fuzzy sample data set

Cui) G (i)
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The sample mean from Table 2 is calculated as follows:

max  min{p; (x1), 1y (x2), - By (Xa) }
7= X
<z, - + + + )
max  min{p;* (x1), 15" (x2), .., 1 (xa)}
7= j:lxj
min max{vy (x1),v; (x2),..., v, (xa) },
7= %
. >
o min  max{v;" (x),v5" (x2),..., v, (xa)}
sn L8 )
n n

If o is known and the significance level is a, then the interval estimation of fuzzy
population mean is given by Eq. (33) based on Eq. (32).

(33)

When there are multiple expert evaluations in terms of interval-valued intu-
itionistic fuzzy sets for a certain x; value as seen in Table 3, the aggregation
operation given in Eq. (31) can be applied. Thus, Table 3 is transformed to Table 2
composed of the aggregated values.

Example 4 Table 4 gives the interval-valued intuitionistic sample data composed of
49 random observations. Because of the space constraint, we only give a small part
of the sample data. The standard deviation of the population is known to be 2.95
and the significance level is 5 %.

Table 3 Interval-valued intuitionistic fuzzy sample data in case of multi-experts

(s (Lot s i v ])s ([ iz ) i viz]))

(Xz ([ 1 ], s vai ) ([ 15 ], [va vas ])s ([kass 151, [vas. vis 1)

s (Letars 81 ] s van ) (s 5 )5 [V v 1))

Table 4 Sample data for estimating population mean
(72.6,[0.55,0.75],[0,0.15]) e (65.8,[0.75,0.90],[0,0.10])

(80.2,[0.35,0.60], [0.25,0.35)) . (63.4,(0.60,0.85], [0.10,0.15))
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Fig. 7 Illustration of interval-valued intuitionistic confidence interval

From Table 4, we calculate the sample mean by using Egs. (32) and (33), and
find (64.1,[0.72,0.84],[0.08,0.13]). Then,

2.95
(64.1,[0.72,0.84],[0.08,0.13]) F 1.96 x ==

V49

From Egs. (26) and (27), we obtain (64.1,[0.72,0.84],[0.08,0.13]) = (0.826,
[1.0,1.0],[0,0])). Thus, the confidence interval illustrated in Fig. 7 is expressed

as
(63.274,[0.72,0.84],[0.08,0.13]) < 1 < (64.926,[0.72,0.84],[0.08, 0.13]).

4.2.2 IVIF Confidence Interval for Binomial Proportion

Now we will develop interval-valued intuitionistic confidence interval for p (bi-
nomial proportion).

;IVIFS( 1 _ﬁIVIFS)

Pivirs — 2 /2 -
P SPvies < 11—y ”
Brvirs + 2ay2 \/ 2tesUPrves)

@, [ ut], v vt]) — Za/z\/(f’:[lf:ﬂJr]a[‘f:‘#])(l’:(ﬁ[ﬂiﬂﬂ:["*v‘ﬁ]))
P <Ppwirs < =1-ua

@, w1t vt +Z%/2\/(ﬁ,[# sty ~,V’])(1l*(ﬁ-,[ﬂ ML vt )

g

(35)
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where
max min{ul’(xl), W (X2), ... pn’(xn)},
<z g
| max min{p (x1), 15" (x2), 1 (x0) )|
xifn
~ 7= L
D = . 36
Prvirs min - max{vy (x1),v; (x2),..., v, (Xn) }, (36)
. /_x,-/n
L + + + >
r%n max{v{" (x1),v; (x2),..., v, (xn)}
xifn

VAS 13

and x stands for the defectives in a sample and k denotes the number of possible
defectives predicted by the experts.

Example 5 Consider the following data and compute the confidence interval for
p. Let the sample size be n = 144 and the significance level be o = 5 %.
By using Eq. (31), IVIFSs in Table 5 are aggregated as follows:

HFA(n = 9)
- ([1 (1 -03)(1—05)/ 1 — ((1—0.5)(1 — 0.8))‘/2}, [(0.4 % 0)'/2,(05 x 0.2)‘/2})
HFA(n = 9) = [0.41,0.68], [0,0.32]
Similarly,
1FA(n = 10) =([1 = (1 = 04)(1 = 0.5)(1 = 0.3, 1 = (1 - 0.7)(1 = 0.8)(1 - 0.7))""],
[(0.1 % 0% 0.2)%(0.3 % 0.2 x 0.3)1/3])
HIFA(n = 10) = [0.41,0.73], [0, 0.04]
IIFA(n = 11) :([1 (1= 02)(1-03))"721 - (1 —0.6)(1 —0.5))"/?],
[(0.1 % 0.2)/2,(0.3 x 0.4)1/2})

IIFA(n = 11) = [0.25,0.55], [0.14,0.35)

Table 5 Interval-valued intuitionistic fuzzy sample data in case of multi-experts for the number
of defectives

Number of defectives IVIFSs

9 (([0.3,0.5],[0.4,0.5]), ([0.5,0.8], [0,0.2]))

10 (([0.4,0.7],[0.1,0.3]), ([0.5,0.8], [0,0.2]), ([0.3,0.7],[0.2,0.3]))
11 (([0.2,0.6],[0.1,0.3]), ([0.3,0.5],[0.2,0.4]))
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Now, we apply Eq. (36) to obtain the mean value of defective numbers.

9 10 11
N o+ 2y AL
Pivirs = (W 0.25,0.55],[0.14, 0.35]>

= (0.07,[0.25,0.55],0.14,0.35))

Then, using Eq. (35), the IVIF confidence interval for p is estimated as in the
following:

(0.07,[0.25,0.55],[0.14,0.35])
(0.07,[0.25,0.55],[0.14,0.35])(1 — (0.07,[0.25,0.55], [0.14,0.35]))
F 1.96 a4

(0.03,[0.25,0.55), [0.14,0.35]) < p < (0.11,[0.25,0.55], [0.14,0.35])

This result indicates that the binomial proportion is between 0.03 and 0.11 with a
membership of [0.25, 0.55] and a non-membership of [0.14, 0.35]).

4.2.3 1IVIF Confidence Interval for Population Variance

Now we will develop interval-valued intuitionistic confidence interval for 2.

2 _ <2 _
SIVIZFS(n 1) < &%WFS < SIVII«‘ZS(n 1) (37)
L 11-a/2 L1402
(0 L D) (Rt v D )
2 S Opyps = 2
La11-a/2 La14/2
=1—-u
(38)
where
max 2min{uf(xl)7 u (x2),. -, u;(xn)}7
_Si
<z, - . + + + )
maxmin{ (x1). 15 (x2). o 17 (%))
8%
2 2=
Stvirs = min max{vy (x1),v; (X2),..., v, (xn) }, (39)
E
min max{v;" (x1),v5" (x2),..., v, (x4)} =
5

7=

and k represents the number of estimations for S°.
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Table 6 Interval-valued intuitionistic fuzzy sample data in case of multi-experts for S?

s? IVIFSs
0.27 ([0.2,0.4], [0.30,0.50])

0.29 (([0.3,0.6], [0.1,0.4]), ([0.4,0.6], [0.2,0.4]), ([0.5,0.7],[0.2,0.3]))
0.32 (([0.4,0.6],[0.3,0.4]), (0.2,0.5],[0.4,0.5]))

Example 6 Consider the following data and compute the confidence interval for 2.
Let the sample size be n = 25 and the significance level be o = 5 %.

From the uncertain data, the various calculated values of S? are displayed in
Table 6 with their IVIFSs.

By using Eq. (31), IVIFSs in Table 6 are aggregated as follows:

IIFA(S2 = 0.29) :( {1 (1 -03)(1 —0.4)(1—0.5)"3,1 = (1 - 0.6)(1 — 0.6)(1 — 0.7))1/3],

{(0.1 % 0.2 % 0.2)"/3,(0.4 x 0.4 x 0.3)‘/3])

HIFA(S5 = 0.29) = [0.41,0.64], [0, 16,0.36]
IIFA(S2 = 0.32) :({1 — (1= 04)(1-02))""21 - ((1-0.6)(1 —0.5)"/],

[(0.3 % 0.4) 2 (0.4 % 0.5)1/2])

IIFA(S3 = 0.32) = [0.31,0.55],[0.35,0.45]

The mean value of S? is calculated using Eq. (39) as follows:

s = : ,[0.20,0.40], [0.35,0.50]>

= (0.293,[0.20,0.40], [0.35,0.50])

5 (0.27+0.29+0.32

Then, using Eq. (38), the IVIF confidence interval for 67, is estimated as in
the following:

(0.293,[0.20,0.40], [0.35,0.50])(24) _ _, (0.293,[0.20,0.40], [0.35,0.50])(24)
P < Gpyips < =1-u
39.364 12.401

(0.18,[0.20,0.40], [0.35,0.50]) < 62,5 < (0.57, [0.20, 0.40], [0.35, 0.50])

This result indicates that the population variance is between 0.18 and 0.57 with a
membership of [0.20, 0.40] and a non-membership of [0.35, 0.50].
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5 Hesitant Fuzzy Confidence Intervals

5.1 Hesitant Fuzzy Sets

Hesitant fuzzy sets (HFS) is a novel and recent extension of fuzzy sets that aim to
model the uncertainty originated by the hesitation that might arise in the assignment
of membership degrees of the elements to a fuzzy set. A HFS is defined in terms of
a function that returns a set of membership values for each element in the domain.

Definition 4 Let X be a reference set, a HFS on X is a function fj that returns a
subset of values in [0,1] [16]:

f: X - (0,1 (40)

Definition 5 Let M = {u,i,...,1t,} be a set of n membership functions.
The HFS associated to M, § 1 18 defined as [16]:

B X—0([0,1])

(41)
ij (X): UM(M{H(X)}

where xeX.
Xia and Xu [19] completed the original definition of HFS by including the
mathematical representation of a HFS as follows:

E = {(x,hg(x)) : xeX} (42)

where hg(x) is a set of some values in [0,1], denoting the possible membership
degrees of the element x € X to the set E. For convenience, Xia and Xu [19] noted
h = hg(x) and called it Hesitant Fuzzy Element (HFE) of E and H = Uhg(x), the
set of all HFEs of E.

Chen et al. [5] presented the definition of Interval-Valued Hesitant Fuzzy Set
(IVHES), as a generalization of HFS in which the membership degrees of an
element to a given set are defined by several possible interval values. An IVHFS is
defined as follows:

Definiton 6 Let X be a reference set, and ([0, 1]) be a set of all closed subintervals
of [0, 1]. An IVHFS on X is,
A = {x;,ha(xi)[xi€X,i = 1,2,...,n} (43)

where flA(x,-) X — o([0, 1])) denotes all possible interval-valued membership
degrees of the element x; € X to the set A. Aggregation of the interval-valued
hesitant fuzzy sets is obtained using Definition 7.
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Definition 7 Let iz,-(i =1,2,...,n) be a collection of interval-valued hesitant fuzzy
elements (IVHFE).Their aggregated value can be calculated by using hesitant
interval-valued fuzzy weighted averaging (HIVFWA) operation given in Eq. (44)
[17]:

- ~ & wj - w
HIVFWA (hy, by, . .., ly) = { [1 - H(1 - ij) A== /] } (44)
j=1 j=1
where w;(j = 1,..,n) is the weighting vector of &; and w; > 0,377, w; = 1.
Using the extension principle, the arithmetic operations for interval-valued

hesitant fuzzy numbers can be obtained by the general equation given in Egs. (45)
and (46).

iepo ) <= Llllf_xvmin{ﬂg(x)yﬂg () > max min{ i (x), (y)}] (45)
' > |(x,y) €EX X ¥

hes | e mindig 0,00 max min{s 0. 0} | g
> |(x,y) EX XY

5.2 A Proposed Method for Confidence Intervals
with IVHF Ss

In this section, we will estimate population mean, binomial proportion and popu-
lation variance using interval-valued hesitant fuzzy sets and we will give numerical
examples.

5.2.1 IVHF Confidence Interval for Population Mean

We will first obtain the interval-valued hesitant confidence interval for the popu-
lation mean. Assume that we have an interval-valued hesitant fuzzy sample data set

(X, {uj’, ujﬂ), j=1,...,n. as in Table 7, obtained from m experts.

First of all, the aggregation of hesitant fuzzy values is realized by using Eq. (44).
Thus, Table 7 is transformed to Table 8. Then, Eq. (47) is used to calculate the
sample mean.
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Table 7 Interval-valued ([ﬂw L [Mw le}»
hesitant fuzzy sample data set ~ ( [:UZI 1} ) ([sz: 155 ] )7 ([1637 HZS ] ) ))

Fons ([t 1t ] [ 12 ])

e (5o i)
interval-valued hesitant fuzzy (f( [Hi " +D
sample data set 25 |Mazs Haz

(xn [ e ])

max mm{,u1 (1), 115 (%2), -y 1y (30) }
-
<z = >
" max mm{ufL (1), 15 (2)s -y 1y (3n) }

Z]r'l:l X _ =D %

n n

(47)

If 6 is known and the significance level is a, then the interval estimation of fuzzy
population mean is given by Eq. (48).

Z}Z:I %j
n

o
+ Zoz/Z X % (48)

Example 7 Table 9 gives the interval-valued hesitant sample data composed of 36
random observations. Because of the space constraint, we only give a small part of
the sample data. The standard deviation of the population is known to be 1.75 and
the significance level is 5 %.

From Table 9, we calculate the sample mean by using Eqgs. (47) and (48), and
find (78.30, [0.65,0.85]).Then,

1.75
78.30, [0.65,0.85]) F 1.96 x ———
(78.30.0.65.0.85)) T
Table 9 Sample data for numerical example

(82.4,[0.55,0.75,[0.60,0.65], [0.45,0.70])  --- (77.9,[0.75,0.90], [0.65, 0.85])

(74.5,0.35,0.60], [0.40,0.55)) s (80.9, [0.60,0.85], [0.65, 0.80], [0.60,0.75))
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> x
77.728 78.872

Fig. 8 Illustration of interval-valued hesitant confidence interval

From Egs. (45) and (46), we obtain (78.30,[0.65,0.85]) F (0.572,[1.0, 1.0]).
Thus, the confidence interval illustrated in Fig. 8 is expressed as (77.728,[0.65,
0.85]) << (78.872,[0.65, 0.85]).

5.2.2 IVHF Confidence Interval for Binomial Proportion

Now we will develop interval-valued hesitant confidence interval for p (binomial
proportion).

ﬁIVHFS(liﬁIVHFS)

Prveirs = 2 12 -
P <Prvnrs < 11—y (49)
Pivars + 22 IM

Bl 1)) = 22 \/@ﬁ[u:w])(1;@[#:@)
P <Pivirs < =1-u (50)

AT _i_Z“/z\/(i’,[ﬂiu*])(ln—(ﬁ,[uiu*]))

where

max min{py (x1), 15 (X2), .. by (xn) },

xi/n
z==L

max min{p;" (x1), 15" (x2), ..., 1y (%)}
Xi/n
==

DPvurs = | <z,
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:able 12 Interval—\llall(ied . Number of defectives IVHFSs
tant t
esitant fuzzy sample data in {002,04],[03,05]}
case of multi-experts
3 {(0.4,0.8], [0.6,0.8],0.7,0.9}
4 {[0.2,0.3],[0.3,0.4],[0.2,0.4]}

and x stands for the defectives in a sample and k denotes the number of possible
defectives predicted by the experts.

Example 8 Consider the following data and compute the confidence interval for
p. Let the sample size be n = 169 and the significance level be a =5 %.
By using Eq. (44), IVHFSs in Table 10 are aggregated as follows:

HIVEWA(n = 2) = ({1 —((1-02)(1 - 0.3))‘/2}, [1 (1 - 0.4)(1 - 0.5))1/2D

HIVFWA(n = 2) = [0.25,0.45]
HIVFWA(n = 3)
= ([1= (=041 = 0.6)(1 = 07", 1 = (1 - 08)(1 — 0.8)(1 — 0.9)) "]
HIVFWA(n = 3) = [0.58,0.86]
HIVFWA(n = 4)
= ([1 (1= 0.2)(1 - 0.3)(1— 0.2)"3,1 — (1 —0.3)(1 — 0.4)(1 — 0.4))1/3])
HIVFWA(n = 4) = [0.23,0.40]

Now, we apply Eq. (51) to obtain the mean value of defective numbers.

B (L + 34 i)
PrviEs = (w [0.23,0.40]> = (0.05,[0.23,0.40])

Then, using Eq. (50), the IVHF confidence interval for p is estimated as in the
following:

(0.05,[0.23,0.40])(1 — (0.05,[0.23,0.40]))
169

(0.05,[0.23,0.40)) ¥ 1.96\/

(0.02,0.23,0.40]) < prvmrs < (0.08,[0.23,0.40])
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This result indicates that the binomial proportion is between 0.02 and 0.08 with a
membership of [0.23,0.40]

5.2.3 IVHF Confidence Interval for Population Variance

Now we will develop interval-valued hesitant confidence interval for 2.

52 ps(n—1) 52 ps(n — 1)
IVI;FS <P s < IVHI;S (52)
xnfl,lfo(/Z xnfl,oz/Z
G ) [UR Y (% [, p D — 1)
P( ; < Gyps < ; =1l-a (53)
Li11-u/2 Li1.0/2
where
max min{u,’(xl), W (X2), .. u;(xn)},
82
2 z=5=i!
) Zi S; <z, , . ’
Sivers = Tla maxzmm{uﬁ(xl),p; (x2), - My (Xn) } (54)
- >
2
s? = X:k"s’ and k represents the number of estimations for S2.

Example 9 Consider the following data and compute the confidence interval for 2.
Let the sample size be n = 28 and the significance level be o = 5 %.

From the uncertain data, the various calculated values of S? are displayed in
Table 11 with their IVHFSs.

By using Eq. (44), IVHFSs in Table 11 are aggregated as follows:

HIVFWA(S? = 1.45)
— ([1- (@ 0201 - 049", [1 - (1 - 041 - 0.5)])

HIVFWA(S] = 1.45) = [0.31,0.45]

Taple 11 Interval-valued . 0 IVHES
hesitant fuzzy sample data in
case of multi-experts for S?

1.45 [0.2,0.4],[0.4,0.5]
1.53 [0.5,0.7],[0.45,0.65], [0.55,0.75]
1.59 [0.35,0.55], [0.25,0.45]
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HIVFWA(S? = 1.53) :( [1 — (1 - 0.5)(1 — 0.45)(1 — 0.55))‘/3} ,
[1 — (1 - 0.7)(1 — 0.65)(1 — 0.75))1/3])
HIVFWA(S3 = 1.53) = [0.50,0.70]
HIVFWA(S2 = 1.59) = ([1 —((1-035)(1 — 0425))1/2] , [1 —((1-0.55)(1 — 0445))1/2])
HIVFWA(S; = 1.59) = [0.30,0.50]

The mean value of S? is calculated using Eq. (53) as follows:

) (1.45+1.53+1.59

Poprs = : ,[0.30,0.45]) = (1.52,[0.30,0.45])

Then, using Eq. (54), the IVHF confidence interval for 6‘%VHFS is estimated as in
the following:

(1.52,[0.30,0.45))(27) _ , _ (1.52,]0.30,0.45])(27)
< < = —_
( 43.195 = Tvirs = 14.573 I-a

(0.95,[0.30,0.45]) < Gy < (2.82,[0.30,0.45])

This result indicates that the population variance is between 0.95 and 2.82 with a
membership of [0.30, 0.45].

6 Conclusion Remarks and Future Research Suggestions

This chapter deals with the interval estimation of a single parameter such as p, o,
and p. Various approaches to ordinary fuzzy confidence intervals have been pro-
posed by several researchers by today. The chapter summarizes these approaches by
giving numerical examples. It also includes new approaches for confidence inter-
vals using the extensions of fuzzy sets, namely hesitant fuzzy sets and intuitionistic
fuzzy sets. Each proposed approach has been illustrated by a numerical example.
The future studies may be based on the other extensions of fuzzy sets such as fuzzy
multisets, and type-II fuzzy sets, etc. Other types of hesitant and intuitionistic fuzzy
sets may be also used for the development of fuzzy confidence intervals such as
triangular hesitant fuzzy sets, and triangular intuitionistic fuzzy sets, etc.
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Testing Fuzzy Hypotheses: A New
p-value-based Approach

Abbas Parchami, S. Mohmoud Taheri, Bahram Sadeghpour Gildeh
and Mashaallah Mashinchi

Abstract In this paper, on the basis of Zadeh’s probability measure of fuzzy
events, the p-value concept is generalized for testing fuzzy hypotheses. We prove
that the introduced p-value has uniform distribution over (0, 1) when the null fuzzy
hypothesis is true. Then, based on such a p-value, a procedure is illustrated to test
various types of fuzzy hypotheses. Several applied examples are given to show the
performance of the method.

Keywords Fuzzy statistics - Testing hypothesis « Fuzzy hypothesis - p-value

1 Introduction

In testing statistical hypotheses, we may face with situations in which hypotheses
are imprecise (fuzzy) rather than crisp. For instance, suppose that the interested
parameter 0 is the proportion of a population which has a certain disease. We take a
random sample from population and study the sample for having some idea about 0.
In ordinary hypotheses testing, one uses the hypotheses of the form:
“Hp : 0 =0.15", versus “H; : 0 # 0.15”; or of the form: “H : 6 >0.15”, versus
“H, : 6<0.15”; and so on. However, we would sometimes like to test more real-
istic hypotheses, such as small, very small, large, approximately 0.15, and so on.
In this situation, fuzzy expressions are more suitable to real life problems than

A. Parchami (IX]) - M. Mashinchi

Department of Statistics, Faculty of Mathematics and Computer,
Shahid Bahonar University of Kerman, Kerman, Iran

e-mail: parchami@uk.ac.ir

S.M. Taheri
Faculty of Engineering Science, College of Engineering,
University of Tehran, Tehran, Iran

B. Sadeghpour Gildeh
Department of Statistics, Faculty of Mathematical Science,
Ferdowsi University of Mashhad, Mashhad, Iran

© Springer International Publishing Switzerland 2016 155
C. Kahraman and O. Kabak (eds.), Fuzzy Statistical Decision-Making,

Studies in Fuzziness and Soft Computing 343,

DOI 10.1007/978-3-319-39014-7_10



156 A. Parchami et al.

classical crisp hypotheses. Therefore, more suitable formulation of the hypotheses

might be, “I:IO : 0 is small”, versus “1:11 : 0 is not small”. We call such vague
expressions as fuzzy hypotheses. In this paper we are going to present a new p-
value-based approach for testing fuzzy hypotheses.

Let us review some works on the topic of testing hypotheses in fuzzy envi-
ronment. Tanaka et al. [26] investigated hypotheses testing problem with fuzzy data
in the decision problem framework. In decision theory framework, Casals et al. [7]
proposed Bayes and minimax fuzzy tests for testing statistical hypotheses based on
vague data. By using Zadeh’s probabilistic definition, Casals et al. [6] extended the
Neyman-Pearson Lemma and Bayesian approach to testing hypotheses, where the
observations are fuzzy. Arnold [3, 4] worked on testing fuzzy hypotheses with crisp
data. He gave new definitions for probability of type I and type II errors and
presented a best test for the one-parameter exponential family. Grzegorzewski and
Hryniewicz [13] reviewed some methods in testing statistical hypotheses in fuzzy
environment, pointing out their advantages or disadvantages and practical prob-
lems. Taheri and Behboodian [24] formulated the problem of testing fuzzy
hypotheses when the hypotheses are fuzzy and the observations are crisp. In order
to establish optimality criteria, they gave new definitions for probability of type I
and type II errors. Then, on the basis of these new errors, they stated and proved
Neyman-Pearson Lemma for testing fuzzy hypotheses. Also they studied on the
problem of hypotheses testing, from a Bayesian point of view, when the observa-
tions are ordinary and the hypotheses are fuzzy, see Taheri and Behboodian [25].
Arnold and Gerke [5] studied testing fuzzy linear hypotheses in linear regression
models. Holenia [14] presented a principally different approach for testing fuzzy
hypotheses, which was motivated by observational logic and its success in auto-
mated knowledge discovery. Using a generalized metric for fuzzy numbers,
Montenegro et al. [17] proposed a method to test the fuzzy mean of a fuzzy random
variable. Torabi and Behboodian [27] introduced the likelihood ratio test for testing
fuzzy hypotheses problem. Gonzélez-Rodriguez el al. [12] introduced a bootstrap
approach to the one-sample test of mean for imprecisely valued sample data.
Filzmoser and Viertl [9] worked on the problem of testing hypotheses, and intro-
duced a fuzzy p-value when the observations are fuzzy and hypotheses are crisp. In
a similar framework, and using the extension principle, Parchami et al. [20] worked
on testing fuzzy hypotheses problem with crisp data and introduced a concept of
fuzzy p-value for such situations. For combining the ideas of two recent works, see
Parchami et al. [22]. Gonzalez-Rodriguez el al. [11] developed a one-way ANOVA
test for fuzzy observations in which the fuzzy observations are treated as functional
data of a functional Hilbert space.

In this paper, a new p-value-based method is introduced for testing fuzzy
hypotheses. The proposed method is on the basis of the concept of probability
measure of fuzzy events by Zadeh [30]. Also, it must be mentioned that all results of
this study coincide to the results of testing classical hypotheses, when the
hypotheses reduce to two crisp sets of the parameter space.
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This paper is organized as follows. In Sect. 2, we review p-value approach to
testing classical hypotheses. In Sects. 3 and 4, we recall and redefine some pre-
liminaries and concepts about fuzzy hypotheses and measuring the probability
under a fuzzy hypothesis. In Sect. 5, we present a new p-value-based approach for
testing fuzzy hypotheses problem. The distribution of the introduced p-value under
null fuzzy hypothesis is discussed in Sect. 6. Some applied examples are presented
in Sect. 7. A conclusion is given in the final section.

2 Testing Statistical Hypotheses

Let X = (Xj,...,X,) be a random sample with the observed value x = (xp, ..., x,),
where X; has the probability density function (p.d.f.) or the probability mass
function (p.m.f.) f(x;;6), i =1,...,n with the unknown parameter § € @CR. It
will be assumed that the functional form of f(x; 0) is known. The problem of testing
statistical hypotheses is to decide whether to accept (or reject) the null hypothesis
Hy:0 € 0®yC O against H; : 0 € @5 = ® — O, based on the random sample X.
Usually, statistical hypotheses are one of the following forms:

(1) H()IO:OO versus H; :0201 (0()>01)
(i) Ho:0=0y versus H;:0=20; (6p<6)
(iii) Hy:0>0y versus H; : 0<0y
(iv) Hp:0<0y versus H;:0 > 0
(V) H() 10 = 00 Versus H1 : 0 7'5 00

in which 60y and 0; are two known real numbers and we named them the boundary
of the null and alternative hypotheses, respectively. A test ¢ is said to be a test of
(significance) level a € [0, 1] if &, <o, where o, = supy.e, Po (Rejection of Hy).
Commonly, the statistical tests are based on a so called test statistic 7(X). In a
nonrandomized test, the space of possible values of the test statistic 7 is decom-
posed into a rejection region and its complement, the acceptance region. Under
some certain conditions, the rejection region usually takes one of the following
forms:

(@ T<u ) T2t () T (nn) (1)

where, #;, t. , or t; and #, are certain quantiles of the distribution of 7', so that
o, = o. In case (c), we may obtain #; and 7, by the equal tails method, so that
Py(T <t) = Py(T > t,) = /2. The hypothesis Hy is rejected if the value t = #(x)
falls into the rejection region. In usual tests, the critical regions of testing
hypotheses (i) and (iii) are of form (a), the critical region of testing hypotheses (i)
and (iv) are of form (b), and the critical region of testing hypotheses (v) is of form
(c). For more details see [9] and Page 381 of [15].

There exist different statistical approaches to the problem of testing hypotheses.
One approach is to use p-value, which is defined as the smallest significance level
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leading to rejection of the null hypothesis (see Page 381 of [15]). The p-value for
cases (1.a), (1.b) and (1.c) could be obtained as follows

(@) Po,(T<1)
(b) Pg,(T>1)
© Zmin[P(;o(Tgt),P(;o(Tzt)]:{ZPH"(TZI) fr=m

2P (T<1t) ift<m

where 6 is the boundary of the null hypothesis, m is the median of the distribution
of T and ¢ is the observed value of test statistic (T'); see Filzmoser and Viertl [9] and
Parchami et al. [20]. If the p-value is less than o, then null hypothesis is rejected at
the significance level «, otherwise null hypothesis is not rejected.

3 Fuzzy Hypotheses: Motivations and Basic Concepts

Traditionally, the hypotheses for which we wish to provide a test should be for-
mulized in precise assertions. This limitation, sometimes, forces a statistician to
make decision procedure in an unrealistic manner. But, in realistic problems, we
may come across non-precise (fuzzy) hypotheses.

Definition 1 [24] Any hypothesis of the form “H : 0 is H(0)” is called a fuzzy
hypothesis, where “0 is H(0)” implies that 0 is in a fuzzy set of @, the parameter
space, with membership function H(0).

Note that the ordinary hypothesis “H : 0 € ®y” is a fuzzy hypothesis with the
membership function H(f) = 1 at 8 € ©, and zero otherwise, i.e., the indicator
function of the crisp set ®.

Example 1 Let 0 be the parameter of a binomial distribution. Consider the fol-
lowing function

20 ifo<0<i,
Ho(0) = {220 ifi<o<l

The hypothesis “Hy : 0 is H(0)” is a fuzzy hypothesis and it means that 0 ~ %,
i.e. “0 is approximately 5 (see Fig. 1).

Example 2 Suppose that we are going to have an investigation on the amount of
Cadmium (Cd) absorption in a plant from a polluted soil. The unknown parameter
is the amount of Cd uptake in a plant (in term of mg kg~' DM) from soil which we
denoted it with p. The optimum range Cd absorbed in a plant have been proposed
by Pais and Benton [19] as [0.05, 0.2]; and also its maximum have been specified
by 3 mg kg_1 DM. The experimenter wants to investigate on the following ques-
tion: Whether the mean of Cd absorption coincides to the proposed suitable
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Fig. 1 The membership Ho(#)
functions of the fuzzy . A
hypothesis in Example 1 ;

08 y :

(/..-'. \\.

06 / \,

» ,

02

0 >0

02 04 06 08 1

amounts by Pais and Benton or not? If one decides to formulate this problem by
either of the following two testing classical hypotheses, then he/she will face to a
contradiction in the results of

Test 1 Hy: pu > 0.2, against, H; : p < 02,

and
Test 2 Hy: p > 3, against, H : p < 3,
for more details see Tables 3-5 of [21]. The presented contradiction in the result of
Test 1 and Test 2 comes from the difference between the null hypotheses in two
tests; in other words it comes from very vague proposed information in [19].

In this applied example, one cannot represent the whole above presented
information by Pais and Benton with a classical (precise) set. But, using fuzzy set
theory, one can show the optimum range and the maximum amount of Cd uptakes
in a plant by the following fuzzy set, in which the membership is considered to be 1
on interval [0, 0.05], since the lower Cd absorption is better for any plant (see
Fig. 2).

Fig. 2 The membership
functions of the fuzzy
hypotheses in Example 2
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1 if0<u<0.2,
Ho(u) = § 3 if 02<p<3, )
0 fp=3.

Now, the experimenter can test fuzzy hypotheses “Hy : j is Hy(p)”, against
“Hy : p is Hy(n)” without facing any contradiction in the result, where the mem-
bership functions of Hy(u) and H, (1) = 1 — Ho(u) are depicted in Fig. 2.

Definition 2 (See also Arefi and Taheri [1, 2]) (a) Let the fuzzy hypothesis
“H:0is H (6)” be such that (i) H is an increasing (decreasing) function of 6, and
(ii) there exists 0; € © so that H(0) = 1 for 0> 0, (0<0,). Then, H is called a
fuzzy one-sided hypothesis.

(b) Let the fuzzy hypothesis “H:0is H (0)” be such that (i) there exists an
interval [0;,60,] C © so that H(0) =1 for 0 € [01,0,] , (ii) H is an increasing
function of 6 for 6 < 0, and is a decreasing function for 0 > 6,. Then, H is called a
Sfuzzy two-sided hypothesis.

Now, we recall the concept of the boundary of fuzzy hypothesis from Parchami
et al. [20], which is needed in next sections.

Definition 3 The boundary of the fuzzy hypothesis H is a fuzzy subset of ® with
membership function H;, defined as follows,

() Hy(0) = {OH(O) ;Z; giogl }, if A is one-sided and H is non-decreasing,
. 1

(i) Hy(0) = {g](m }(Z: gi%ll }, if H is one-sided and H is non-increasing,

(i) Hy(0) = H(0), if H is two-sided.
Remark 1 In Definition 3, we call H;, the boundary of the fuzzy hypothesis H, since

as H reduces to a crisp hypothesis, H, becomes just a single point which is the
boundary of the crisp hypothesis H.

Example 3 Let 0 be the parameter of a binomial distribution. Suppose that
1 if0<60<0.2

H(0) =4 1% £02<6<0.6
0 if0.6<0<I1.

Then, the hypothesis “H : 0 is H (0)” is a fuzzy one-sided hypothesis. So, by
Definition 3,
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Fig. 3 The membership 1§ m
functions of the fuzzy \:-ﬁ\ — Fuzzy hypothesis
hypothesis and its boundary N -—— Boundai
in Example 3 e N\ ’
\.\‘\\
A
06 LY
N
%
.
N
04 1 Y
N\
N
02 AN
%
%\
»
\
L) S—— — 0
0 02 0.4 06 08 1

6190 jf0.2<0<0.6
Hy(0) =4 + ¥02=0<
»(0) {0 elsewhere,

is the membership function of the boundary of the fuzzy hypothesis H (see Fig. 3).

4 Probability Measure Under a Fuzzy Hypothesis

Definition 4 [27] Let the random variable X have p.d.f. or p.m.f. f(x;0) and
“H : 0 is H(0)” be a fuzzy hypothesis for which [, H(0) d0<oc. The weighted

probability density function of X, under fuzzy hypothesis H, is defined by

Fle ) = /0 HY(0) £ (x;0) dO),

where H*(0) = HO)_ s the normalized membership function of H (6). Replace
" H(0)do

integration by summation in discrete case.

Note that the normalized membership function is not necessarily a membership
function, i.e., it may be greater than 1 for some values of 6.

The advantage of Definition 4 is that the weighted p.d.f. can integrate all pos-
sible p.d.f.s with different weights. The value of H*(0) can be understood as the
weight of f(x; 0), and the weighted p.d.f. can let different possible f(x; 0)’s play
different roles in this integration.

Remark 2 [27] Note that f(x; H) in Definition 4 is a p.d.f., since f(x; H) is non-
negative and
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/fo dx_//H* £(x; 0)d0 dx
_ /H H(0) < / £(x:0) dx)dO
:AW@M:L

Remark 3 Tf H is the crisp hypothesis “H : 0 = 0,”, then f(x; H) = f(x; 0p).

Example 4 Let X ~N(p,0.7), u , and be unknown. The weighted probability
density function of X under fuzzy hypothesis p ~ 4 is as follows

Flnp o 4) = / H () £ (x: ) dp

2 1 -
:—/H(u) (14 du, xR
3 M 1.

where i ~ 4 is defined by the following membership function

i2 f2<p<4
H(p) =4 2(45—p) ifd<p<4.s
0 elsewhere.

The weighted p.d.f. of X under fuzzy hypothesis u ~ 4 is drown in Fig. 4.
Example 5 Let X ~bin(n = 8,0); i.e

8
f(x;@)—( )0"(1—6)“,x—0,1,...,8, 0<0<1.
X

Fig. 4 The weighted p.d.f. of ol _ pdf of X under hypothesis =4 = = =
X under fuzzy hypothesis = S the membership function of ...
u =~ 4 and the p.d.f of X under H (1) £ % fozzyhypothesis =4
: A @ " the weighted p.d f of X under —

hypothems = 4 in Example o W fuzzy hypothesis & = 4

©

(=1

<+

[=]

o

o

o
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Then, under fuzzy hypothesis “H : 0 is approximately 5~ where Hy(0) is defined
in Example 1, the weighted probability density function of X is as follows

f(x;I:Io) :f<x;0 ~ %)

- /9 H; (0) £ (x:0) dO

:Z/HO(O) [<8>0*(1—0)“] di, x=0,1,...,8.
0 X

Now, for example, under fuzzy hypothesis Hy the value of P(X < 2) is obtained
as follows

Py (X <2) = Ppy(X <2)
:/H(’;(G)PH(X§2)d6
0

- 2/9 Hy(0) [Po(X = 0) + Py(X = 1)+ Py(X = 2)] dO

"1/2
- 2/ 20[(216° + 60+ 1)(1 — 0)°] a0
0
1
+ 2/ (2—20)[(2102+60+1)(1 —9)6}019
1/2
= 0.238 +0.021 = 0.259.

5 Testing Fuzzy Hypotheses: A p-value Approach

The main problem. The main problem studied in this work is to test fuzzy
hypotheses

fi() 10 is H()(O)
I:Il 10 is HI(H)

based on a random sample from a p.d.f. or p.m.f. f(x;0), 0 € ®. This problem is
called the problem of testing fuzzy hypotheses. In the sequence, by inspiration of
[30], we propose a new p-value-based approach to such a problem.

First, note that, similar to the kinds of hypotheses given in Sect. 2, the fuzzy
hypotheses can be modeled by one of the following forms in practice:
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. Hy : 0 is approximately 0,
M - . . (Def (Ho) > Def (H))
H, : 0 is approximately 0,
- H, : 0 is approximately 0,
(i . . (Def (Ho) <Def (H1))
H : 0 is approximately 0y,
i) Hy : 0 is approximately bigger than 0y,
iii ~
H : 0 is approximately smaller than 0,
) Hy : 0 is approximately smaller than 6,
iv .
H, : 0 is approximately bigger than 0y,

Hy : 0 is near to 0y,
v 9 - :
1 : 0 is away from 0y,

where 0y and 0, are two known numbers and Def (.) is a defuzzifier function. It is
obvious that the critical regions of testing fuzzy hypotheses are similar to the critical
regions of testing precise hypotheses which are formulated in (1). In other words,
the critical regions of testing fuzzy hypotheses (i) and (iii) is of form (1.a), the
critical regions of testing fuzzy hypotheses (ii) and (iv) is of form (1.b), and the
critical region of testing fuzzy hypotheses (v) is of form (1.c). It must be mentioned
that the critical regions of testing fuzzy hypotheses (i) and (ii) are determined after
defuzzification of fuzzy hypotheses and they depend on the defuzzifier function.

Definition 4 In testing fuzzy hypotheses problem, for any critical region of forms

(1.a), (1.b) and (1.c), the p-value is respectively defined as
(a) p-value =Py (T <t)

_ / H;,(0) Po(T < 1) O,
0

(b) p-value =Py (T >1)

= /H(jb(Q) Po(T >1)de,
0

and

© vl 2Py, (T>1) ift>m,
C -value = .
p 2PHob(TSt) lftSml

_J 2 o Hp(0) Po(T >1)d0  if t>m,
2o Hip(0) Po(T <1)d0 if t<my

(2)
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where Hj, is the normalized membership function of the boundary of the fuzzy null
hypothesis. Moreover,

m; = inf{m : m € Supp(m)}, (5)
m, = sup{m : m € Supp(m)}, (6)

where the fuzzy set m, with membership function m(m) = Hy,(0), is called the
median of the distribution of the test statistic under the fuzzy null boundary Hy, and
m is the median of the distribution T(X) under 0. Replace integration by sum-
mation in discrete case.

Remark 4 When the hypotheses are crisp rather than fuzzy, the membership
function of the fuzzy boundary is reduced to the indicator function of a single point,
i.e. the indicator function of the boundary 0;. In these cases, considering formulas
(2-4), the introduced p-values in Definition 4 are reduced to the classical p-values
in Sect. 2.

Remark 5 As we mentioned in Sect. 1, some works have been done by researchers
on the p-value-based methods in fuzzy environments. Denceux et al. [8] and
Filzmoser and Viertl [9] introduced the fuzzy p-value for testing hypotheses based
on fuzzy data; Parchami et al. [20] introduced a fuzzy p-value for testing fuzzy
hypotheses; and Parchami et al. [22] introduced the fuzzy p-value for testing fuzzy
hypotheses based on fuzzy data. In contrast with the above works, it should be
mentioned that, the p-value introduced in this study is a real number on unit interval
which is formulated on the basis of the probability measure under fuzzy hypothesis.

Remark 6 Considering Formula (4), in a two-sided test we have a three-decision
testing problem as follows

(i) accept H; and reject Hy,
(i) reject H 1 and accept I:I(),
(iii) neither accept nor reject both Hy and H.

In the case (iii), the uncertainty of the decision is expressed by fuzziness of m,
i.e. when ¢ € Supp(m) we cannot come to a clear decision, because there is not a
significant difference between the observed value of the statistic and the median of
the T under Hy. In such cases, one may take more samples and follow the procedure
until acceptance or rejection of Hy. Note that, Filzmoser and Viertl [9] proposed to
consider a no-decision region in their fuzzy p-value-based approach to test crisp
hypotheses with fuzzy data, where they say “The need for formulating a
three-decision testing problem was already indicated by Neyman and Pearson [18]”.
It should be mentioned that, with decreasing fuzziness of the null hypothesis in case
(c), the no-decision region decreases. On the other hand, this region is deleted in
testing usual (crisp) hypotheses.
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6 Distribution of the Introduced p-value Under Fuzzy Null
Hypothesis

Theorem 1 In testing fuzzy hypotheses “Hy: 0 is Hy(0)”  versus
“H, : 0 is H, (0)”, if the test statistic has a continuous distribution, then p-value has
uniform distribution over (0, 1) under the boundary of fuzzy null hypothesis.

Proof We prove Theorem 1 for critical region of form (1.a). The proof is similar for
cases (1.b) and (1.c). Regarding to Remark 2, we denote the weighted p.d.f. (or p.m.
f.) of X under fuzzy hypothesis H by f(x; H), and we denote its weighted cumu-
lative density function by Fy.;(x) = P5(X <x) under fuzzy hypothesis H. By
Definition 4, P-value = Py, ,,(T <t) = Frp,,(t) in case (a), and hence before
observing data we can denote the random p-value by

P-value = Fr.y,,(T). (7)
Therefore, we have

Fvaalue;Ho;,( ) PHOh [P-Value < bt
- PH()/; [FT:HO}) by (7)

= Prio, {T <Fr, }‘101 } since Fr.g,,is a 1—1 function
= FT?HUb(F;I;‘]U[,(M)> =u, VO<u<l,

and the proof is finished.[]

Remark 7 Considering Remark 4, the result of Theorem 1 for precise hypotheses is
reduced to Lemma 3.3.1 in Page 64 of (Lehmann and Romano [16]).

Corollary 1 The fact that p-value has uniform distribution over (0, 1) under Hy)
can be useful in practice. For example, suppose that we have p-values py, . . ., py for
k independent tests of the same null fuzzy hypothesis. By assuming that the p-values
have uniform distribution over (0, 1), one can combine the p-values using the test
statistic

T=-2 Zf:l In(p;) (8)

and conclude that T has chi-square distribution with 2k degrees of freedom under
the boundary of null fuzzy hypothesis.
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7 Illustrative Examples

In this section, we illustrate different situations of testing fuzzy hypotheses by four
examples. In Examples 6 and 8 we consider one-sided tests, and in Examples 7 and
9 we consider two-sided tests.

Example 6 The lifetime X of certain lamps (in term of hour) produced by a factory
is distributed normally with unknown mean u and standard deviation ¢ = 120. In a
random sample of size n = 36 lamps, we get X = 1327. Suppose that we wish to
test the following fuzzy hypotheses

IEI() : i is approximately 1300,
H, : p is approximately bigger than 1300,

where the membership functions of Hy and H, are considered by an expert as
follows (see Fig. 5)

MZB 1275 < p< 1300,
Ho(p) = § B2~ £ 1300 < p<1325,

0 elsewhere,
0 if <1275,

Hy(p) = L85 if 1275 < p<1325,
1 if u>1325.

In this example, the rejection region is of the form (1.b). Note that in this case

Hyp (1) = Ho(u) is the boundary of Hy, and considering (3), one can compute p-
value as follows

Fig. 5 The membership 1 . -
functions of the fuzzy N e
. \ #

hypotheses in Example 6 5 Ho( ,u} S Hy(p)

06 / / \

04 / /

/A
/ /// \
02 i o \
s \\
.r'r./
0] ———’ — |u

1260 1270 1280 1290 1300 1310 1320 1330 1340
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p-value = Py (X >X)
= /Héb(u) Py(X >1327)dp
u
1

:W/H%(u) Py (X >1327)dp

1 P —1275
25 s 25
1 [P®1325 -
T g

P,(X >1327) du

P, (X >1327)du

1300 00 Y
! / (1 — 1275) / L2
= — ‘u —_ —
252 Ji27s 1327 20/ 21

A. Parchami et al.

/ Fzs—p [T e
+ — 1 —u / e W dxdu
252 Ji300 1327 20V/2n

=0.0223 4-0.0926
=0.1149.

Therefore, for instance, one can accept fuzzy hypothesis Hy at the significance

level 0.10.

Example 7 Suppose that, in Example 6, we wish to test

IEIO : p is near to 1300,
H, : pis away from 1300,

where the membership function Hy(u) introduced in Example 6 and H;(u) =
1 — Hy(u) (see Fig. 6). In this example, we only change the form of fuzzy
hypotheses of Example 6 into one of five proposed forms for fuzzy hypotheses in
Sect. 5. In this case, the rejection region is of the form (l.c). Note that

Fig. 6 The membership 51— 50
functions of the fuzzy
hypotheses in Example 7 |
08 {
05|
04
Holp)
o ol k)

u

1260 1270 1280 1290 1300 1310

1320

1330

1340
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X ~N(u, %), and since for the normal distribution the median coincides with the
mean, therefore under f]o the membership function of m is

%5275 if 1275 <m <1300,
m(m) = BB=m £ 1300 <m <1325,

0 elsewhere.

Here t = x = 1327 > m, = 1325, and hence,

p-value = 2/ Hj, (1) Pu(X >1327) dp
u

5 1300 © e
= 2—52/ (1 — 1275) / S dxdy
1 1

767
275 32720027
1325 : ) < ?
+ —/ 1325 —u / e dxdu
252 J1300 1327 20V 2m

=0.23

So, based on the observed data, the fuzzy null hypothesis is accepted at any
significance level o <0.23.

Example 8 The manager of a factory has reinstalled a new system to upgrade the
security of his personnel. We can suppose that the number of monthly accidents has
the poisson distribution with mean A. A study shows that there occurred 27 acci-
dents during the past year. After installation of the new system the manager wants
to test if the average of the monthly accidents is approximately bigger than 3. That
is to test

IEI() : /4 is approximately bigger than 3,
Hj : A is approximately smaller than 3,

where H and H; have the following membership functions (see Fig. 7)

0 if 2<2.75,
Ho(A) =< 2(2—2.75) if2.75<1<3.25,

1 if 2>3.25,

1 if 2<2.75,
Hi(A)={ 2(325- 1) if2.75<1<3.25,

0 if 2>3.25.

The rejection region is of the form (1.a), so the membership function of the fuzzy
boundary is
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Fig. 7 The membership o :
functions of the fuzzy \\\
hypotheses in Example 8 N ;
08 Hi(A) \ Hy(A)
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H (l) _ 2(A—=2.75) if 275<1<3.25,
0700 elsewhere.

Therefore, considering T = 212 X; ~P(122),
p-value = Py, (T <1)
/H(’jb ) P;(T <27)dA

H,,(A) P,(T <27)dJ
Ob dl/ Ob

3.25 127 12 1
—4 /2 2(4—2.75) {Z?O#} ds.

75
= 0.0588.

Hence, the null fuzzy hypothesis is accepted at each level o < 0.0588 and is
rejected at each level o > 0.0588.

Example 9 The amount of an adverse substance extracted from a sample of size 14
cigarettes of a special brand is given in milligrams as 15.3, 13.5, 13.4, 12.7, 14.4,
14.4, 13.9, 14.3, 13.8, 16.2, 15.4, 15.6, 12.8 and 13.1. From the previous experi-
ments it is known that the random variable of interest is distributed normally with
standard deviation ¢ = 1.2. Suppose that, we wish to test the following fuzzy

hypotheses about unknown mean u

Hy : p is nearto 15,
Hj : u is away from 15,
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where Hj is given by the membership function

p133 143 < pu<15,

0.7
Ho(u) = Bt if 15 < pu<15.7,
0 elsewhere,

and H;(¢t) = 1 — Hy(u) (see Fig. 7). In this case, the rejection region is of the form
(l.c). Since T =X ~N (,u,";z) and for a normal distribution the median coincides
with the mean, therefore, under Ho the membership function of m is

43143 <pu<15,

0.7
m(m) = ¢ Bk if15< p<15.7,
0 elsewhere.

In this example we see that t <my, since t = X = 14.2 and m; = 14.3. Also, note
that Ho, (1) = Ho(pt), and so

p-value = 2/ H;, () Py(X<14.2)du
u

2 / 142 —pu
=7 | Hop(W) PuZ< ———)du
JoHop (W) du ), 0b : 1.2
20 [ u—143 [ . 2
== B 2m) Fexp(— =) dzd
2 e [T enten(=3) ded
20 157157 —p [T 1 2
— _— 2m) 2 ——) dzd
w2 [ T en ten-5) ded
= 0.01920 + 0.00299
= 0.0222.
Fig. 8 The membership i E— % i PR
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Therefore, for instance, the fuzzy hypothesis Hy is rejected at significance level
0.05 and is accepted at significance level 0.01 (see Fig. 8).

8 Conclusion

In this paper, a new p-value-based approach was presented for testing statistical
hypotheses when the hypotheses are fuzzy rather than crisp. The proposed
approach, which is based on the concept of the probability measure of fuzzy events,
is an extension of the classical p-value approach. It was shown that the introduced
p-value has uniform distribution over (0,1) under the null fuzzy hypothesis.
Numerical examples were provided to illustrate the performance of the method.

The study of the applicability of the proposed approach to test about the
parameters of fuzzy regression models is a possible topic for further research. In
addition, the investigation of the p-value approach to test of fuzzy hypotheses from
a Bayesian perspective is another potential subject for more study.
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Fuzzy Regression Analysis: An Actuarial
Perspective

Jorge de Andrés-Sanchez

Abstract The first objective of this paper is to describe from a critical point of
view the main types of fuzzy regression methods: those based on minimum
fuzziness principle, those that are built up by minimising the squared distance
between observations and estimates and models that mix both methodologies.
Finally, we revise the actuarial applications of fuzzy regression proposed in the
literature and develop in detail two of them: estimating the yield curve and cal-
culating claim reserves.

Keywords Fuzzy regression analysis - Actuarial applications « Minimum fuzzi-
ness principle - Fuzzy least squares - Yield curve model

1 Introduction

Fuzzy Data Analysis (FDA) literature has been very productive in last two decades.
It includes theoretical papers as well as empirical applications. Following Dubois
and Prade [1] FDA includes fuzzy analysis of data and also analysis of fuzzy data.
Concretely, this chapter is devoted to fuzzy regression (FR) which is one of the
most common FDA used in empirical applications in several fields as medicine [2],
management [3, 4, 5] or economics [6, 7]. Concretely, in chapter we describe the
most relevant applications of FR on insurance issues.

In our opinion, there are several advantages of FR methods over conventional
regression methods that can explain their success in empirical applications:

(a) The estimates that are obtained after adjusting the coefficients are not random
variables, which are difficult to manipulate in arithmetical operations, but
fuzzy numbers, which are easier to handle arithmetically. So, when starting
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from magnitudes estimated by random variables (e.g. as a result of its pre-
diction from a least squares regression) these random variables are often
reduced to their mathematical expectation (which may or may not be corrected
by their variance) so that they are easier to handle. If fuzzy numbers are used,
this loss of information is not needed.

(b) If the phenomena investigated are economic or social, the observations are a
consequence of the interaction between the economic agents’ beliefs and
expectations, which are highly subjective and vague. Fuzzy Set Theory,
therefore, is a good way of treating this information.

(c) Observations are often not crisp numbers; they are confidence intervals or not
well defined quantities. If econometric methods are to be used, the observa-
tions for the explained variable and/or the explanatory variable must be rep-
resented by a single value which involves losing a great deal of information.
Fuzzy regression, however, does not necessarily reduce the values of each
variable to a crisp number, i.e., all the observed values can be used in the
regression analysis.

The literature has proposed several FR methods throughout time, i.e. we cannot
properly speak about “Fuzzy Regression” but about “Fuzzy Regression Methods”.
Following Chang and Ayyub [8] we can classify FR methods in three categories,
depending on the criteria used to fit coefficients:

(a) Methods that use Minimum Fuzziness Principle [9, 10].

(b) Methods that generalise Ordinary Least Squares to the presence of fuzziness in
the sample [11, 14].

(c) Methods that use sequentially above criteria [12, 13].

The chapter is structured as follows. In the next section we will describe the
basic concepts on fuzzy numbers to develop FR methods. In the third section we
expose the most usual FR method in actuarial applications as well as we reflect on
their advantages and drawbacks. Fourth and fifth sections develop two usual
applications of FR methods in actuarial literature: fitting yield curve for actual
financial pricing and estimating claiming behaviour in a non-life insurance context.
Finally, we remark the most relevant conclusions of this survey.

2 Basics on Fuzzy Numbers

A Fuzzy Number (FN) is a fuzzy subset a defined over real numbers. It is the main
instrument used in Fuzzy Set Theory (FST) for quantifying uncertain quantities.
Two properties are required for a FN. The first one is that it must be a normal fuzzy
set (i.e. Supy.eq Uz(x) = 1). The second is that it must be convex (i.e. its a-cuts
must be convex sets).

For practical purposes, Triangular Fuzzy Numbers (TFNs) are widely used since
they are easy to handle arithmetically and they can be interpreted intuitively. We
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shall symbolise a TFN a as a = (a, 1, r,) where a is the centre and [, and r,, are the
left and right spreads, respectively. For example, a subjective judgement by an
economist “I expect that for the next two years the inflation rate will be around 2 %
and deviations no greater than 1 %” may be quantified in a very natural way as
(0.02, 0.01, 0.01). Analytically, a TFN is characterised by its membership function
U (x) or, alternatively, by its a-cuts, a,, as:

“_‘;7*4 a—l,<x<a

a(x) = %’;x a<x<a+r, (1a)
0 otherwise
ay = |a(a),a(a)] =[a—1,(1 —a),a+r,(1 —a)] (1b)

In a fuzzy regression context is very usual to use symmetrical TFNs (STFNs),
i.e. [, = r, In this case the spread will be symbolised as s, and a STFN will be
denoted as a = (a, s,). Analytically:

[x—d]
— a—s,<x<a+s
Ha(x) = Sa e “ (2a)
0 otherwise
ay = |a(a),a(a)] =[a—s,(1 —a),a+s,(1 — )] (2b)
In many quantitative analyses, it is often necessary to evaluate functions which
we shall name y = fix, x,, ..., x,,). Then, if x1, x5, ..., x,, are not crisp numbers but
the FNs a,, ay, ..., a,, f() induces the FN b = f(a;,ay, . . ., a,). To obtain its a-cuts,
b,, from ay ,az,, ..., a,,, it is necessary to evaluate:
Ay :f(al,&Q, .. .,(Nln)a:f(alz,azi, .. .,Cl,,z) (321)

Many functional relationships are continuously increasing or decreasing with
respect to all the variables involved in such a way that it is easy to evaluate the o-
cuts of b. Buckley and Qu [14] demonstrate that if the function f{-) that induces bis
increasing with respect to the first m variables, where m < n, and decreasing with
respect to the last n-m variables, then b, (3a) turns into:

by = [b(),5(®)] = [F@(4), - (@), @y @), @) f (@), (@), (), 0(3))]
(3b)

If a FN b is obtained from a linear combination of the TFNs a; = (a;, ly;, 14,),
i=1, .., nieb=>3" ka,k €R, b will be the TEN, b = (b, I, r}), where:
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n n n n n
b=> aki I, = Lo |Ki| + ralkil, o = ralkil+ > Lo lkil
= i=1,k >0 i=1k <0 i=1k>0 i=1,ki <0

(4a)

If b is obtained from a linear combination of the STFNs ai=(a; sq),i=1, ...,
n, we obtain the STEN, b = (b, I,), where:

b_zak,, sb—29al|k| (4b)

A key concept in several regression models is the level of inclusion of a FN b
within another FN a, p(l; Ca). By using a-cuts a, = [a(a),a(x)] and
b, = |b(x),b(a)|, n(bCa) > o if b,Ca, ie.:

a(®)<b(w) and a(x)>b(o) (5)

Other relevant concept in some fuzzy regression methods is the squared distance
between FNs. There is no unique definition for it. Whereas Diamond [15] proposes
the following measure for TFNs:

d(@b) =la—b— (1, — )P +@=b>+la—b+(ra—r)]’  (6a)

On the other hand, Chang [11], by using weighted fuzzy arithmetic, defines
squared distance between a and b as:

|

1
d%(a,b) / [Podo+ / [b(a) ocdoz (6b)
0

0

where (6b) is:

@2(@,5) = (@~ bF 4+ 3 [0ra = 1) = (la = W]+ 15 [ = 70+l — )]
(6¢)

when & and b are TFN.
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3 Fuzzy Regression Models

Like any regression technique, the aim of Fuzzy Regression (FR) is to determine a
functional relationship between a dependent variable and a set of independent ones.
FR allows not only obtaining functional relationships between some variables when
they are crisp but also when the observations are quantified with FNs.

As in econometric linear regression, we shall suppose that the explained variable
is a linear combination of the explanatory variables. This relationship should be
obtained from a sample of n observations {(Y,X)), (Y2.X2), ....(Y;,X)),..., (¥, X,)}
where X; is the j-th observation of the explanatory variable, X; = (Xoj,X 1js X2j5 -+
Xih.‘.,ij). Moreover, Xy; =1 Vj, and X;; is the observed value for the i-th
variable in the j-th case of the sample. Y; is the j-th observation of the explained
variable, j = 1, 2, ..., n. The j-th observation may either be a crisp value or a TFN.
In either case, it can be represented through the TFN representation f/] =
(Yj7 lyj, ryj) where, for a crisp observations, lyj =ry, = 0.

Finally, we must estimate the following fuzzy linear function:

Yi = aoXoj +aiXy+ o+ anXe (7)

where f’j* is the estimate of the true observation f’j after fitting the coefficients
ap,ai, . . ., ay,. Of course, the final objective is obtaining the estimates of dependent
variables as closed as possible to their corresponding observed values. Literature
has proposed several models to fit those coefficients. The significant difference
between them is the criteria considered to measure neighbourhood between f’J* and

f/j. So, we distinguish:

(a) Models that use Minimum Fuzziness Criteria (MFC) to fit (7). We will
describe the model developed in Tanaka [9] and Tanaka and Ishibuchi [10].

(b) Models that minimise squared distances, in such a way that classical least
squares criteria is generalised to FR. This paper will use the results in Chang
[11].

(c) Models that combine criteria (a) and (b). We will describe developments by
Savic and Pedrycz [13] and Ishibuchi and Nii [12].

3.1 Fuzzy Regression with Minimum Fuzziness Principle

The fuzzy regression model based on the minimum fuzziness principle (MFP) is
developed in Tanaka [9] and Tanaka and Ishibuchi [10]. It has been widely used
models in economic applications. Concretely, in actuarial applications we can
outline Andrés and Tercefio [16] and Berry-Solzle et al. [17]. Andrés and Tercefio
[16] present a model to fit TSIR that combine cubic spline model by McCulloch
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[18] and FR under MFP. Subsequently they reflect on how to apply fuzzy estimates
of discount rates in actuarial pricing. Berry Stolzle et al. [17] use this model of FR
to detect fuzziness in the relation between solvency of property-liability insurance
companies and some accounting indicators.

In this case, the parameters a;, i =0, 1, 2, ...,
parameters can therefore be written as @; = (a;,s,,), | =

must be STFNs. These
, 1, ..., m. When we have

obtained a;, the estimates of, f’j, f/]* are also STFN f/j* = Yj*, st*>, will be, from
(4b):

m m m
V= () = (an5a)X = (Z aiXij Zsai|Xif’> (8a)
i i=0 i=0

whose o-cuts for a level o' are:

Y = [y — sy (1— ), Yj*+sY;(1—a')}

Jo!
m m m m
= [Za,xy — (1 — 0(/) Zsai|X,-j}, ZalX,j + (1 — O(/) sti|X’]’
i=0 i=0 i=0 i=0

(8b)

The parameters a; and s,,, must minimise the spreads of f/j*, and simultaneously
maximise (8b) the congruence of f/j* with f’j, which is measured as (f/j - f/]*> (see

Eq. 5). Specifically, we must solve the following multiple objective programme:

Mlmmlse 7= ZSy* Z Zsa X1, Max1m1se o (9a)
=0,1, @;,8q;,i=0,1,....m

subject to:
u(f/jgf/j*)za J=1,2,..un 5,20 i=0,1,...m, ac[0,1] (%)

If for the second objective we require a minimum accomplishment level o, the
above programme is transformed into the following linear one:

Mlmmlse 7= i Z Sar | Xij (10a)

@;,8q;,i=0,1,...

subject to:

m

> aiXy— (1=o)Y 5o x| <Y —ly(1—o), j=1,2,..,n (10b)
i=0

i=0
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S aXy+(1—o)Y sqlxy| =Y+, (1=o),j=1,2,..n (10c)
i=0 i=0

5, >0 i=0,1,....m (10d)

Let us point out several drawbacks of this FR model:

(@)

(b)

(©)

(d

This model usually has a lack of connection with ordinary least squares
(OLS) as it is outlined in Shapiro [19]. The modal value of observations on
explained variable and their estimates may be not very close. However, as we
will expose bellow, Savic and Pedrycz [13] and Ishibuchi and Nii [12] propose
extensions to this regression method that partially use least squares criteria and
solve this problem.

This fuzzy regression method is very sensitive to outliers and so, the spreads
of coefficients can take an excessive great value. So, the predictions from the
model may be too uncertain to be useful. Following Hung and Yang [20],
“Once an outlier has been detected, it should be put under scrutiny. One
should not mechanically reject outliers and proceed with the analysis. If the
outliers are bona fide observations, they may indicate the inadequacy of the
model under some specific conditions. They often provide valuable clues to the
analyst for constructing a better model. It is important for a data analyst to be
able to identity outliers and assess their effect on various aspects of the
analysis.” So, those reasons explain why the literature has proposed a great
number of methods to detect and solve those problem. For a wide survey, see
Chen [21] or Hung and Yang [20].

Chang and Ayyub [8] and Hojati et al. [22] point out that the linear pro-
gramming problem to solve increases its complexity very much since for every
new observation the two new constraints must be added an so, the minimising
problem must be reformulated.

The criteria to choose the level o to solve (10a)—(10d) is arbitrary. So, Savic
and Pedrycz [13] indicates that it is usual taking «’ = 0.5 but it is not neces-
sarily the best choice and it has not a deep foundation. However, Moskowitz
and Kim [23], propose a method that assesses practitioners choosing o
rationally.

3.2 Fuzzy Least Squares

Fuzzy Least Squares (FLS) uses as a criteria to fit coefficients a;, i = 0, 1, ..., m to
minimise the squared distance between f’j and f’]* In actuarial issues, Koissi and

Shapiro [24] fit a fuzzy temporal structure of interest rates whereas Apaydin and
Baser [25] adjust claiming behaviour in a non-life context with geometric separa-
tion method by Taylor [26].
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FLS does not require the coefficients to be STFN, i.e. &; = (a;, Ly, ¥4,), i = 0, 1, ...,
m. On the other hand, we will suppose that X;; > 0,i=0,1,...,mandj=1,2, ...,
n. Notice that it does not suppose any loose of generality. If any observation of the ith
explanatory variable is negative, X;; < 0, we can rescale the observations of the ith

explanatory variable as ij =X;; —Minj—15_ ., {X,J} So, Y* = (Yj*,ly;, ry;) is,
from (4a):

n

?] = (Y lY ,Vy*) = (ai,lai,ra,.)Xij = (idiXi‘/‘,zm:lain‘J,zm:raiXiJ>
i=0 i=0 i=0

i=0

N

(11a)

whose o-cuts are:

Jo!

Yr = [Yj* Iy (1= ), Y (1~ oc)}
(11b)

m

- [zm:aixij (1—a) Zlalx,,,,zax,ﬂu (1—a) ra‘
i=0

i=

The parameters a;, [,, and r,, must minimise the distance between Y* and the real

observation of response variable Y;. If we use the squared dlstance defined by
Diamond [15], as it is done by K01551 and Shapiro [24], the following quadratic
programming problem must be solved:

Minige S5 (5.17) = S (YZX> (128

where, from (6¢) we find:

dy (ffp > &iXu> =
i=0

YJ‘*Z Aidij — <ZYJ Zla u)

i=0 i=
2
+<Y,~—Za,~X,-J»> ZaX,J—F( Zra‘ ,J>
i=0
(12b)

Apaydin and Baser [25] use the definition of distance by Chang [11]. In this case
the quadratic programming problem to solve is:

Minimise Z d> (Yj, YJ*) = Z dz (1?], ZZI,XU> (13a)
j=1 j=1 =0

@jla; ra;1=0,1,....m

2




Fuzzy Regression Analysis: An Actuarial Perspective 183

where, from (6a) we find:

2
_oum m 1
2 Z aX % Z e
dC <YJ7 =0 “ l‘/) N < a =0 “ lj) + g

(V}{, — Z ra,X,-_j) — (ly/ — Zla‘X,-J)

i=0 i=0
m 2 m 2

<ryj - ZraiX,'J) (lyj - ZldeiJ>
i=0 i=0

In both cases FLS is reduced to three independent OLS estimates. The centres
are obtained by using OLS and taking as observed responses Y, j=1, 2, ...,
n. Likewise, the left (right) widths I, (r5,), i =0, 1, ..., m are also obtained with
OLS by considering for the observations of dependent variable ly, (ry),j = 1,2, ...,
n. So, following Chang [11], for the centres we must solve:

Ll
12

(13b)

m

Z(ix,-,x,w)ak:zn:xuyj, i=0,1,2,....m (14a)
j=1 j=1

k=0
Analogously, for the left spreads:

m

> (ZW:XWXM)lak :znjx,-z,-lyj, i=0,1,2,....m (14b)
j=1 j=1

k=0

And for the right spreads, the system to solve is:

zm: (i:XiJXkJ>ruk :zn:X,-_jryi, i:0,1,2,...,m (140)
1 Jj=1

=0 \j=

In our opinion, the principal criticism to this model is that it does not reflect all
the uncertainty of the observed system as we can check in the examples of Sect. 3.4.
It does not quantify the uncertainty in the relation between input and output vari-
ables when observations are crisp. So, if the observed responses are crisp, the
difference between f’]* and )7] is explained neither from fuzziness nor from ran-
domness. Actually, as we can check in the second example of subsection 3.4., when
observations of responses are fuzzy, the total fuzziness of the observations about )7]
measured as 27:1 (lyj —|—ryj) is not completely explained by the width sum of

estimates ) | (ly; +ryj*) since ) | (Iy, +ry) > - (ly;« +ry;).
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3.3 Combining Least Squares and Minimum Fuzziness
Principle

A reasonable way to avoid some problems of MFP and FLS is to combine both

criteria in order to take advantage of their strengths. Savic and Pedrycz [13] sup-

pose, as pure MFC model, that the coefficients a@; are STFN, in such a way that

a; = (a, sa[), i =0, 1, ..., m. On the other hand, centres are adjusted by using least

squares principle. Subsequently, spreads are obtained by using MFP. In life

insurance field, Koissi and Shapiro [27] follows this methodology to forecast
mortality combining Lee-Carter schema with fuzzy regression.

So, to adjust coefficients, Savic and Pedrycz [13] propose the following two
steps.

Step 1 Fit the centres a; i =0, 1, ..., m by using OLS. As observed values of
explained variable take their centres, Y, j = 1, 2, ..., n. So, the values fitted
for ay, a, ...a,, the centres are equal to those obtalned with FLS

Step 2 Fit the widths s,,, i =0, 1, ..., m with MFP. We must solve the linear
programme (10a)—(10d) but taking into account that decision variables are
only the spreads. Of course, o' must be fixed beforehand:

M1n1m1se z= Z Z Sa; | X (15a)
=1 i=0

Sa;1=0,1,...

subject to:

> aXy— (1) Zsu‘xl]|<Y y(l—do), j=1,2,...n (15b)
i=0

Zax,,+ (1—0o) Zsa|x,j|>Y+ry(1—oc) i=1,2,....n (15¢)
i=0 i=0

54>0 i=01,...m (15d)

Ishibuchi and Nii [12] extend Savic and Pedrycz results to the case of
non-symmetrical TFN, i.e., @ = (a;, 1y, 74,), i =0, 1, ..., m. In actuarial applica-
tions, Andrés-Sanchez 28 propose combining exponential splines and this FR
model to fit temporal structure of interest rates. In a non-life context
Andrés-Sanchez [29] predicts claiming behaviour by using a trending fuzzified
function and Andrés-Sanchez [30] extends ANOVA schema by Kremer [31] for
claim reserving to the presence of fuzziness.

To adjust the centres, we proceed exactly as Savic and Pedrycz [13] or FLS
method. Likewise, to obtain widths we also use MFP, but now we must solve a
slightly different linear programme to (15a)—(15d). Concretely:
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lahr/glﬁlimlse 7= Z Zla, x| + Z Z ra; || (16a)

i j 1 i=0 ] 1 i=0
subject to:

X — Lo | Xii| + . (1-0)<Y;—Ily(1 -0,
2\ g bl o el JUEO S b gy
j=12,...n
Za,-X,-j—l— Z ral,|x,-j|—|— Z la,.|x,-j| (1—d)>Y+ry(1—0o), (16¢)
i=0 i=0,5; >0 i=0,55 <0
j=12,...n

lra, >0 i=0,1,....m (16d)

3.4 Numerical Examples

In this subsection we will develop two simple numerical examples to show in detail
how to implement the regression models exposed above. In both examples the
model to be fitted is: )7]* = apXo; +a1Xy;, where Xo; = 1,j =1, 2, 3, 4. In Example
1 the output observations are crisp numbers and the data is taken from Table 1. So,
the fuzziness in the linear relation reflects only the deviations between observations
Y}, and the centres of their estimates, Y,* With pure MFC (Tanaka [9] and Ishibuchi
and Tanaka [10]) we must fit a model governed by STFNs:

i/j* = (Yj*,Sy/;*) = (ao,S,,U) =+ (Cl],Sal)XU‘ = (Clo +(11X1j,sa0 + 84, \XUD

Table 1 Data for Example 1 and estimates from each regression model

J | ¥ (TK) Yy (FLS) Y' (S&P) Y (I&N) Y;

1 [ (1000, 50) [(992.5,0,0) |(992.5,68.33) |(992.50, 68.33, 65) |(1000,0,0) [1 |1
2 | (1500, 100) |(1510,0,0) | (1510, 136.67) | (1510, 136.67, 80) |(1550,0,0) [1 |2
3 [ (2000, 150) | (2027.5, 0, 0) | (2027.5,205) |(2027.5,205,95) |(1925,0,0) [1 |3
4 | (2500, 200) |(2545,0,0) |(2545,273.33) |(2545,273.33, 110) | (2600,0,0) [1 |4

TK Tanaka’s model, FLS Fuzzy Least Squares, S&P Savic and Pedrycz’s (1992) model and
I&N Ishibuchi and Nii’s [12] model

Xoj [ X
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To fit the parameters a; and s,, we will require a minimum accomplishment level
o' = 0.5 and so, the linear programme to solve for this model is:

Minimise z = 4s,, + 10s,,
0,15y Sa;

subject to:
ap+ay -1 — (1 —0.5)(sq + g - 1) <1000 < ag+ay - 1+ (1 —0.5)(sq, + 54, - 1)
aptay-2—(1=0.5)(sq+ 54, -2) <1550 < ap+ay -2+ (1 —0.5) (54, + 84, - 2)
ap+ap-3—(1=0.5)(sq+5q, -3)<1925< ap+ay -3+ (1 —0.5) (54, + 54, - 3)
ap+ay -4 — (1 —0.5)(sg + 8q, - 4) <2600< ag+ay -4+ (1 —0.5)(s4 + Sq, - 4)
Sag,Sa; > 0

and solving this linear programme we find IN/]* = (Yj*, st*) = (500, 0) + (500, 50)
Xy
With FLS we must fit the following model:

Yj* = (Y;,0,0) = (aQ,O, 0)+(a1,0, O)le = (a0+a1X1j,0,0)

Notice that there is no fuzziness in estimates since the observations are crisp and
so (14b)—(14c) must not be applied. And so, by using OLS we finally fit f’]* =Y =
475 + 517.5X,

The model by Savic and Pedrycz [13], suppose symmetrical coefficients but
estimates their centres by using OLS, i.e. ag =475 and a; = 517.5 as FLS.
Subsequently we must fit s,,, i = 0, 1, by solving:

Minimise z = 4s,, + 10s,,
Sag +Say

subject to:
475451751 — (1 — 0.5) (54, + 5a, - 1) <1000 < 47545175 - 1+ (1 — 0.5) (54 + Sa, - 1)
475451752 — (1 = 0.5) (0 + 50y - 2) <1550 < 47545175 - 2+ (1 — 0.5) (54, + Sa, - 2)
4754517.5 -3 — (1 — 0.5)(5qy + Sa, - 3) <1925 < 475+ 517.5 -3+ (1 — 0.5) (54, + S, - 3)
47545175 -4 — (1 — 0.5) (54, + Sa, - 4) <2600 < 475 +517.5 - 4+ (1 — 0.5) (54, + Sa, - 4)
Sags Sa; 20

and solving this linear programme we find f’]* = (Yj*,sY;) =(475, 0) + (5175,
68.33)X,
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Ishibuchi and Nii [12] suppose that coefficients are non-symmetrical. Likewise
given that the observations of the explanatory variable are positive, we can write:

i/j* = (Y]*,ZY]*,VY;) = (a07lao7rao) +(alall/lmrth)xij =
= (a0 + a1X1j, Loy + Lo, X1j, Fag + 70, X))

The centres of the coefficients are fitted with OLS, i.e. ag = 475 and a; = 517.5.
Subsequently we must fit [,,, r,, i = 0,1, by solving:

Minimise z = 4l,, + 10l,, 4+ 4r,, + 10r,,

lag lay sTag Tay

subject to:

475451751 — (1 = 0.5)(lyy + 1y, - 1) <1000 < 475 +517.5 - 14+ (1 — 0.5)(rgy + 74 - 1)
475 +517.5-2 — (1 — 0.5)(Lyy + 14 - 2) <1550 < 475+ 517.5 -2+ (1 — 0.5)(ryy + 74, - 2)
4754517.5-3 — (1 = 0.5)(lyy + Ly - 3) <1925 < 475+517.5 -3+ (1 — 0.5)(ryy + 14, - 3)
475 +517.5 -4 — (1 — 0.5)(Ly, + 14 - 4) <2600 < 475+ 517.5 -4+ (1 — 0.5)(ryy + 74, - 4)

lan?lalvrau?r(u ZO

and solving this minimising programme we find f’j* = (Yj*,ly/_*,ry;) = (475, 0,

50) + (517.5, 68.33, 15)X,;
Results in Table 1 suggest the following questions:

(a) The mean of the absolute difference between Y;" and Y; is greater with pure
MFP than with LS estimates. With MFP we find (0 + 50 + 75 + 100)/
4 = 56.25. Otherwise, LS estimates produce the following mean absolute
error: (7.5 + 40 + 102.5 + 55)/4 = 51.25.

(b) When output observations are crisp, FLS gives a crisp estimate. So, the dif-
ference between the crisp observation and the linear system is not explained.

(¢c) So, the models by Savic and Pedrycz [13] and Ishibuchi and Nii [12] allow
avoiding the greatest discordance between the centres of the observed and
estimated output that arises when using strictly MFP but also explain the
difference between f/j* and )7] from a fuzzy perspective. Likewise, when
coefficients ag and a; are not constrained to be symmetrical the estimates, f/j*

incorporate less uncertainty and, simultaneously, allow reflecting asymmetri-
cal structure of observations.

In Example 2 the output observations are fuzzy numbers (see Table 2). So, the
fuzziness in the linear relation must take into account not only the deviations
between observations Y}, and the centres of their estimates, Y;, but also the fuzzi-
ness of observations. In all the models that use MFC we stablish a minimum



188

Table 2 Data for Example 2 and estimates from each regression model

J. de Andrés-Sanchez

J | ¥ (TK) Y7 (FLS) Y7 (S&P) Y7 (1&N) Y; Xo, | X,

i i

1 |(992.36, 90.28) (992.5, 45, (992.50, (992.50, 101.67, (1000, 50, 1|1
47.5) 101.67) 90.00) 75)

2 | (1501.39, 180.56) | (1510, 77.5, (1510.00, (1510.00, 203.33, | (1550, 75, 1 |2
95) 203.33) 163.33) 50)

3 (201042, 270.83) |(2027.5, 110, | (2027.50, (2027.50, 305.00, | (1925, 100, |1 |3
142.5) 305.00) 236.67) 150)

4 |(2519.44, 361.11) | (2545, 142.5, | (2545.00, (2545.00, 406.67, | (2600, 150, |1 |4
190) 406.67) 310.00) 200)

TK Tanaka’s model, FLS Fuzzy Least Squares, S&P Savic and Pedrycz’s [12] model and /&N Ishibuchi and

Nii’

s [12] model

accomplishment level o’ = 0.5 for the inclusion constraints. To fit the parameters a;
and s,, with pure MFC, we must solve the following linear programming problem:

subject to:

and solving this linear programme, we

(509.03, 90.28)X, ;
With FLS, we must adjust:

Minimise z = 4s,4, 4 10s,,

ao,a1,Sag »Sa;

ap+ay - 1— (1= 0.5)(sq + 54 - 1) <1000 — 50(1 — 0.5)

ao+ay -4 — (1= 0.5)(sq + 5q, - 4) <2600 — 150(1 — 0.5)
-1) >1000+75(1 — 0.5)

ao+ay - 1+ (1 —0.5)(sq + 5q,

ao+ay -4+ (1 —0.5)(sqy + Sq,

S(lo) S(ll Z O

-4) >2600 +200(1 — 0.5)

find ¥ = (Y;,SY;> —(48333, 0) +

?j* - (YJ*’ le*7 rYJ*) = (a0, lay ray) + (a1, lay s 7y ) Xij
= (ao +01Xl.ja lao +la1X1ja Tqy + ra1X1j)

To adjust the parameters we must fit three OLS models. For the centres we find
with (14a):

Y; =475+ 517.5X,,.
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For the left and right spreads, by using (14b)—(14¢), we find ly; =12.5 + 32.5X,
and ry; = 42.5X, .

To fit the model by Savic and Pedrycz [13], we suppose that the centres of the
parameters are estimated with OLS, i.e. ¢y = 475 and a; = 517.5. Subsequently we
fit 55, i = 0, 1, by solving:

Minimise z = 4s,, + 10s,,
Sag +Say

subject to:

475451751 — (1 — 0.5) (54 + ¢, - 1) < 1000 — 50(1 — 0.5)

4754 517.5 -4 — (1 = 0.5) (54 + 5, - 4) <2600 — 150(1 — 0.5)
47545175 - 1+ (1 — 0.5) (54 + 4, - 1) >1000+75(1 — 0.5)

475+517.5 -4+ (1 — 0.5) (54 + 5a, - 4) > 2600+200(1 — 0.5)

Says Say =0

being the final solution for this model f/]* = (Y]*, SY;) =(475, 0) + (517.5, 101.67)

Xy,

Given that coefficients are non-symmetrical and taking into account that the
centres are the same as in the case of FLS, i.e. ap = 475 and a; = 517.5, to fit the
widths with Ishibuchi and Nii [12] we must solve:

Minimise z = 4l,, + 10l,, + 4r,, + 10r,,

lagslay sTag Tay
subject to:
475+517,5-1— (1 = 0.5)(l4y + 1, - 1) <1000 — 50(1 — 0.5)

4754517.5 -4 — (1 = 0.5) (L + L, - 4) <2600 — 150(1 — 0.5)
475451751+ (1 — 0.5)(rgy +ra, - 1) >1000+75(1 — 0.5)

47545175 -4+ (1 — 0.5) (54 + 4, - 4) >2600 +200(1 — 0.5)

lagalalvraoaral 20

Solving this linear programme we find f/]* = ()fi*,l;/jw,r;/];*) = (475, 0,
101.67) + (517.5, 16.67, 73.33)X, ;.
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The results in Table 2 suggest the following questions:

(a) The mean of the absolute deviation between Y;" and Y is still greater with pure

MFP than with OLS estimates. With MFP we find (7.64 + 48.61 + 85.42 +
80.56)/4 = 55.5. Otherwise, the mean deviation of OLS estimates is 51.25.

(b) We must also remark that despite the centres of observations over response
variable do not change respect example 1, the centres of the parameters (and
so, mode of the predictions) are different in pure MFP model respect to the
width of observations. That is to say, the estimates for the most feasible values
are sensible in pure MFC regression. On the other hand, FLS and models that
mix LS with MFP are not sensible in this sense.

(c) FLS neither reflects in a fuzzy way the uncertainty about the relation of
response and input variables nor the total fuzziness of the observations about
independent variable. Whereas the global uncertainty of the observations,
measured as the sum of the spreads, is 50 + 75 + 75 + --- + 200 = 425, the
uncertainty reflected in FLS is 45 + 47.5 + 77.5 + - + 190 = 375. On the
other hand, the constraints of inclusion lead to the models that use MFP to
capture all the uncertainty of observations. So, in all the cases the sum of the
widths from response observations is smaller than the sum of spreads of their
estimates.

4 Estimating a Fuzzy Yield Curve for Fuzzy Financial
Pricing

Several papers in the financial literature as Kaufmann [32], Buckley [33] or Li Calzi
[34] propose using fuzzy numbers to model interest rate uncertainty. In an insurance
context Ostaszewski [35] and Cummins and Derrig [36] develop life and non-life
insurance financial pricing with fuzzy parameters. In this way Andrés and Tercefio
[16] and Koissi and Shapiro [24] propose estimating a fuzzy Temporal Structure of
Interest Rates (TSIR) with FR as a basis for fuzzy financial pricing since fuzzy
TSIR enable to quantify the anticipated rates in the fixed income markets for the
future with fuzzy numbers. In all the cases the authors modelise the discount factor
described by spot rates with a spline curve with parameters quantified via TFNs.
However, in each paper fit different FR models. Andrés and Tercefio [16] use pure
MFP model and Andrés and Tercefio (2004) estimate Ishibuchi and Nii’s [12] FR
model. On the other hand, Koissi and Shapiro [24] fits TSIR with FLS.

In this section the financial basis of TSIR model to fuzzify is slightly different to
abovementioned papers. Concretely we will adjust the yield curve model by Echols
and Elliot [37]. The yield curve of a bond market relates the Internal Rate of Return
(IRR) of these bonds with their maturity and it is a good approximation of the real
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TSIR that implicitly governs the market. Concretely, Echols and Elliott’s formu-
lation of yield curve is:

IRRj = ag+a (1)~ + aot; + ase; (17)

where:

IRRj =IRR of the jth bond.

tj= maturity of the jth bond.

¢; = Coupon of the jth bond. The objective of this variable is to measure the
coupon bias of the yield curve respect to the TSIR.

Likewise, ag, a;, a, and a3 stand for the parameters of the model.

In our opinion, FR have a number of advantages over traditional regression
techniques in this problem. For our purposes Andrés and Tercefio [19] point out the
following:

(a) The interest rates that we will fit after adjusting regression model is easier to
use in subsequent calculations if they are fuzzy numbers rather that they are
adjusted with random variables.

(b) The asset prices that are determined in the markets depend on the agents’
expectations of future inflation, the issuers’ credibility, etc., i.e., information
that is highly subjective and, sometimes, also vague.

(c) Observations are often not crisp numbers; they are confidence intervals. For
instance, the price (or alternatively, the IRR) of a financial asset throughout
one session often oscillates within an interval, rarely does it remain the same.

In our case, we will assume that the observations about the IRR of the bonds are
TFN. So, for the ith bond, we have that II~€Rj = (IRRj, lIRR/., r,RRj). For the centre,
IRR; we will take the IRR when the price of the bond is negotiated at its mean price
weighted by the liquidity. The left spread is the difference between IRR; and the
minimum IRR negotiated for this bond during the session. Analogously, rig,
comes from the difference between the maximum IRR of the bond within the day
and IRR;.

In our application we will adjust the yield curve to Spanish public debt market
the 01/25/2013 (see data in Table 3). If we take IRR;, j =1, 2, ..., 34 for the
observations of dependent variable, with for the conventional OLS (14a) we fit:

IRRj = 1.155 — 0.085(1;) ' +0.2174+0.257¢;

To use Tanaka’s Model, we formulate Echols and Elliot equation in the fol-
lowing manner:

* —1
(IRijsIRRJ’f) = (aO; Sao) + ((11, Stll)(tj) + (Clz, Sdz)[j + (a3,Sa3)Cj (18)
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Table 3 Fixed income instruments negotiated in the Spanish bond market on 01/25/2013

Asset | Coupon | Maturity Mean Maximun | Minimum | IRR; Lirg, TIRR,
Price Price Price (%) (%) (%)

T-Bill |0 02/15/2013 1 99.989 | 99.989 99.989 0.192 |0.000 |0.000
T-Bill |0 04/19/2013 | 99.898 | 99.898 99.898 0.445 |0.000 |0.000
T-Bill |0 07/19/2013 | 99.657 | 99.657 99.657 0.720 | 0.000 |0.000
T-Bill |0 08/23/2013 |99.476 |99.477 99.476 0.918 |0.002 |0.000
T-Bill |0 12/13/2013 | 98.908 |98.935 98.891 1.253 |0.031 |0.020
T-Bill |0 01/24/2014 | 98.717 | 98.769 98.717 1.304 |0.054 |0.000
T-Bill |0 06/20/2014 | 97.592 | 97.592 97.592 1.758 |0.000 |0.000
Bond |2.3 04/30/2013 | 100.441 | 100.445 100.42 0.593 |0.015 |0.080
Bond |4.2 07/30/2013 | 101.65 | 101.65 101.65 0.928 | 0.000 |0.000
Bond |34 04/30/2014 | 102.04 | 102.04 102.04 1.744 | 0.000 |0.000
Bond |4.75 07/30/2014 | 104.154 | 104.16 104.1 1.922 |0.004 |0.035
Bond |3.3 10/31/2014 | 102.03 | 102.042 102.029 2.111 |0.007 |0.001
Bond |44 01/31/2015 | 104.266 | 104.285 104.18 2212 |0.009 |0.043
Bond |2.75 03/31/2015 | 100.68 | 100.68 100.68 2.423 |0.000 |0.000
Bond |3 04/30/2015 | 101.173 | 101.2 101.13 2.457 |0.012 |0.020
Bond |4 07/30/2015 |103.32 | 103.32 103.32 2.610 |0.000 |0.000
Bond |3.75 10/31/2015 | 102.544 | 102.62 102.42 2.777 |0.028 |0.046
Bond |3.15 01/31/2016 | 100.672 | 100.76 100.65 2914 |0.031 |0.008
Bond |3.25 04/30/2016 | 100.7 100.7 100.699 3.018 |0.000 |0.000
Bond |4.25 10/31/2016 | 103.451 | 103.47 103.436 3.258 |0.005 |0.004
Bond |3.8 01/31/2017 | 101.543 | 101.55 101.53 3.382 |0.002 |0.003
Bond |5.5 07/30/2017 | 108.165 | 108.18 108.15 3.505 |0.003 |0.003
Bond |4.5 01/31/2018 | 103.23 | 103.35 103.2 3.781 |0.026 |0.007
Bond |4.1 07/30/2018 | 101.173 | 101.3 101.03 3.856 |0.026 |0.029
Bond |4.6 07/30/2019 | 102.8 102.8 102.8 4.097 |0.000 |0.000
Bond |4.3 10/31/2019 |99 99 99 4.472 10.000 |0.000
Bond |4 04/30/2020 |97.8 97.8 97.8 4.357 |0.000 |0.000
Bond |4.85 10/31/2020 | 101.713 | 101.81 101.628 4.580 |0.015 |0.013
Bond |5.5 04/30/2021 | 105.066 | 105.3 105.008 4.741 |0.034 |0.008
Bond |5.85 01/31/2022 | 106.569 | 106.802 106.09 4.930 |0.031 |0.065
Bond |5.43 01/31/2023 | 101.971 | 102.23 101.855 5.173 |0.033 |0.015
Bond |4.8 01/31/2024 | 96.287 |96.321 96.272 5.252 |0.004 |0.002
Bond |5.9 07/30/2026 | 103.82 | 103.82 103.82 5.488 |0.000 |0.000
Bond |6 01/31/2029 | 105.35 | 105.35 105.35 5.489 |0.000 |0.000
Bond |5.75 07/30/2032 | 101.84 | 102 101.68 5.589 |0.013 |0.014
Bond |4.9 07/30/2040 | 88.6 88.6 88.6 5.731 |0.000 |0.000
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where the estimate of IRRj after adjusting (8), IRR;‘, is a STEN. In our sample, we
find:

(IRR;‘,SIRR;> —(1.679, 0.000) + (~0.311, 0.224)(1;) "' + (0.286, 0.098)7;
+(0.048, 0.000)c;
FLS formulation for (17) is:

(IRR;*JIRR;, VIRR;) = (a0, lays Tay) + (a1, oy, 70 )1

+ (a27la27 ra2)tj+ (a37la37 ras)cj

(19)

and regressing with OLS centres and radius of IRR; respect #;, ()" and ¢; we
obtain:
(IRR;, liee; r,RR;) —(1.155,0,0) + (—0.085,0.001,0.075) (#;) "
+(0.217,0,0.007)t; + (0.257, 0, 0.012)c;

To use Savic and Pedrycz’s extension of Tanaka’s model we take for the centres
the OLS estimates of the coefficients, i.e. ag = 1.155; a; = —0.085; a, = 0.217;
asz = 0.257, and so:

(IRR;,S,RR;) = (1.155, 0.033) + (—0.085, 0.033) (1)) ' + (0.217, 0.391);
+(0.257, 0.103)¢;

Likewise, with Ishibuchi and Nii [12], the model to be estimated is also (19)
where, as in the case of Savic [13], a¢ = 1.155; a; = —0.085; a, = 0.217;
as = 0.257 but the coefficients are non STFN.

(IRRf7 lirr; 5 VIRR;) = (a0, lags Tay) + (@1, 1oy s Tay )ffl

+ (a2,la2; rag)tj+ (a3vla37ra3)cj

Concretely:

(IRRI.*,IIRR;,rIRR;> =(1.155,0.030,0.243) + (—0.085, 0.030, 0.075) (1) "

+(0.217, 0.153, 0.014)z; 4 (0.257, 0.116, 0.000)c;
The TSIR is the functional relation between spot rates (that for a given maturity

t years we will symbolise as r,) and their maturity (¢ years). That function is also
known as zero coupon rate since r; is the IRR of a bond with that maturity that does
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Table 4 Estimates of spot rates, for maturities from 6 months to 30 years

t TK FLS S&P I&N
0.5 | (1.200, 0.497) (1.094, 0.000, 0.014) | (0.986, 0.832) | (1.094, 0.350, 0.309)
1 (1.654, 0.322) (1.288, 0.001, 0.007) | (1.288, 0.457) | (1.288, 0.212, 0.333)
2 (2.095, 0.309) (1.548, 0.002, 0.003) | (1.548, 0.295) | (1.548, 0.166, 0.401)
3 (2.433, 0.370) (1.779, 0.003, 0.002) | (1.779, 0.262) | (1.779, 0.170, 0.474)
4 (2.744, 0.450) (2.004, 0.003, 0.002) | (2.004, 0.263) | (2.004, 0.188, 0.548)
5 (3.045, 0.537) (2.225, 0.004, 0.001) | (2.225,0.276) | (2.225, 0.210, 0.623)
6 (3.341, 0.628) (2.446, 0.005, 0.001) | (2.446, 0.296) | (2.446, 0.235, 0.698)
7 (3.634, 0.721) (2.665, 0.006, 0.001) | (2.665, 0.320) | (2.665, 0.261, 0.773)
8 (3.925, 0.815) (2.884, 0.007, 0.001) | (2.884, 0.346) | (2.884, 0.288, 0.848)
9 (4.215, 0.911) (3.103, 0.008, 0.001) | (3.103, 0.373) | (3.103, 0.316, 0.923)
10 |(4.504, 1.006) (3321, 0.008, 0.001) | (3.321, 0.402) | (3.321, 0.344, 0.999)
20 | (7.376, 1.979) (5.500, 0.017, 0.000) | (5.500, 0.712) | (5.500, 0.636, 1.752)
30 |(10.237,2.960) | (7.677, 0.025, 0.000) | (7.677, 1.035) | (7.677, 0.933, 2.506)

TK Tanaka’s model, FLS Fuzzy Least Squares, S&P Savic and Pedrycz’s [13] model and
I&N Ishibuchi and Nii’s [12] model

not pay any coupon. So, with Echols and Elliot [37] formulation of yield curve,
TSIR is approximated without considering the coupon. In a crisp environment, we
will approximate in our numerical application, r, ~ 1.155 — 0.085 ' +
0.217t. Likewise, Table 4 shows several TSIR fitted with FR models.

5 Fuzzy Regression to Trend Behaviour of Claiming

Claim provisions are crucial for the financial stability of insurance companies. This
is why actuarial literature has proposed numerous claim reserving methods, which
are usually based on statistical concepts. However, Straub [38] points out that the
mutant and uncertain behaviour of insurance environments does not make advisable
to use a wide data-base when calculating claim reserves. For example, if claims are
related to bodily injuries, the future losses for the company will depend on the
growth of the wage index (which will be used to determine the amount of
indemnification due), changes in court practices and public awareness of liability
matters. On the one hand, this involves a considerable loss in reliability of statistical
methods but, on the other, it makes the use of Fuzzy Set Theory very attractive. In
this section we expose the FR method by Andrés-Sanchez [29] to trend claiming
growth rate throughout development periods.

The data-base about the evolution of the claims, is usually presented in a run-off
triangle similar to Table 1, where Z;; is the accumulated claim cost of the insurance
contracts underwritten in the ith period (i = 0, 1, ..., n) at the end of the jth claiming
period (j = 0, 1, ..., n). We would like to point out that it is common in actuarial
literature to use a “squared” claim triangle like ours: i.e. a claim triangle in which
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the number of origin and development periods is equal (n + 1 in Table 1). So the
accumulated value of claims we know for the ith origin period ends at a jth period,
where i + j = n or, equivalently, j =n — i.

The differences between the methods proposed in actuarial literature for claim
reserving are not in the way in which the data are presented but how the cumulated
claims are predicted in development periods where they are unknown (i.e., to
determine Z;;, i =0, 1, ....n,j>n —iin Table 5and i=0, 1, ..., 4,j>4 —iin
Table 6).

Many claim reserving methods require that the link ratio triangle be determined
firstly. The link ratio of the ith underwriting period at claiming period j, r;, is the
growth ratio of cumulated claims at the ith origin period between development
periods j and j +1:

Zij+1

Tij=—— (20)

So, by applying (20) in Table 1, we deduce the general form of a link ratio
triangle, i.e. Table 7. Table 8 shows the link ratio triangle in our numerical
example.

The key to predict future claiming behaviour consists in fitting a representative
link-ratio for any underwriting period for the pairs of claiming periods j and j + 1,
1,7 =0,1,...,n — 1. However, if independent estimates are obtained for r;, j = 0,
1, ..., n — 1, an overparameterisation problem may be produced. So, the capability

Table 5 Run off triangle

Claiming/development period

0 1 j . n-1 n
Underwriting/origin 0 Zoo /% ... Zy; . Zon- Zon
period 1
1 Zio Zia Zy Zin-
) 1
i Zio Zl 1 Z;j

Table 6 Run off triangle in our numerical applications

Claiming/development period

Underwriting/origin period year ilj 0 1 2 3 4
2000 0 1120 2090 2610 2920 3130
2001 1 1030 1920 2370 2710
2002 2 1090 2140 2610
2003 3 1300 2650
2004 4 1420
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Table 7 Link ratio triangle

Claiming/development period

0 1 R | n—1 n
Underwriting/origin 0 roo =20y  roa =20 ... roj=2o,j - Ton1 = Zo,
period Zoo Zo,1 /2o Wl Zo p-1
1 ro=21/ =2 ... r;=2i; - -
Zio Zoa /2y
i rio=2Ziy/ rin=2Zi/ ... rij=Z; = -
Zio Zi, +/Zij
n-— Tn10 = Zn.
1 1./ Zn-10

n — — — — — —

Table 8 Link ratio in our numerical example

Claiming/development year
ilj 0 1 2 3 4

Underwriting/origin year 2000 0 1.866 1.249 1.119 1.072 -
2001 1 1.864 1.234 1.143 - -
2002 2 1.963 1.220 - - -
2003 3 2.038 - - - -
2004 4 - - - - -

of generalising the historical data of this usual procedure may be not very good. To
obtain a better generalisation capability, the number of parameters to be fitted
should be reduced as much as possible. To solve this drawback, Sherman [39]
proposes to smooth link ratios r;, j =0, 1, ..., n — 1 with:

r=1+e(+1) (21)

where the parameters to be estimated are only a and b. Notice that in our example,
modelling r; with (21) involves fitting only 2 parameters (a and b) and not indi-
vidually ry, ry, 12, r3. Although (21) is not linear, we can transform it easily into a
linear expression:

where R; = In (r; — 1).
Notice that the representative link ratio for the development year r; (and so, R))
can be interpreted as an uncertain quantity. So, in our case we can quantify in a

natural way R; as a TFN R = (Rj, Ig;, rR].) where:
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(-1
Rj — 21:0 n(’:’:l ) (233)
n—j
le :Rj—ln(Min{rOJ,rlj,...,r,,_j_lJ} — 1) (23b)
er = ln(MaX{rOJ,ru,...,r,,,j,lJ} — 1) —Rj (230)

Table 9 shows the values of TFNs Rj = (Rj,lRf,er) j=0, 1, 2, 3, that we
deduce from Table 8, (23a), (23b) and (23c¢):

So, considering R, j = 0,1,2,3 as crisp observations of dependent variable, with
OLS we adjust R; = —0.103 — 1.829-In(j + 1). In this way, Andrés-Sanchez [29] fits
the evolution of claiming growth with FR:

R =a+bin(j+1) (24)

J

In the case of pure MFP model, the coefficients will be the STFNs a = (a, s,)
and b = (b, sp), So, the model (24) turns into (25):

(R,.*,SR;) = (@, 52) + (b, 5p)In(i+ 1) = (@ +bln(j+ 1), 54+ spln(i+1))  (25)
and with the data in Table 9 we find:
(R;,SR;_«) = (~0.129, 0.223) + (~1.795, 0)In(j + 1)
If we use FLS, the model to be estimated is:

(R;aleer,-) = (aala;ra) + (bvlbvrb)ln(i+ 1)
= (a+bin(G+1),l,+ LInG+ 1), 7, + rpIn + 1))

(26)

and with the data in Table 9 we find:

(R;, Ig:. rR;) = (—0.103, 0.057,0.067) + (—1.819,0,0)In(j+ 1)

Table 9 Fuzzy observations
Rj = (Rj,le,rR,.),j = 0, 1, 2,
3 in our example

i"j = (Rj7lRi’rR7)

(=0.072, 0.074, 0.110)
(—1.453, 0.063, 0.061)
(—2.036, 0.094, 0.094)
(—2.632, 0.000, 0.000)

W~ ||~
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To use Savic and Pedrycz [13] we take for the centres the OLS estimes of the
coefficients, i.e. a = —0.103 and b = —1.819 and so, the STFN formulation is:

Oﬁﬁﬁ):(—QHB,0%@%{—L&%(Dh0+n
Likewise, with Ishibuchi and Nii [12] we fit:
(@J@J@):(—0m1024L02m)+@48wxxmmg+u

After adjusting parameters @ and b, we can obtain the fuzzy growth rate of

claims between jth and (j + 1)th development period, 7;, by evaluating (21) with
FNs, ie.:

= 14e"(i+ 1) (27a)

So, taking into account that r; is an increasing function of a and b (see

Andrés-Sanchez [29]), its a-cuts can be obtained following (3b) when a and b are
TFNs as:

r, = [Q(a)77j(a):| _ [1+eafla(lfoc)(j+l)bfl;,(lfac),1+ea+r1,(lfoc)(j+1)b+r;,(lfac)]
(27b)

In the particular case where if a and b are STFNs, then:
1= (1), 5(@)] = [T+ e 07 (o 1) 00 g g1 g gl
(27¢)

So, Tables 10, 11, 12 and 13 show the smoothed link rations from the FR
models fitted in this section.

Table 10 o-cuts of claim growth rates 7;, j = 0, 1, 2, 3 from MFP

7o 3l ) 73

o ro(t) 70(2) (o) (o) ra () 72 (o) r3(2) 73 ()
1.879 1.879 1.253 1.253 1.122 1.122 1.073 1.073
0.5 1.786 1.983 1.227 1.283 1.109 1.137 1.065 1.082
0 1.703 2.099 1.203 1.317 1.098 1.153 1.058 1.091
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Table 11 o-cuts of claim growth rates 7j, j = 0, 1, 2, 3 from FLS

o A 72 3

o ro(®)  |n)  n() (T e w0 ) E)
1902 1902 [1256 [1256 [1.122  |1.122  [1.072 | 1.072
05 [1.877 1933 |1248 |1264 [L119 1126 |1.070 | 1.075
0 1852 1965 [1241 [1273 |L115 1131  |1068 | 1.077

Table 12 o-cuts of claim growth rates 7, j =0, 1, 2, 3 from Savic and Pedrycz [13] fuzzy
regression model

7o 7 ) 73

o ro(e) 7o(e) ri(x) i () ra(x) 72 (o) r3(a) 73 ()
1.902 1.902 1.256 1.256 1.122 1.122 1.072 1.072
0.5 1.798 2.019 1.226 1.289 1.108 1.138 1.064 1.082
0 1.707 2.151 1.200 1.326 1.096 1.156 1.057 1.092

Table 13 o-cuts of claim growth rates 7, j =0, 1, 2, 3 from Ishibuchi and Nii [12] fuzzy
regression model

7o 7 ) 73

o ro(%) 7o (%) ri(x) 7i(x) ra (o) 72 (o) r3(o) 73 ()
1.902 1.902 1.256 1.256 1.122 1.122 1.072 1.072
0.5 1.800 2.019 1.227 1.289 1.108 1.138 1.064 1.082
0 1.709 2.151 1.201 1.326 1.096 1.156 1.057 1.092

6 Conclusions

This chapter has described fuzzy regression methods. Fuzzy regression is one of the
most important instruments in fuzzy data analysis and it has been used widely in
empirical applications. Taking into account the cost function to be minimised in
order to adjust the coefficients, three different fuzzy regression methods have been
developed: minimum fuzziness principle (MFP) methodology, fuzzy least squares
(FLS) and procedures that mix both pure principles. So, whereas MFP is very
sensitive to outliers and, in general, to any little change in data, FLS is not able to
explain uncertainty in the linear relation of variables and also, when there is
presence of fuzziness in data, the estimates does not reflect all the uncertainty of
them. So, mixed methods arise as an interesting alternative that solve both
drawbacks.

We also had paid a special attention to the applications of fuzzy regression in
several areas of actuarial science as well as we have developed detailed two of the
most common uses: the estimation of temporal structure of interest rates and the
prediction of future claim costs in a non-life insurance context.
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Fuzzy Correlation and Fuzzy Non-linear
Regression Analysis

Murat Alper Basaran, Biagio Simonetti and Luigi D’Ambra

Abstract In this chapter, we will deal with fuzzy correlation and fuzzy non-linear
regression analyses. Both correlation and regression analyses that are useful and
widely employed statistical tools have been redefined in the framework of fuzzy set
theory in order to comprehend relation and to model observations of variables
collected as either qualitative or approximately known quantities which are no
longer being utilized directly in classical sense. When fuzzy correlation and fuzzy
non-linear regression are concern, dealing with several computational complexities
emerging due to the nature of fuzzy set theory is a challenge. It should be noted that
there is no well-established formula or method in order to calculate fuzzy correlation
coefficient or to estimate parameters of the fuzzy regression model. Therefore, a rich
literature will accompany with the readers. While extension principle based methods
are utilized in the computational procedures for fuzzy correlation coefficient, the
distance based methods preferred rather than mathematical programming ones are
employed in parameter estimation of fuzzy regression models. That extension
principle combined with either fuzzy arithmetic or non-linear programming is two
different methods proposed in the literature will be examined with small but illus-
trative examples in detail for fuzzy correlation analysis. Fuzzy non-linear regression
has been a relatively new studied method when compared to fuzzy linear regression.
However, both employ similar tools. S-curve fuzzy regression and two types of
quadratic fuzzy regression models in the literature will be discussed.
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1 Introduction

Both correlation analysis and regression analysis are two of the most applied sta-
tistical tools in several disciplines due to its applicability and interpretability. They
allow certain types of measurements to be used in classical statistical theory which
means that observation are supposed to follow certain distributions. However,
encountering observations either described by linguistic terms such as “bad”,
“good” and “very good”, or approximately known quantities such as “around 2” is
possible. With the introduction of fuzzy set theory, uncertainty different than one
defined by probabilistic framework being modeled with possibility distribution for
data collected as either qualitative or approximately known quantities has been a
research area for data analysts.

Extending both methods to fuzzy framework gives rise to several proposed
methods utilizing different aspects of fuzzy set theory.

2 Fuzzy Correlation Analysis

Correlation coefficient is a statistical measure which determines both the direction
and strength of the linear relation between two variables which is defined by

S~ D) ()
V=2 S (i 9

()

rxy =

where X and Y are variables whose values are denoted by (x;,y;),i = 1,2,...,n and
their corresponding arithmetic means are denoted by x and y respectively. Its range
restricted in a closed interval [—1, 1] tells how strong the linear dependence is
between those variables with the knowledge of direction.

When the correlation coefficient is reconsidered in the fuzzy setting which means
that observation values either are qualitative knowledge such as linguistic terms
taking values of, for example, “bad” or “good” or “excellent”, or are approximately
known values, for instance, the value of the quantity can be defined around 2,
measuring it is a need to quantify the relation. Both types of data are encountered
when subjective or linguistic evaluations are provided by experts in the field of
engineering, management or social sciences [1-3]. For example, the need for fuzzy
correlation measure can arise when to quantify relation between the technology
level and the management achievements of firms in management science or when to
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partition images to determine similarity or dissimilarity is concern in the field of
engineering. Indeed, these types of exemplifications can easily be extended to any
disciplines. Therefore, measuring correlation coefficient between two variables
involving fuzziness is a need and computational procedures are challenging than
that given in (1).

Computing fuzzy correlation employs basically two different methods. The first of
which is to rely on Zadeh’s extension principle, which aims at finding the mem-
bership function of fuzzy correlation. In order to determine membership function of
fuzzy correlation, some methods are available providing with both analytical and
numerical solutions, for example, using weakest t-norm and non-linear program-
ming. Before explaining the details of the methods that are utilized in the compu-
tation of fuzzy correlation as well as fuzzy non-linear regression, some preliminary
notions and definitions are needed which are fuzzy numbers, LR type fuzzy numbers,
a-cuts of a fuzzy set and triangular norm, namely, t-norm, Zadeh’s extension prin-
ciple, fuzzy arithmetic. More detailed treatment of the subjects mentioned above can
be found in variety of books pertinent to fuzzy set theory or fuzzy logic [4].

A fuzzy number is a convex subset of the real line R with a normalized mem-
bership function. For example, an asymmetric triangular fuzzy number X = (x, a, f§)
is defined by

1 =21 ifx—a<t<x
()= 1-5, ifx<t<x+p (2)
0,  otherwise

where the center value x € R, left spread value & > 0, and right spread value § > 0
are based on the definition of fuzzy number. When o = f§ is assumed, an asym-
metric triangular fuzzy number is called a symmetric triangular fuzzy number and is
denoted by X = (x, o). Other types of fuzzy numbers such as trapezoidal fuzzy
number and Gaussian fuzzy number are also defined and utilized in various
applications dependent upon the suitability, interpretability, and applicability.
A fuzzy number X = (x, &), of type LR is a function from real numbers into the
interval [0, 1] defined by
: L()%’) for x—a<t<x
X() {R(’;—;‘) for x<t1<x+p (3)

where L and R are non-increasing and continuous shape functions from [0,1] to
[0,1] satisfying L(0) = R(0) = 1 and L(1) = R(1) = 0.
An a-cut of a fuzzy set is a crisp set defined by

Ay = {x € Aluy(x) > o} 4)
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A binary operation T on unit interval is said to be a triangular norm or t-norm if
and only if T is associative, commutative, non-decreasing and T(x,1) =
x foreachx € [0, 1].

Extending ordinary arithmetic into fuzzy number setting is possible by
employing Zadeh’s extension principle defined by

pg(y) = Sup min(gy, (x1), - - -, (%)) (5)
N
(X1, Xy) € Upx.. xU,
y=F(x1,. . x)

where A = Ajx.. xA, and U = Ux. . .xU, are Cartesian product of the fuzzy sets
A;,(i=1,...,n) and universal sets U;, (i = 1,...,n) of fuzzy sets respectively.

2.1 Fuzzy Correlation Coefficient Based on the Weakest
t-Norm (T,,) and Fuzzy Arithmetic

When Zadeh’s extension principle is rewritten using one of union operators such as
t-norm instead of minimization, the arithmetic operators are defined by

(A®B) = Sup T(A(x),B(y)) (6a)

(A ® B) = Sup T(A(x),B(y)) (6b)

(AoB) = Swp T(A(x), B(y)) (6¢)

x/y=z

where A and B are fuzzy numbers and @ , ® , @ are fuzzy arithmetic operators for
addition, multiplication and division, respectively.

When fuzzy correlation is being computed, applying the extension principle
based on the weakest t-norm denoted by 7, for a sample of n independent pairs of
LR type fuzzy numbers is the method using the classical definition of the correlation
coefficient given in (1) [5]. Instead of using the union operator Sup, T,, based fuzzy
addition and multiplication are preferred in order to preserve the shape of the
resultant LR type fuzzy numbers since it is the fact that fuzzy multiplication and
division operators lead to resultant fuzzy numbers different than LR types except
fuzzy addition and subtraction.
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When the observations are fuzzy, the sample correlation coefficient given in (1)
is rewritten.

Zzn 1 (X — ﬁo Z?:l %) (Vi — %O Z?:l Vi)
XY ~\2 ~ o ~3\2
oG- S R S G- E )

()

where X; = (x;,7;) and y; = (v;,9;), i = 1,2,...,n, are symmetric triangular fuzzy
numbers and ¥ =1"3"" X and §=1"3"" 3 are the average values of fuzzy
numbers X and Y, respectively. Then the average values of fuzzy numbers X and ¥
are calculated based on T, as follows:

= (03w max ) (80)
F= (3w max ) (50

The expressions given in (8a) and (8b) can be written for just some observation
using 7, as follows:

(x—xz)—(xz—;i Xiy Max ) (9a)
B S 5 9
(y—yi)—(yi—;ii Yis Max i), (9b)

Then the product of (9a) and (9b) is obtained as follows:
1 n 1 n 5 1 n
xi_;;xi Yi_;;)’i , max 1?/?2;1 k> )’i_;;yi lf<n,fi><<nm .

(10)
The numerator of (7) is the summation of the product of (9a) and (9b) using T,
based fuzzy arithmetic denoted by
max >
1<k<n

(11)

In order to compute the denominator of (7), we will follow the similar steps. The
summation of the square of the differences between fuzzy observations and its
fuzzy arithmetic mean for each variable is denoted using T,, based fuzzy arithmetic
in (12) and (13).

1
Xi —— E Xi
n<

i=1

x14’7 E Xk

max o
1<ken B

(Z ( 12) 2, (y' Zyk)v&*,zn xlwzm
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n 1 n 2
(Z D ILTRI S NEr) DA /k> (12)
L

i=1 i=1

n 1 n 2
(Z()’i_; Vi) 1Ta§'l| ——Zxkllinai( 5k> (13)
L

i=1 i=1

The product of (12) and (13) yields (14) and (15)

i=1 i

HOESEEE

1 n
2
max { Z Z, | Xk) max lyi — —Zi:, Vil ,max Ok,

n 1 n 1 n
Zi:l (i = ;Zizlﬂ) e i — nZi:1Xk| | Tax Vi
2
Z?:l (xi — %Z?:lxk) Z:’:l (i — %Z?:l)’k)

where expressions in (14) and (15) are center and the spread part of the fuzzy
number in denominator of (7), respectively.

Hence, both numerator and denominator are obtained. The last step is to divide
those two fuzzy numbers. Its division is simply based on the implementation of the
expression given in (6c¢). It is denoted by

(15)

where a, b > 0 and it is assumed that L = R, also A = (a, o), and B = (b, f§),, are
fuzzy numbers. Also, other cases including the different signs of two fuzzy numbers
are easily defined and given in [5]. It should be noted that expression given in (16)
holds for LL types fuzzy numbers.

A small data set presented in Table 1 will be used in order to exemplify
calculations.

Table 1 Data set.for bpth %= (%, 7) 5 = (31, 67)
fuzzy numbers written in the

form of symmetric triangular (2.0.10) (20.0.2)
fuzzy numbers (3.0,0.4) (2.6,0.3)
(3.2,0.3) (2.9,0.5)
(3.5,0.2) (3.8,0.4)

(4.1,0.5) (6.0,0.60)
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Fuzzy arithmetic for both variables are obtained as X = (3.26,0.5) and Y =
(3.46,0.6). Then using expression (11) results in (3.582, 1.27) which is the enu-
merator of (7). The denominator is calculated using (14) and (15) leading to (3.72,
2.71). When former value one is divided by the latter one, the membership function
for correlation coefficient is denoted by

v T (372,271)

(3.58,1.27) { | — maxsromsy i 0-341 <2<0.96

2.2 Fuzzy Correlation Based on Zadeh’s Extension
Principle

Another approach in the computation of fuzzy correlation coefficient is to use the
a-cuts of fuzzy numbers in order to derive the membership function proposed by
[6]. This method relies on the application of the extension principle aiming at
finding the a-cuts of 7’;};. The a-cuts of X; and Y; are denoted by

(X, = [(%)% (0)4] = [min sl (x) = 2} max{ul (v) 2 )] (17a)
(Y;), = [(V);. (Y));] = [min{yils, (vi) = er}, max{yilus, (vi) 2 2}] (17b)

Also, its interval form containing the values of both variables are denoted by

(%), (1),] = Imin{uls () > oh max (ol (6) 2 )] (18)

where the a-cuts of X; and ¥; are both crisp sets.
Then as mentioned in [6], a pair of non-linear mathematical programs are
introduced in order to find the lower and upper bounds of the a-cuts of 7‘;;. Those

are denoted as follows:

(ot =min (377 (=00 =) VS0 iP5 )

s.t (X,)i <x; < (X,')U Vi

o ?

()t <x <)Y, vi
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i=1

(rxy), = max [ Z; (7 — %) (vi — )’)/\/Z?_l (x; — x)° zn:()’i - )’)2>]
X Vi

(19b)

In the case of nonexistence of analytic solutions of non-linear programming
problems, it is possible to obtain the numeric solutions for (rxy)i and (rxy)i] at
different a levels, which leads to the approximate shape of L(r) and R(r). A small
data set which is given in Table 1 will be used to exemplify.

In order to work with a pair of non-linear programming problems, the a-cuts of
variables for specified values (a0 = 0.0, 0.1, ..., 0.9, 1.0) are tabulated in Tables 2
and 3, respectively.

For each o value, while the first column shows the left end point, the second
column denotes the right end point. Similar construction is made for the fuzzy Y
variable in Table 3.

Based on those values presented in Tables 2 and 3, a pair of non-linear pro-
gramming problem is solved in order to calculate correlation values for each cor-
responding a-cut values. Those are tabulated in Table 4.

Table 2 The a-cuts values for X

a=0.0 a=0.1 a=02 a=0.3 a=04 a=0.5

2.4 2.6 241 |259 (242 |258 (24 2.6 241 |259 |242 |2.58
2.6 34 2.64 |336 (2.68 |332 (26 34 2.64 |336 |2.68 |3.32
2.9 35 293 347 (296 |344 |29 35 293 347 |296 |3.44
33 3.7 332 |3.68 |3.34 |366 (3.3 3.7 332 [3.68 |3.34 |3.66
3.6 4.6 3.65 |455 |3.70 |450 (3.6 4.6 365 [455 |3.70 |4.50
a=0.6 a=0.7 a=028 a=09 a=1.0
246 |254 [247 253 (248 |246 |254 |247 253 |248
2.84 |3.16 |[2.88 |3.12 (292 |2.84 |3.16 |2.88 |3.12 (292
308 |[332 |3.11 |329 |3.14 |3.08 |[332 |3.11 |329 |(3.14
342 |3.58 344 |356 (346 |342 |358 (344 |356 |[3.46
390 [430 395 |425 |4.00 |390 (430 (395 |425 [4.00
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Table 3 The o-cuts values for ¥

a=0.0 a=0.1 a=02 a=0.3 a=04 a=0.5

1.8 2.2 1.82 |2.18 |1.84 |2.16 |[1.86 |2.14 |1.88 |[2.12 |19 2.1
2.3 2.9 233 |287 |236 |2.84 (239 (281 |242 (278 |245 |2.75
24 34 245 |335 |25 330 [2.55 325 |26 32 265 |3.15
34 4.2 344 |4.16 (348 |4.12 |[352 (408 |356 [4.04 |3.6 4.0
54 6.6 546 654 |552 |648 |[558 (642 |564 |636 |57 6.3
a=0.6 a=0.7 a=0.8 a=09 a=10
1.92 |208 [194 |206 [196 |[2.04 |198 |[2.02 |20 2.0
248 272 [2.51 269 (254 (266 |257 |2.63 |26 2.6
2.7 3.1 275 [3.05 |28 3 2.85 (295 |29 2.9
364 (396 |3.68 |392 |3.72 |3.88 |[3.76 |3.84 |38 3.8
576 624 |[582 |6.18 (588 [6.12 |594 |6.06 |6.0 6.0

3 Fuzzy Non-linear Regressions

Fuzzy linear regression has been utilized as a modeling technique since the first
introduction by [7] when one encounters different settings such as linguistically
defined values, small data sets, unknown structure between dependent variable and
independent variables, approximate measurements like intervals. Modeling endea-
vor covers several applications in many disciplines ranging from quality function
deployment to determining claiming reserves [8, 9]. Also, it allows crisp numbers to
be utilized in the modeling. Therefore, several types of fuzzy linear regression
models and their parameter estimation methods have been proposed. The generic
form of it can be denoted by

Y=A)+A X1+ +A, X, i=1,...n (20)

where parameters, dependent and independent variables are all fuzzy numbers
represented as one of the types such as triangular, trapezoidal and Gaussian fuzzy
numbers.

Despite of the fact that several estimation methods have been defined, they are
actually being grouped into two different methods that have been utilized and
evolved during the research. The first of which is based on mathematical pro-
gramming methods such as linear programming, goal programming, and non-linear
programming and so on. The second one is to rely on the minimization of distance
between two fuzzy sets so-called fuzzy least squares, which are the squares of the
differences between the observed and estimated values of dependent variable.

When fuzzy non-linear regression is concern, the same variety pertinent to model
types and their estimation methods are encountered. In this chapter, two different
types of fuzzy non-linear regression models that are available in the literature will be
presented with small but illustrative examples. The first one is called S-shaped curve
fuzzy regression whose crisp version is widely utilized in the modeling of complex
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systems such as biology, agriculture and social economy. Both input variable and
output variable in this model are fuzzy numbers. Its parameter estimation method is
based upon minimizing the distance between fuzzy observed values and fuzzy
estimated values which are represented by the pre-defined model. The parameter
estimates are obtained as crisp values. The second one is called quadratic fuzzy
regression model which appears to be two different types. While the first quadratic
fuzzy regression allows quadratic term to be included in the model, the second one
has interaction terms. While input variables have crisp values, the output variable
and the parameters are fuzzy values. Its parameter estimation method uses the dis-
tance based methods aiming at minimizing the difference between observed values
and estimated values proposed by [10, 12, 13].

3.1 S-Shaped Curve Fuzzy Regression

S-shaped curve fuzzy regression was proposed by [11] in order to model obser-
vations that are encountered in complex systems such as biology, social economy
and agricultural sciences where the trend of growing is experienced slowly at the
beginning, rapid increments are observed during process and it finishes with the
saturation at the last phase.
Suppose that %; and y;, (i = 1,...,n) are observations that are tried to be mod-
eled defined by
y=(a+b-exp (-X))"', a,beR (21)
It is assumed that least squares based metrics between fuzzy numbers has better
estimation ability when parameter estimation in fuzzy non-linear regression is
concern. Therefore, metric defined in (22) will be utilized to determine parameters
of the model given in (21).

1
2

d(A,B) = [/Olwz(rx)dz(Aq,Ba)dt , ABEF(R) (22)

where wz(oc) should be chosen as a monotone increasing function in [0, 1], and A
and B are fuzzy numbers defined on real line denoted by F(R).

The motivation behind choosing monotone increasing function is based on the
desire of having higher degree of membership level set when determining the
distance between fuzzy numbers.

The distance based on the o-cuts of A and B given in (22) is denoted by
& = (As,B,) = () = p(o)]* + [r() — q()]’ (23)

where A, = [I(2), /()] and B, = [p(«), g(a)].
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Utilizing the metric and the model given in (21) and (22) respectively, the least
squares optimization problem is written in (24).

Lo 1
Minimize M(a,b) = Zi:l d? (a+bexp(—56i)7)~7> (24)

The a-cuts of functions of X and Y are represented as follows:

—~
i
~

« =), gi(@)], (X;), = [mi(2), vi(@)],

—

1 : X = |exp(—V;), expl—u;
<ilhmyﬁ@hﬁmfm%[p(0,p(z% (25)
(exp(X:)), =lexp(u;),exp(vi)], o € (0, 1]

i

where expression in (25) holds for positive fuzzy numbers.

Two different minimization functions are defined with respect to the sign of b,
which are for b >0 and b <0, respectively.

In order to simplify the notations, the a-cut in parenthesis is removed. Also, w? is
adapted instead of using w?(«) in (22) and (25).
For b >0, the a-cut of (a+ bexp(—%;)), is denoted by
[a+bexp(—vi),a+bexp(—u;)], (i=1,...,n) (26)

Then, its least squares optimization function given in (24) is rewritten

minht (0.0) =3, (ot bep(-x). )
Lo 1\ 2 12
:/0 w [,_Zl (a—i—b exp(—v;) —;) + (a—i—bexp(—ui) _J_3> }doc
(27)

By taking derivatives of optimization function given in (27) with respect to
parameters a and b, an equation system consisting two equations are obtained. The
first equation system is denoted by ES1

b2 L2 N
2na [ wido+b [ w? 3T, (exp(—vi) + exp(—u;))da
i p
:LMZMG+QM
1 1
a [ w? 3T (exp(—vi) + exp(—up))dor+b [ w?) 301, (exp(—2v;) + exp(—2u;))dor
= fol w2y (%exp(fZV,- + éexp(qui))da

ES1 =

(28)



Fuzzy Correlation and Fuzzy Non-linear Regression Analysis 215
For b <0, the a-cut of (a+ bexp(—%;)), is denoted by
[a+bexp(—u;),a+bexp(—v;)], i=1,...,n) (29)

Then, its least squares optimization function given in (24) is rewritten for this
case.

- 1
1 — 2 p— J—
nlll})nM_(a,b) —Zd (a+bexp( x,),j}i)

- l/;l w2 Z [(a +b exp(—u;) — §>2 + <a +bexp(—vi) —%)2]01“
(30)

By taking derivatives of optimization function given in (30) with respect to
parameters a and b, an equation system consisting two equations are obtained. The
second equation system is denoted by ES2

2na fol wzdoH-be1 w2 (exp(—v;) + exp(—u;))do
=1
1 n
= i W@ 3 (gl + i)

ES2 = , ,
a fol w2 3" (exp(—v;) + exp(—ui))doc +b fol w2 3 (exp(—2v;) + exp(—2u;))do
-1 -1

= [iw? > ( mexp(—vi+ ﬁexp(—%i))doc
(31)

In order to find the parameters of fuzzy non-linear regression defined in the form
of S-curve fuzzy model, ES1 and ES2 needs to be solved. For this purpose, criterion
is defined by [11], which is denoted by (32) and (33) are utilized.

Dy, =2n / w?do / (fexp —exp(v,))doc

_/0 WZ;(exp(—w)+ exp(ui))da/olwzlz:: Gl . é)do{ (32)
Dy :zn/ Zdoc/ eXp( H%exp(vi))da
(33)

—/ ZZ exp(—u;) + exp(— ))doc/olwzz::GiJri)doc

I

It is proved by [11] that D, > D,, .
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Based on values of D, The solution set of (28) or (31) is searched using the
computational procedure

If D, >0, expression (28) has unique solution which is denoted by the form of
parameter estimates

Dy,
andb = — 34
a= D D (34)

where p; and D are determinant values which are defined by

n 1 n
Jyw? S (fl + é)doc Sw* > (exp(—vi) + exp(—u;))do
p1L= N i=1 0 ’;,:l
fo w? Z} ( exp(u;) + + exp(v,))doc fol w? ; (exp(—2v;) + exp(—2u;))do
(35)
2n [y wido, I w2 S (exp(—vi) + exp(—u;))da
D = n Ii:
fol w2 Z:l (exp(—v;) + exp(— fo w? Z:l exp(—2v;) + exp(—2u;))da
(36)

If D, <0, then D,_ <D; <0. Hence expression (31) has a unique solution
which is expressed in the form of parameter estimates

Dy
a:% andb:% (37)

where p, is a determinant value which are defined by

[y wdor zn: (fl + é)dtx [y w? i: (exp(—v;) + exp(—u;))do
Py = i=1 ’;:l
o Z (Lexp(u) + texp(vi) )da [y w? 3 (exp(~2v) + exp(~2u))da
(38)

A small data set is tabulated in Table 5. Our aim is to determine parameters of
fuzzy non-linear regression model defined in (21).

p —653 D, 5646
a="0=—rm = —463andb = — = "= = 40.04
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;[L‘l:;lz);erigrlzsasti)rslet for S-curve %= (x1,7;) 5= (y1,)
(1.0,0.3) (3.0,0.2)
(2.0,0.7) (8.0,0.4)
(3.0,0.4) (22.0,0.6)
(4.0,1.9) (25.0,1.3)
(5.0,1.3) (30.0,1.5)

The model given in (21) is denoted by

§ = —4.63 +40.04 exp(—%) (39)

3.2 Quadratic Fuzzy Regression

The second type of fuzzy non-linear regression model is quadratic fuzzy regression
expressed in two different models. While the first of which is the one including a
quadratic term, the second one contains a term consisting of the interaction of the
independent variables. They are proposed by [12] and denoted by (40) and (41).

?i:A0+A1Xil+A2Xi2l7 i=1,2,...n (40)
Vi = Ao+ AXa + A Xp + AsXaXp, ij=1,2,...n (41)

In both models, it is assumed that input variables are non-negative crisp values
and output variable is normal and convex fuzzy numbers with either symmetric or
non-symmetric triangular membership functions. The parameter estimation method
so-called fuzzy least squares which aim to minimizing the squares of the differences
between the observed fuzzy dependent variable and the estimated fuzzy outputs are
widely applied to estimation of the parameters. In order to define the difference
between the observed and the estimated fuzzy numbers, some methods trans-
forming those fuzzy numbers into crisp numbers are proposed in [10, 12, 13]. One
of the methods called Overall Existence Ranking Index (OERI) was proposed in
[13]. It is based on the usage of the inverse membership function which is simply a
ranking method developed for fuzzy sets. For a given existence level w, the inverse
image in terms of membership function, p(x), is defined as

uotw) = {x: u(x) = w} (42)

Then for any two arbitrary fuzzy numbers A and B, if A is said to be larger than B
at w where w € (0,1],{p;"(w)} > {pz"(w)} holds. The inverse is not generally
true. The OERI for a fuzzy number A = (x, «, §) is a crisp number defined as
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OM(A) = x — 2 X, (w)o+ l_%l(w)

. p #3)

where X (w) is a weighting function determined by decision makers subjectively.
The more realistic weighting function is the linear one mentioned in [13]. Then for
fuzzy numbers A and B, the distance is defined as

D(A, B) = OM(A) — OM(B) (44)

When OERI is adapted into regression problem, its distance function can be
written as follows:

MINS Y~ (TP = S D TP = S [om(r) — oM(P)P (45)
=1

i i=1 i=1

The minimization function and its constraints employing OERI can be written as

MINY " { {y;" —axi— Xlgw) OF —9x) + L= )2(‘ () (of - 5x,~)] ’ +OF =)+ (R - 5x,-)2}
(46)
V' — (1 =)y >ax; — (1 — o)px;
V4 (1 — a)yR <ax; 4+ (1 — ) dx;
7,020

where fuzzy number A = (a,y,0) is the parameter of the regression and fuzzy
number Y = (y", ¥k, yX) is the observed dependent variable and 0 <o < 1. The
formulation given in (46) is the case having one independent variables and its
formulation can be easily extended to multiple cases of independent variables
easily.

Similarly, Diamond [10] proposed another distance function defined as

FAB) = (x =y +[x—y) = (=P +[x=2) = (=8 (47)

The formulations denoted based on the method proposed by Diamond is given as
follows:

X"X)a, = X"Y,, (48a)

X"X)ay = X"Yg (48b)
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Table 6 Data se.t for Vi X1 X

quadratic regression models @.05) 1 21
(3,0.3) 2 33
(2.0.2) 3 4.6
4,0.7) 4 1.8
(6,0.9) 5 3.7

where Y and Yy are vectors denoting the left end points and the right end points of

the response values and o and ag are vectors denoting the left end points and the

right end points of the center values of the predicted parameters.
where X is the data matrix denoted by

1 X X3

X=1|: & (49)

1 an X,%l

Similar construction was also proposed by [12] for the quadratic fuzzy regres-
sion containing the interaction term of independent variables.
The generic data matrix for the model given in (41) is given as follows:

1 X1 X2 XuXp
X=1:": : : (50)
1 an Xm2 anXmZ

A small data set is used in order to illustrate the models given in (40) and (41)
(Table 6).
The parameter estimates for model (40) and (41) are denoted respectively by

7 = (6.37,0.86) + (—3.12,0.48)x; + (0.59,0.10)x}
5 =(10.05,1.53) + (—1.62,0.18)x; + (—2.90,0.51)x, + (0.76,0.12)x;x2

4 Conclusion

Fuzzy correlation measure is an important fuzzy statistics that helps comprehend
the relation between two variables that are collected as either linguistically defined
values or approximately known quantities. In classical statistical theory, the cor-
relation of these types of variables can no longer be calculated without losing
information included. With the help of fuzzy set theory providing mathematical
tools allowing to model uncertainty different than one defined by probabilistic
approach, the relation between those variables can be quantified using fuzzy
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correlation measure. Despite of the fact several methods are available in the liter-
ature, two different methods are chosen due to having utilized fuzzy concepts
directly in computational procedures and their reliable results. Both of them using
basically Zadeh’s extension principle with the combination of either fuzzy arith-
metic and the weakest t-norm or non-linear programming problem are employed.
Both methods with same small data set are run.

Fuzzy non-linear regression is a method fully benefiting from methodological
developments used in fuzzy linear regression when it is defined in a form different
than linear structure distance. They are called S-curve regression and quadratic
fuzzy regression. It is a fact that distance based parameter estimation methods has
better ability than mathematical programming ones do when parameter estimation is
concern in fuzzy non-linear regression. Two data sets for S-curve fuzzy regression
and quadratic fuzzy regression are employed respectively.
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Fuzzy Decision Trees

Ayca Altay and Didem Cinar

Abstract Decision trees are one of the most widely used classification techniques
because of their easily understandable representation. In the literature, various
methods have been developed to generate useful decision trees. ID3 and SLIQ
algorithms are two of the important algorithms generating decision trees. Although
they have been applied for various real life problems, they are inadequate to rep-
resent ambiguity and vagueness of human thinking and perception. In this study,
fuzzy ID3 and fuzzy SLIQ algorithms, which generate fuzzy decision trees, are
discussed as well as their enhanced versions. Their performances are also tested
using simple training sets from the literature.

Keywords Fuzzy decision trees - Induction algorithms - Classification

1 Introduction to Decision Trees

Decision trees are predictive models designed for supervised data mining that
analyze data in a multi-variate and tree-like fashion [25]. They achieve object
classification through splitting the branches of a tree where each split presents a test
through an artribute or a criterion. Each split is called a node and the first split is
called the root of the tree. When the splitting or the branching process is terminated,
each of the last node is called a ferminal node or a leaf of the tree. Each branch
sequence provides a rule for classification of objects [26]. An example of a decision
tree is provided in Fig. 1 [26]. In Fig. 1, the decision of playing tennis is achieved
through considering weather related factors such as the outlook of the weather, the
humidity and wind. The first split is achieved through the outlook which constitutes
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Fig. 1 A sample decision "
P 1

Sunny Overcasi Rain

High Normal Strong Weak
No Yes No Yes

the root of the tree. If the sky is overcast, then the decision to play tennis is reached
making this the final split of a certain conditional outlook. The decision to play
tennis is the leaf or the terminal node of the tree. However, if the weather is sunny
or rainy, a direct decision cannot be reached without considering humidity or wind
conditions. Hence, in such cases, the terminal node cannot be reached solely on the
outlook.

Decision trees split a complex decision process into a set of simpler decisions to
classify the given objects with an easily understandable representation [27]. This is
the reason that decision trees are important tools in data mining literature [31].
Many algorithms have been proposed to construct decision trees. Although these
methods have generated useful decision trees for classification problems, they are
inadequate to represent ambiguity and vagueness of human thinking and perception
[46].

In classical set theory, an element either belongs to a certain set or not. For
example, in the decision tree given in Fig. 1, it is assumed that humidity of an object
is known precisely as it is either high or normal. Assume that there is a certain limit,
20 %, which is used to determine humidity of an object, i.e. if humidity is over that
limit, then it belongs to high, otherwise it belongs to normal. If an object has 21 %
humidity, should we classify the object as not play tennis?

Crisp sets may not be realistic for the real world problems including vagueness
and subjectivity. Therefore, fuzzy sets have been integrated to the decision trees to
enhance the uncertainty handling capability. In this chapter, classical induction
algorithms to construct fuzzy decision trees are discussed.

The reminder of this chapter is organized as follows. Well-known crisp decision
tree induction algorithms from the literature are explained in the next section.
Induction algorithms for fuzzy decision trees and corresponding literature review
are given in Sect. 3. The algorithms are applied to a sample training set from the
literature and the results are discussed in Sect. 4. Finally, a brief summary on recent
approaches is presented in Sect. 5 and concluding remarks are presented in Sect. 6.
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2 Decision Trees and Classification Problems

A formal definition of a typical classification problem can be described as follows. S
is the set of objects in a training set in which each object is described by attributes

A=1{A,,...,Ay}. Domain of each attribute A; is represented by a set of discrete
linguistic terms L(A;) = {A},...,Al"}. Each object s € S is classified by a set of
classes C={Cy,...,Cx}. Let n denotes the number of objects where
<X1,y1 > ,..., <Xn,yn > be the objects of the data, x; and y, being the inputs and

output of object s, respectively. The set of classes can be numerical values, ordered
or unordered factors. Construction of a decision tree involves following decisions:
(i) which attribute to split, (i) when to stop splitting, and (iii) how to assign
terminal nodes to a class.

A small training set about credit risk assessment procedure [23] is given in
Table 1. Each customer is evaluated according to risk potential. As a classification
problem, each customer is an object of S. There are three possible decisions for risk
evaluation: high, moderate, and low. Credit history, debt, collateral and income are
the attributes which are used to decide risk potential of a customer. Attribute
evaluations for 14 customers are shown in Table 1. Attributes and their values are
given as follows:

Credit history = {good, bad, unknown}

Debt = {high, low}

Collateral = {adequate, none}

Income = {low ($0 to $15 K), moderate ($15 to $35 K), high (over $35 K}

Table 1 A training data on risk assessment

# Credit history Debt Collateral Income Risk
1 Bad High None $0 to $15K High
2 Unknown High None $15 to $35K High
3 Unknown Low None $15 to $35K Moderate
4 Unknown Low None $0 to $15K High
5 Unknown Low None over $35K Low
6 Unknown Low Adequate over $35K Low
7 Bad Low None $0 to $15K High
8 Bad Low Adequate over $35K Moderate
9 Good Low None over $35K Low
10 Good High Adequate over $35K Low
11 Good High None $0 to $15K High
12 Good High None $15 to $35K Moderate
13 Good High None over $35K Low
14 Bad High None $15 to $35K High
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In this study, induction algorithms used to construct decision trees are investi-
gated. Since constructing optimal binary decision trees is an NP-complete problem,
efficient heuristics have been developed to generate near-optimal decision trees
[20]. ID3 algorithm, CART and SLIQ algorithms are analyzed in the context of this
chapter. Credit risk evaluation example given above will be used to explain ID3 and
CART algorithms, whereas SLIQ algorithm will provide its own example.

2.1 ID3 Algorithm

ID3 (Interactive Dichotomizer 3) algorithm, which is developed by Quinlan [33,
34] in 1986, is one of the most well-known decision tree induction algorithms.
Basically, it uses an information theoretic measure of entropy to evaluate the dis-
criminatory power of each attribute. ID3 uses information gain of each attribute to
build a decision tree. The attribute adding the greatest information about the
decision is selected first [32]. The greatest information gain means the greatest
decrease in entropy which is calculated for set S as follows:

K K
Ci Ci
=3~ -pWoplt) = Z'Wzogz% (1)

=1 k=1

where E(S) represents the entropy and p(k) is relative frequency of class k in set S,
i.e. p(k) is the ratio of the objects in class k to the whole set S. In all computations,
0 - log,0 is assumed as 0. If decisions for all objects are the same, then entropy will
be zero. This means there is no need to split the node on the corresponding decision
level. Let T; be the set of subsets created from splitting set S by attribute A;.
Information gain for each attribute is computed as follows:

IG(S,A;) )= plt )= ||;|| (2)

teT; teT;

K

K
173 173
= —plt)logy p(te) =Y _ - li| 10g2||t| (3)

= = M

where 1 = UK _ 7. At each iteration of ID3 algorithm, the attribute having the
greatest gain of information is selected as the decision level. A pseudocode
including main steps of ID3 algorithm is given in Algorithm 1.



Fuzzy Decision Trees 225

Algorithm 1: ID3 Algorithm

Input: Classification data
Calculate p(k), E(S)
Compute IG(S, Aj) = max;csIG(S, A;)
Branch for attribute A;
Update S
if E(S) =0 or no attribute remains to split then terminate this branch;
if all branches terminated then terminate the algorithm;
else
L Go to Step 1

Output: Decision tree

N0 U N

A decision tree for the credit risk assessment data can be generated by ID3
algorithm as follows. In the data set, there are 6 customers classified as high risk, 3
customers as moderate risk and 5 customers as low risk. The entropy for set S is
computed as follows:

6 6\ 3 3\ 5 5
ES) = — L 0o (2 — oo (22) — 2i0er () = 1531
(5) 1410g2<14> 14log2<14> 14log2(14> >3

To compute the information gain of an attribute, entropy value for each subset ¢
of that attribute should be calculated. For attribute credit history, entropy values for
good, bad and unknown should be computed. Among the 14 customers, 5 of them
has good credit history with 1 high risk, 1 moderate risk and 3 low risk levels.
Entropy value for good credit history can be obtained as follows:

1 1 1 1 3 3
E(good) = —glogz (5> — glogz <5> — glogz <5) =1.371

Similarly, entropy values for other features are found as E(bad) = 0.811 and
E(unknown) = 1.522. In data set, there are customers with 5 good, 4 bad and 5
unknown credit history. So, the information gain for attribute credit history can be
obtained as follows:

o 5 4 5 B
IG(S, credit history) = 1531 — 71317 — 2 0.811 — - 1.522 = 0.266

Information gain for other attributes are found as IG(S, debt) = 0.063,
IG(S, collateral) = 0.207 and IG(S, income) = 0.967. Since attribute income is
the greatest one with 0.967 information gain, it becomes the root node of decision
tree with three branches as high, moderate and low.

Firstly, branch high will be handled to construct the next level of decision tree.
Customers having high income constitute the new set Sp;o;,. New information gain
values are obtained for the rest of attributes given that the customers have high
income. There are 6 high income customers in the data set of which 5 is low risk
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and 1 is moderate risk. No high risk one among the high income customers.
Entropy for Spe, is computed as follows:

5 5 1 1
E(Shign) = — 610g2 (6> - glogz (6) = 0.65

We will find information gain values for attributes credit history, debt and
collateral, because they have not been placed on the decision tree yet. Let us
compute the information gain for credit history. Since all customers having high
income and good credit history is classified as low risk, E(good) = 0. Because of
the same reason E(bad) and E(unknown) are also zero. The information gain for
attribute credit history is obtained as follows:

3 0— 1

2
3 60—80—0.65

IG(Spign, credit history) = 0.65 —
With  similar computation we  have IG(Smgh, debt) = 0.109  and
IG(Shign, collateral) = 0.191. Since the gain of information for credit history is the
greatest one, it becomes next level of the corresponding branch. A decision node for
credit history is added to the decision tree with three branches as good, bad and
unknown. Since entropy for each branch is zero, the tree does not grow from this
branch anymore. Computations proceed similarly for the rest of branches for node
income (moderate and low) until the entropy for each branch is found zero or no
attributes remains to be split. The whole decision tree obtained by ID3 algorithm is
given at Fig. 2.
After the decision tree is constructed, classification rules are derived.
For example one of the rules obtained from the decision tree given in Fig. 2 is

Income
over $35K 50 to $15K
$15 to $35K
Credit history Credit history High
? T risk
good good unknown
bad unknown bad
Low
risk Moderate Low Moderate High Debt
risk risk risk risk i
high low
High Moderate
risk risk

Fig. 2 Decision tree obtained using ID3 algorithm
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“if income is high (over 35%$) and credit history is good then object (customer) is in
the low risk group”. New objects can easily be classified with the rules obtained by
decision tree.

Simplicity and comprehensibility are the most important features of a decision
tree. In ID3 algorithm, an attribute appears only once on a decision path which is
important to satisfy comprehensibility. On the other hand, it may result with the
overlapping classes where ID3 cannot provide any information about the inter-
section regions [27].

2.2 Other Information Gain Measures

The heterogeneity in an outcome by attribute classification is also called impurity
[1]. In order to find the optimal split variable, ID3 algorithm uses the entropy which
attempts to find the maximum information gain in the decreasing heterogeneity of
the data. Depending on the outcome of the objects, different gain measures become
suitable for the splitting process. Other information gain measures are presented
below.

2.2.1 GINI Impurity

GINI impurity is mainly used in Classification Trees, where the outcome is binary
or categorical. It is calculated as [1]

K

GINI(t) =1 [p(k)]’ (4)

k=1

where GINI(t) represents the GINI impurity of node ¢ and p,(k) is relative fre-
quency of class k in node ¢. The GINI impurity of a split is calculated as

GINI(S, A;) Z 5 GINI(t (5)
teT;

As for the aforementioned example, the credit history being good results in 3
low, 1 moderate and 1 high risk decision.

GINI(good) = 1 — [(gy N (é)z

1, 14

=) ] =-==0.560

In a similar fashion, the GINI impurity for the credit history being unknown and
bad are calculated as 0.640 and 0.375, respectively. Total impurity of credit history is
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5 5
GINI(S, credit history) = 7h GINI(good) + 1 GINI (unknown)
4
+ 47 GINI(bad) = 0.536

The GINI impurity for debt, collateral and income are calculated as 0.612, 0.563
and 0.262, respectively. A higher GINI impurity indicates a higher level of
heterogeneity and a lower determination level on a decision; whereas a lower GINI
impurity indicates a more determined rule on a decision. Since the lowest GINI
impurity belongs to the income attribute, this attribute becomes the root of the tree
with three branches that are low, moderate and high.

2.2.2 Misclassification Error

Misclassification error is also an impurity measure that evaluates the number of
outcomes in different classes for binary and categorical outcomes [40]. The mis-
classification error rate of node ¢ is calculated as [1]

ME(t) = 1 — maxi[p(t)) (6)

For the credit risk example, branching the tree on good results in 3 low risks, 1
high risk and 1 moderate risk, making the fractions of answers 0.6, 0.2 and 0.2.
Misclassification error for good credit history is computed as follows:

ME(good) = 1 — max(0.6,0.2,02) =1—-0.6 =04

The maximum value of fraction of answers (the class that the majority of
answers belong to) also provides the class for that node. In that sense, if a person
has a good credit history, they are expected to be in the low risk class. Similarly, the
misclassification error of an unknown credit history results in 2 low risks, 2 high
risks and 1 moderate risk. Hence,

ME (unknown) = 1 — max(0.4,0.4,02) =1 — 0.4 =0.6

The class for unknown credit risk cannot be fully determined from this node,
since the fractions or the frequency of low and high risks are the same. However,
misclassification error remains the same whichever class is chosen. The misclasi-
fication error is calculated for bad credit history as

ME(bad) = 1 — max(0.75,0.25,0) = 0.25

Hence, the class besomes high risk, since most of the people with bad credit
histories belong to the high risk group. The miscalculation error for this first split is
calculated through all misclassified data. The misclassified number of objects for
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people with good, unknown and bad credit history is 2, 3 and 1, respectively. In a
total of 14 objects, 6 of them are placed incorrectly. Hence, ME(S, credit history) =
6/14 = 0.428. The misclassification error rate are calculated as 0.5, 0.428 and
0.214 for the debt, collateral and income attributes. Hence, the first split is achieved
through income.

The comparison of entropy, GINI impurity and misclassfication error is sum-
marized in the Fig. 3. The maximum impurity level can be 0.5 for GINI impurity
and misclassfication error and 1 for entropy which indicates the case of maximum
heterogeneity in data. As can be seen from Fig. 3, entropy has a nonlinear and more
accelarated increase as the heterogeneity increases.

2.2.3 Goodman and Kruskal Index

Generally used in unsupervised clustering, Goodman-Kruskal Index is a measure of
misclassification that compares the distances between elements [14].
Goodman-Kruskal Index is based on distance comparisons of components from
clusters. Let (p,q,r,s) be four different elements that are clustered and named a
quadruple. In clustering, it is essential that the elements within a cluster are close to
each other and the elements in different clusters are apart. In that manner, a
quadruple is assigned concordant if it satisfies one of the conditions below:

e d(p,q) >d(r,s), p and g are in different clusters, and r and s are in the same
cluster.
e d(p,q)<d(r,s), p and g are n same clusters, and r and s are in different clusters.

where d signifies distance. On the other hand, a quadruple is assigned disconcor-
dant if it satisfies one of the conditions given below:

Fig. 3 The comparison
between entropy, GINI
impurity and misclassfication
error

-
0 A L i L
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p
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e d(p,q) >d(r,s), p and q are in the same cluster, and r and s are in different
clusters.

e d(p,q)<d(r,s), p and q are in different cluster and r and s are in the same
cluster.

All concordance and discordance conditions signify within two couples, the
closer ones are allowed to be in the same cluster whereas further ones are to be in
different clusters. The Goodman-Kruskal Index calculates the concordance ratio of
all possible quadruples for clustering. It is formulated as in the following equation.

GK = (Qc — 0p)/(Qc + Op) ™)

where Q¢ is the number of concordant quadruples and Qp is the number of dis-
cordant quadruples. According to the formula, in case of many concordant
quadruples and few discordant quadruples, the Goodman-Kruskal ratio increases.
Hence, a large value of the index indicates a more robust classification. However,
the distance metric requires numerical values for classification. Although categor-
ical values can be presented in multi-level binary representation, the accuracy of
this index requires numerical inputs and categorical outputs. Hence, this is not an
appropriate index for the credit risk classification example mentioned above.

2.2.4 Deviance

Deviance is another measure of impurity which is calculated as

K

D(1) = =2 [nu(in(pa))] (8)

k=1

where ny, is the number of objects observed at node ¢ in class k and py is the
probability of being in class k at node 7 [26]. Analogous to the standard deviation,
the deviance is a measure of the deviation of objects in a class. Hence, for a class in
order to be more homogeneous, the deviance should be as small as possible. For the
credit risk example, the root node has 5 low risk, 3 moderate risk and 6 high risk
values. Let k = 1,2, 3 indicate classes low, moderate and high classes, respectively.
Hence, the probability of a low risk object is p(1) = 5/14 = 0.357. Likely, the
probability of a moderate risk object is p(1) =3/14 = 0.214 and a high risk is
p(3) = 6/14 = 0.429. The total deviance of the root node is calculated as

D(1) = =2[(5 - 1n(0.357)) + (3 - In(0.214)) + (6 - In(0.429))] = 29.71

If the first split is made by splitting through credit history, the split results in 4
bad objects, 5 unknown objects and 5 unknown objects. Out of 4 bad objects, 3 of
them end in high risk and one of them ends in moderate risk. Out of 5 unknown
objects, 2 of them end in low risk, 2 of them end in high risk, and one of them ends
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in moderate risk. Lastly, out of 5 good objects, 3 of them end in low risk, one of
them ends in moderate risk, and one of them ends in high risk. Hence, the deviance
of that split would be

D) = =203+ () + (1 ()] - 2[2- () +2 - In(3))

Iy ln(%))] ~ (3 l"@)) Iy ln(é)) Iy ln(é))] — 2455

With such a split, the deviance would be decreased from 29.71 to 24.55, which is
a decrease of 5.24 units of impurity. If the split attribute would be debt, the new
deviance value of the split would be 28.49, which is a decrease of 1.22. The
deviance value of the split would be 25.71, in case of collateral and 10.95 in case of
income. Since the smallest deviance value is achieved by income, it is selected as
the first attribute for the split of the tree.

2.3 Tree Pruning

In order to avoid overfitting problem, pruning is the process of avoiding abundant
nodes of a tree. In this case, the mathematical definition of an overfitting is as
follows:

Er(h,D)<Er(h',D)and Er(h) > Er(h) 9)

where h and /' are different subsets of a set of objects set D, H is the universal set
and Er(+) is the error rate [19]. If the overall error rate of 4 is higher than 7', yet, the
error rate relation is reversed when the tree constructed on the data that D provides,
it is said that the tree overfits D. In order to avoid overfitting, trees are eliminated
from nodes which cause overfitting. Pruning is applied in two ways: (i) Pre-
pruning: the node is eliminated before its addition to the tree, (if) Post-pruning: the
node is eliminated after its addition to the tree. Different pre-pruning methods are
analysed in literature. In pre-pruning a threshold is determined for constructing the
tree and when this threshold is reached, generation of new nodes are stopped. One
threshold is to limit the number of maximum branches of the tree and cancel growth
when this number is reached [21]. The main drawback of this approach is the
tendency to collect less-relevant attributes on the tree and losing vital attributes due
to the limited size of the tree. In pre-pruning the main challenge is to determine the
optimum threshold for pruning.

In post-pruning, the tree is let to fully and perfectly grow. Once the tree is
generated, another set of data than training are fed into the tree in order to find the
“best pruned tree”. Hence, post-pruning techniques require the data to be divided in
two: training data and testing data. The training data are used for the tree generation
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and the testing data are used for the pruning process [21]. There are various
post-pruning algorithms in literature, two of which are explained below.

2.3.1 Cost Complexity Pruning

Once a base tree (Ty) is generated, various sub-trees (T, T», . . ., T;) of this tree are
sequentially constructed in a way that minimizes the error rate per leaf node using
the following formula [37].

_ ¢((pruned(T,1),S) — (T, S))
|leaves(T)| — |leaves(pruned (T, 1)

(10)

where (T, S) is the error rate of tree T over sample S.|leaves(T)| is the number of
leaves on tree T. pruned(T,t) specifies any tree by removing node 7 and
re-attaching remaining nodes. Hence, by error rate (o) minimization, the node ¢ to
be removed is selected. By a recursion of that approach, best pruned tree is
obtained. The tree obtained in ID3 algorithm has O error rate due to small sized and
clean data; hence, it is not appropriate for pruning.

2.3.2 Minimum Error Pruning

Proposed by Niblett [28], Minimum Error Pruning attempts to prune the tree using a
proposed error rate measure that is compared between pruned and original tree. This
comparison is achieved through comparing error rates which imply if the error rate
decreases when each nonterminal route is pruned. The error rate formula for the
pruned tree is given below:

n—n.+k—1
Er, = oy (11)
where n is the number of objects that satisfy the conditions of the related
non-terminal node, 7. is the maximum number of elements that belong the same
class out of n objects and k is the number of classes. Assume that the error rate is
calculated for the credit history node in case of a moderate (between 15 and 35 K)
income (Note that the error rate cannot be calculated for the credit history node
under the low (0-15 K) income, since this is a terminal node). Let Er, be the error
rate of the pruned tree. If the tree is pruned from that node, that is, if the splits that
originate from credit history are removed and credit history becomes a terminal
node, a total of 4 objects are left (the objects which satisfy a moderate income).
2 of these objects belong to high risk class and 2 of them belong to moderate
risk class. Hence, the number of objects in the most crowded class (n.) is 2. There
are 3 classes in total (k = 3). The error rate is Er, = (4 —2+3—1)/(4+3) =
4/7=0.571.
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When it comes to the error term for the unpruned tree, there is another node debt
with three branches. One branch belongs to high debt which has 3 objects, 2 of
which have high risk and one of which has moderate risk. Other branch belongs to
low debt with one object which results in moderate risk. The error rate for an
unpruned subtree is calculated as

ng n—n.+k—1

n n+k

]~

Er, =

)] (12)

k=1

where 7, is the number of elements that satisfy the conditions on the branch that
leads up to kth class. The error rate of the unpruned tree becomes

33-243-1 1 1—-1+43-1

Er,
T AT 33 4 1+3

=0.375

Since the error rate is lower in the unpruned tree, the tree should not be pruned.
At this point, the importance of separate training and testing objects arises, since the
tree is constructed using training objects with the objective of minimizing error.

2.4 (4.5 Algorithm

Although ID3 algorithm is an efficient method for classification of symbolic data, it
requires a discretization procedure prior to attribute selection for nonsymbolic
(numeric, continuous) data [27]. Classification and Regression Trees (CART) [4]
and C4.5 [35] are decision tree induction algorithms which do not require prior
partitioning. In these algorithms, thresholds are dynamically computed and an
attribute may be used multiple time with different thresholds. In spite of an
improvement in accuracy, these methods can result in a reduction of
comprehensibility.

The C4.5 algorithm, also proposed by Quinlan [36], overcomes some disad-
vantages of the ID3 algorithm. The C4.5 algorithm

can handle attributes both numeric and categorical values
can handle data with missing attribute values
e prunes trees after training.

In order to handle numerical values of attributes, following steps are included:

sort the numerical attribute (a;) values in an ascending order

determine adjacent values that the decision reverses or changes (say, b and ¢
where b, c € R)

calculate the mean of these values (say, d = (a+5)/2)

categorize and reassign the attribute values by controlling if they are less than or
more than or equal to the mean (the classes are “<d” and “ > d”).
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The steps of the algorithm are listed below:

. Training data and testing data are separated.

. The minimum number of objects for a class is determined as a threshold.

. Numerical values are categorized.

. Missing attribute values are predicted in a way which provides the most
information gain.

5. By selecting an appropriate impurity measure, the tree is generated as in the ID3

algorithm. Tree generation is ceased when the threshold number is reached.
6. The tree is pruned using one of the appropriate pruning techniques.

AW N =

2.5 Classification and Regression Trees (CART)

CART is developed by Breimen et al. [4] for constructing binary decision trees
which are called classification trees and numerical decision trees which are called
regression trees [4]. Classification trees utilize GINI impurity for splitting whereas
C4.5 algorithm is generally entitled to information gain (entropy) related measures.
Another difference is that for the pruning process, CART uses cost-complexity error
method whereas C4.5 does not use recursive methods. Additionally, in classifica-
tion trees, each split is binary. Likely, the decision tree can be split using the same
attribute more than once. The pseudocode including main steps of CART is given
in Algorithm 2.

In case of the credit card risk example, the first split had been made on income
by using the GINI impurity. The first split leads to a leaf in terms of low incomes.
Hence, the first binary split involves if the income is low or not, and the first branch
becomes a leaf. In CART, the second split does not have to be on income again.

Continuing with the credit risk example, we have 14 data for credit risk assess-
ment. Although the size of data is small, we will use the first 10 data for training
and the last 4 data for testing. The GINI impurities for all nodes are calculated
as GINI(good) = 0, GINI(Unknown) = 0.64, GINI(Bad) = 0.444, GINI (High) =
0.444, GINI(Low) = 0.653, GINI(None) = 0.571, GINI(Adequate) = 0.444, GINI
(0 — 15K) = 0, GINI(15K — 35K) = 0.5, GINI(over 35K) = 0.32. The attribute
GINI impurities are G(S, credithistory) = 0.453, G(S, debt) = 0.59, GINI(S, collateral) =
0.533, GINI(S, income) = 0.26. The GINI impurity for all objects is 0.62. Hence,
the greatest impurity reduction is achieved by income by a decrease of 0.62 —
0.26 = 0.36. Since the tree should be binary in CART, the nodes for income should
be decided. The smallest GINI impurity belongs to 0 — 15K, which decreases the
impurity to 0. Hence, the first split is achieved through income by splitting the ones
that are less than 15 K and that are more than 15 K. The impurity of the branch
0 — 15K is 0, hence no more splitting is made after this node, making this node a
terminal one or a leaf. The other branch includes objects with income values over
15 K. The GINI impurity of that node is calculated as 0.571. To see if further
splitting is required, we calculate the GINI impurities of all other nodes, which are
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calculated as GINI(good) = 0, GINI(Unknown) = 0.625, GINI(Bad) = 0, GINI(High)
= 0.444, GINI(Low) = 0.5, GINI(None) = 0.565, GINI(Adequate) = 0.444, GINI
(15K - 35K) = 0.5, GINI(over 35K) = 0.32. The attribute GINI impurities
are G(S, credithistory) = 0.358, G(S, debt) = 0.484, GINI (S, collateral), = 0.513,
GINI(S, income) = 0.371. The greatest contribution to decreasing GINI impurity is
again achieved by income and the tree is split into two more nodes based on if the
income is between 15 and 35K or higher than 35K.

Algorithm 2: CART Algorithm

Input: Training data

Calculate GINI(t) for all nodes

Compute GINI(S, Aj) = min;esGINI(S, A;)

if attribute A; has two nodes then branch for attribute Aj;
else

Compute GINI(t;) = mingea; IG(t)
Create two branch as (t1,...,t;) and (tj41,...,tn) where t1,...,t, € A;

if GINI of the branch is 0 then terminate this branch;
if all branches terminated then terminate the algorithm;
else

[y

Update S
| Go to Step 1

Output: Decision tree

H O © oo O ok Wi

=

If the income is between 15 and 35 K, the impurity of that node is 0.5. Since all
attributes of income have been covered beforehand, no further splitting on income
is feasible. The GINI impurities of nodes are GINI (unknown) = 0.5, GINI (high) =
0, GINI(low) = 0, GINI(None) = 0.5. The attribute GINI impurities are GINI
(S, credithistory) = 0.5, GINI(S, debt) = 0, GINI(S, collateral) = 0.5. Hence, another
split is achieved through debt being high or low. This split yields in two nodes with
one object in each. Hence, the nodes are declared terminal.

If the income is higher than 35 K, the impurity of this node is 0.32. The
impurities of all nodes are GINI(good) = 0, GINI(unknown) = 0, GINI(bad) = 0,
GINI(high) = 0, GINI(low) = 0.375, GINI(none) = 0, GINI(adequate) = 0.444. The
attribute  GINI impurities are GINI(S, credithistory) = 0, GINI(S, debt) = 0.3,
GINI(S, collateral) = 0.267. Hence, the split is achieved considering credit history
which has three attribute values with all 0 impurities. Assuming that the split is
achieved on if the credithistory is bad or not, the node with bad credit history is
left with one object and therefore is a leaf. The other node that involves objects
with not bad history has a GINI impurity of 0, and no more splitting is necessary
for that node. In that manner, the decision tree is constructed as in Fig. 4. The rules
are derived from the decision tree as follows:
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Income
Less than More than
15K 15K
High Income
p—— More than
15K-35K N
Debt Credit History
High Low Bad wﬂ
High Moderate Moderate Low

Fig. 4 Classification tree of the credit risk example

1. if the income is less than 15 K, then risk is high,

2. if the income is higher than 15 K and between 15 K and 35 K and the debt is
high, then risk is high,

3. if the income is higher than 15 K and between 15 K and 35 K and the debt is
low, then risk is moderate,

4. if the income is higher than 35 K and credit history is bad, then the risk is
moderate.

5. if the income is higher than 35 K and the credit history is not bad, then the risk
is low.

The tree is generated using 10 data, the rest of the data will be used for pruning,
using Cost Complexity Pruning. First test object has an income less than 15 K,
hence according to the tree, the object should indicate a high risk which it does.
Likely, the other three data also fits to the tree and the error rate of the unpruned tree
is 0. To see if we can benefit from pruning, it is required to check if any pruning
also yields an error rate of 0, since it is an impossible task to surpass such error rate.
For example, lets prune the debt node. In this case, there are 1 moderate and 1 high
risk objects in the training data. Assigning any class to that node would lead to the
same error rate, since testing data also contains 1 moderate and 1 high risk objects.
This yields that if any pruning is done, error rate will increase. Hence, the tree is left
unpruned in terms of debt node. Similarly, any pruning leads to a higher error rate
than 0, which means no pruning should be done over the generated tree.

Similar to classification trees, regression trees use the same structure. However,
in this case, numerical outputs are classified, that is, the rules result in a continu-
ous number. The objective of the tree is to minimize the error between the actual
output and the predicted class of the output in terms of an error measure (i.e.
squared error) [10].
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2.6 Supervised Learning in Quest (SLIQ)

This algorithm is proposed by Mehta et al. [24] for binary decision trees which
involve numerical or categorical values. It uses the GINI impurity and a split limit
with a breadth-first approach. During the tree building process, two main decisions
have to be made: (i) evaluation of splits for each attribute and the selection of the
best split and (if) creation of partitions using the best split. Splitting through
numerical attributes are in the form of A <v where A is the attribute value and v is
the split value and a real number. The pseudocode including main steps of SLIQ is
given in Algorithm 3.

Algorithm 3: SLIQ Algorithm

Input: Numerical or categorical data
Sort data with respect to attribute A;
Determine split points v;; for A4;
Compute GINI(S, A;,vy) = min;GINI(S, A;, v;5)
Create two branch as < v;; and > v,
if GINI of the branch is 0 then terminate this branch;
if all branches terminated then terminate the algorithm;
else

Update S

1—i+1

Go to Step 1

Output: Binary decision tree

© 00N W N
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The following example in Table 2 is to be used for SLIQ. In this example, all
values are numerical and there are two output classes. The first step of this algo-
rithm is to determine a split value for numerical attributes. In order to achieve that,
the numerical values are sorted and the class outputs are listed. Sorting for the first
attribute A, Table 3 is obtained.

The split points are determined as the points where the output changes. For
example, observing the Table 3, the first change appears to occur when the attribute
value of A; switches from 46 to 47, as the object with the value of 46 belongs to
Class 2 and the object with the value of 47 belongs to Class 1. Their mean is
selected as the split point. Hence, a split could occur in the form of A; < 46.5 and
A} > 46.5. Other split point options include the switch from 51 to 52 in the form
A <51.5and A; > 51.5. Other split points are 53, 54.5, 55.5 and 58.5. Note that
for the value of 55, two objects belong to Class 1 and one object belongs to Class 2.
However, a certain split cannot be achieved when two different classes have the
same attribute value; as a result, 55 is not chosen as a split value. In order to find the
right split, the GINI impurity is used. The root node involves ten Class 1 objects
and ten Class 2 objects, making the GINI impurity 0.5. The GINI for the first split
involves two branches GINI(A; <46.5) = 0 since all objects belong to the same
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Table 2 Example table for # A, As As Class
SLIQ
1 38 69 21 2
2 42 69 1 2
3 43 58 52 2
4 44 58 9 2
5 46 69 3 2
6 46 58 2 2
7 47 66 12 1
8 48 66 0 1
9 49 66 0 1
10 50 66 1 1
11 51 66 1 1
12 52 69 3 2
13 54 66 0 1
14 54 68 7 2
15 55 66 0 1
16 55 66 18 1
17 55 68 15 2
18 56 66 1 1
19 56 66 2 1
20 61 68 2

class. The GINI impurity for the branch A; > 46.5 is calculated as 0.408.
The GINI impurity of the split is G(S,A;,46.5) = 0.286. Other split values are
GINI(S,A;,51.5) = 0.495, GINI(S,A,53) = 0.490, GINI(S,A;,54.5) = 0.476,
GINI(S,A,55.5) = 0.490 and GINI(S,A,58.5) = 0.474. The maximum decrease
in the GINI is achieved by the split point 46.5; that is, if the first split were to be
chosen through A, the split point would be 46.5. However, a similar approach is to
be carried out for all attributes. GINI(S,A;) becomes the smallest GINI impurity,
thus, 0.286.

Similarly for A, the split points are 62 and 67 where the GINI impurities are
GINI(S,A;,62) =0.412 and GINI(S,A;,67) = 0.231. The second split point
provides a decrease of 0.269 and GINI(S,A;) = 0.231. In terms of A3, the split
point options are 0.5, 2.5, 10.5, 13.5, 16.5 and 19.5 with GINI impurities 0.375,
0.374, 0.493, 0.469, 0.490 and 0.444. Hence, GINI(S,A3) = 0.374 by the point 2.5.
Considering A, A, and A3, the maximum decrease on GINI impurity is provided by
A2 by splitting from the value of 67. The left branch A, > 67 involves a GINI
impurity of 0, hence all objects belong to the same class, making this node a leaf.
However, the GINI impurity of the branch A, <67 has a GINI of 0.355 and needs
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Table 3 Sorted A; data for A Class
SLIQ 38

42
43
44
46
46
47
48
49
50
51
52
54
54
55
55
55
56
56
61

DO [ = = [ D[ = = D= [ D= == = = N[N [N NN

further splitting over 13 objects. Further splitting provides two alternative trees.
Over the split A, <67, both GINI(S,A;,46.5) and GINI(S, A,,62) has values of 0.
Two trees generated by SLIQ algorithm are given in Figs. 5 and 6.

Fig. 5 Second tree generated
by the SLIQ algorithm

>67 <67

Class 2 Al

<46.5

Class 1 Class 2
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Class 1 Class 2

Fig. 6 First tree generated by the SLIQ algorithm

3 Fuzzy Decision Trees

Fuzzy sets are integrated to induction algorithms to improve their comprehensibility
by combining with cognitive uncertainties [46]. A fuzzy decision tree can be
considered as a generalized version of the crisp case [43]. Fuzzy decision trees were
first mentioned by Chang and Pavlidis [8] in 1977. Since then, many fuzzy decision
tree induction algorithms have been proposed in the literature. A comprehensive
review on fuzzy decision trees can be found in Chiang and Hsu [9]. In this section,
widely used fuzzy induction algorithms—fuzzy ID3 and fuzzy SLIQ algorithms—
are discussed and a brief literature review on recent studies using these algorithms
is given.

Before discussing fuzzy decision trees, some fundamental fuzzy operations
related with fuzzy decision tree induction process are given as the following. Let S
be a fuzzy set of n objects in a training set. A fuzzy subset for class k can be

represented with Cy. Relative frequency py for class k can be computed as follows:

ky=—1-" 13
p(k) MG (13)
M@ = Y e, () (14)

x€S

where M(Cy) is the cardinality of subset C; and fi¢, (x) is the membership value of
object x to class k. For each attribute A;, there are n; linguistic terms which are
represented by Al.l, .o AT Let T; be the set of subsets created from splitting set S by
attribute A;. Relative frequency of class k in subset 7 € T; is
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p(ix) = M(Zk) ) UkK:Itk =1 (15)
MG NCy) = Z min (4, (x), p, (%)) (16)
x€S

3.1 Input Representation

In this study, a triangular membership function is used to determine the membership

values for all linguistic terms. Each linguistic value Al’ is represented with three
value (a;, bj, ¢;) where a; and ¢; are the least possible values while b; is the most

occurred value for Alj . Let x be a numerical value for attribute A;. Membership

function for each linguistic term A’(j = 1,...,n;) can be defined as follows:

1 ay S X S b]

,MAZ;(X): (Cl —X)/(C] —bl) b1<X<Cl (17)
0 xzcy
0 x<ay,

Hai(x) = q (x = an)/ (b, — an,)  an, <x<by, (18)

' 1 n<x<ey

0 x <aj

wi(x) = (x_aj)/(bj_aj) a; <x<b;
4 (—x)/(c—b) bi<x<¢’
0 X2¢

I<j<n (19)

The selection of the membership function is of a crucial importance. However,
the most common way to determine the membership function has come to be
trial-and-error [2]. It is a prevalent approach that the selection and parameter tuning
of the membership function is tuned until a more desirable behavior is reached [18].
For many other applications of fuzzy logic, metaheuristic approaches are utilized for
tuning membership function parameters [13, 28, 38].

The graphical representation of membership function used in this study can be
seen in Fig. 7. Parameters of each attribute for the credit risk assessment example
are given in Table 4. We assume that each customer is evaluated using a scale
between 0 and 10 for credit history, debt and collateral attributes and risk decision.
Fuzzy membership values are given in Table 5.
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Table 4 Triangular membership parameters for credit risk assessment problem

Attribute Linguistic term (a, b, ¢)
credit history good 4, 8, 10)
bad ©,2,6)
unknown 2,5,8)
debt low , 3, 8)
high (3, 8, 10)
collateral none 0, 3, 8)
adequate (3, 8, 10)
income low (0, 10K, 30K)
moderate (10K, 25K, 40K)
high (20K, 40K, 60K)
risk low (4, 8, 10)
moderate (2,5,8)
high 0, 2,6)

3.2 Fuzzy ID3 Algorithm

Fuzzy ID3 algorithm and its variants are the most used induction algorithms in the
literature because it does not require much computational effort to generate fuzzy
decision trees and it is suitable for large-scale learning problems [43]. The main
idea of fuzzy ID3 is the same with classical ID3. The main difference between two
algorithms is the computation of entropy values as follows:

K K M(Cy) M(C)
k)log, p(k gy — 20
$ =2 rWlar® =)~ E e ey
-~ K K tkﬁCk) (tkﬂCk)
E(I)_k; ~plilogz p(h) kz (fkﬂck) Zk | MG Cy)

(21)
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Morever, information gain is computed as follows:

IG(S,A;) Z p(i (22)

teT

At each iteration of fuzzy ID3, truth level of classifying objects within the branch
into each class is calculated as follows [46]:

P(I, Ck) = (23)

where P(%, Cy) is the truth level of class k on the branch including set 7. If the truth
level for a branch is larger than a predetermined threshold parameter f3, then the
branch is terminated as a leaf. Otherwise, the next attribute having the greatest
information gain is investigated to split the branch. All objects in a leaf are clas-
sified to the class with the highest truth level [46].

Fuzzy ID3 algorithm can be applied to the fuzzy credit risk assessment data in
the following way. Let f be 0.7. Firstly, the attribute having the greatest entropy is
selected as the main decision node using Eq. (20).

.49 [49\ 49  (49\ 62 (62
ES) = —Zlogy (~=) — logy [~ ) — 2Zlog = 1.576
()=~ 0g2(16> 16 0g2<16> 16 <16) :

32 (32\ 26, (26\ 18 /18
E(good) = — 2= g (22) - 2 =150
(g00d) = =57 l0g2 (5 7) 57082 (5.7) 57082 <5 7) 0

Similarly, entropy values for other features are found as E(bad) =
1.314 and E(unknown) = 1.502. The information gain for credit history is given in
the following:

5.7 4.9 5.5
=1. ——1. ———1.314——1.502 =0.12
(S credit history) = 1.576 61 509 61 3 61 50 0.129

The information gain for the other attributes are found as IG(S, debr) = 0.037,
IG(S, collateral) = 0.052 and IG(S, income) = 0.301. Since attribute income is the
greatest one with 0.301 information gain, it becomes the root node of decision tree
with three branches as high, moderate and low. The truth level of each class
k = {low_risk, moderate_risk, high_risk} for branch low is computed as follows:
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0.4

P(Slawa 6lowArisk) = T =0.1
< ~ 03402+02+04
P(SZUW7 Cmoderute_risk) = 2 =03
08+02+09+08+0.7+0.1+0.1

P(Slawa é‘high_risk) = 0.9

4

P(i, Cy) represents the truth level of class k for set 7. Since P(Sjy, Ch,vghjisk) =
0.9 > p = 0.7, the branch low is terminated and all objects on this branch classified
as high_risk. Truth level of classes for branch moderate in the first level are found
as P(Smoderare’ évIow_risk) = 02647 P(Smodemte» é’maderare_risk) = 05857 and P(Smoderatey
C‘high_,,-sk) = 0.66. Since none of them is larger than § parameter, splitting proce-
dure is performed for branch moderate as follows. Firstly, the entropy of set

Smoderate 18 ComPUted.

~ 1.4 1.4 3.1 3.1 3.5 3.5
E(Snwderate) = —?l()gz <?) - ?logZ (?) - ?Zng <?> =1.492

The recursive computation performed to compute information gain of each
attribute  as IG(S‘modm,e, credit history) = 0.236, IG(S‘modm,e, debt) = 0.249, IG

(Swmoderare, collateral) = 0.226. Since the information gain debt is the greatest one,
it becomes the second level decision node of this branch. The computations con-
tinue until the whole objects are classified. The decision tree obtained using fuzzy
ID3 algorithm is given in Fig. 8. Risk assessment decisions are given at the end of
each leaf with their corresponding truth level P.

Many enhancements have been proposed for fuzzy ID3 algorithm in the liter-
ature. The studies of Umana et al. [42] and Janikow [16] are the first ones extending
ID3 algorithms with using fuzzy sets. Hayashi [15] proposed a fuzzy ID3 algorithm
with adjusting mechanism of AND/OR operator. Chang et al. [7] hybridized fuzzy
ID3 algorithm with genetic algorithms to optimize the rule parameters in the tuning
process. Bartczuk and Rutkowska [3] developed a new version of fuzzy ID3
algorithm which allows to use more than one attribute value in leaves. By this way,
decision trees contain less number of the nodes than the ones constructed by
classical algorithms. Wang et al. [44] obtained several fuzzy attribute reducts,
which are subset of attributes that are necessary and sufficient to represent the given
data, and generated a fuzzy decision tree for each fuzzy attribute reduct by a fuzzy
ID3 algorithm. Jin et al. [17] proposed a generalized fuzzy partition entropy-based
ID3 algorithm which considers the impact of the non-linear characteristics of the
membership degree of fuzzy sets. There are also various applications of fuzzy ID3
algorithm in the literature, such as performance evaluation [22], online purchasing
behavior analysis [45], image processing [11] and medical diagnosis [12].
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Income

over 535K S0 to $15K
$15 to $35K
Credit history Debt High risk
7 3 P=0.9
good bad ik high low
Low risk Moderate Low risk Credit history High risk
P=0.778 risk P=0.706 P=0.784
P=0.736
good bad unknown
Collateral High Moderate
3 risk risk
P=1 P=0.833
none adequate
Moderate High risk
risk P=0.8
P=0.533

Fig. 8 Decision tree obtained by fuzzy ID3 algorithm

3.2.1 Generating the Classification Rules

Each branch from root to leaf can be converted to a rule. The decision nodes on a
path gives the features of attributes which represent a given condition while the leaf
at the end of a path is the final decision. The rules extracted from the decision tree
given by Fig. 8 are as follows:

1. if income is high and credit history is good then risk is low (P = 0.778)

2. if income is high and credit history is bad then risk is moderate (P = 0.736)

3. if income is high and credit history is unknown then risk is low (P = 0.706)

4. if income is moderate and debt is high and credit history is good and collateral
is none then risk is moderate (P = 0.533)

5. if income is moderate and debt is high and credit history is good and collateral
is adequate then risk is high (P = 0.8)

6. if income is moderate and debt is high and credit history is bad then risk is
high (P =1)

7. if income is moderate and debt is high and credit history is unknown then risk

is moderate (P = 0.833)
. if income is moderate and debt is low then risk is high (P = 0.784)
9. if income is low then risk is high (P = 0.9).

o]

Quinlan [34] investigated the methods which are simplifying non-fuzzy decision
trees without compromising their accuracy. Yuan and Shaw [46] applied rule sim-
plification technique to fuzzy decision trees. In this technique, a rule is simplified by
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removing an attribute term from the condition (if) part. For a rule, an attribute is
removed from the rule and the truth level is obtained in each time. The simplified
rule having the greater truth level than the original rule is replaced with the original
one. In the cresit risk assessment example, only rule 4 and rule 5 can be simplified.
Simplified version of rules and their truth levels are given in the following:

4. if income is moderate and credit history is good then risk is moderate
(P =0.696)

5. if income is moderate and debt is high and collateral is adequate then risk is
high (P = 0.929).

It can be observed that truth levels of simplified rule 4 and 5 are greater than the
rules obtained by fuzzy ID3.

3.2.2 Classification with Rules

The classification of an object with decision tree rules can be summarized as
follows [46]:

1. Membership value of the object is computed for each rule.

2. If several rules results with the same class, maximum membership value among
the rules are considered as the membership value of the object to the corre-
sponding class.

3. If the object belongs to various classes with different membership values, it is
assigned to the class having the largest membership value.

This procedure is applied for all objects in the data set. The classification result
of training data set in credit risk assessment example is given at Table 6.
Classification results obtained by fuzzy ID3 algorithm is exactly the same with the
given classes in the training data.

3.3 Fuzzy SLIQ Algorithm

The SLIQ algorithm has been fuzzified by Chandra and Verghese [6]. In the crisp
case, midpoints of the values where classes switch are determined as split points.
According to Chandra and Verghese, the fuzziness lies in the choice of the split
point, and the distance to the split point together with the standard deviation of the
attribute values determine the output. Fuzzy membership values are calculated
using standard deviation, the split point and user specified parameters f3, o as given
below:
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Table 6 Results of fuzzy ID3 algorithm for credit risk assessment example

# Real classification Results of fuzzy ID3

Membership values Decision Membership values Decision

low moderate high low moderate high
1 0 0.3 0.8 high 0 0 0.8 high
2 0 0.2 0.9 high 0 0.2 0.8 high
3 0.1 0.8 0.4 moderate 0.1 0.5 0.4 moderate
4 0 0.2 0.9 high 0 0 0.9 high
5 0.8 0.3 0 low 0.8 0.3 0 low
6 0.9 0.2 0 low 0.7 0.2 0 low
7 0 0 1 high 0 0 0.8 high
8 0.3 1 0.3 moderate 0.2 0.6 0.3 moderate
9 0.6 0.5 0 low 0.6 0 0 low
10 0.8 0.3 0 low 0.8 0 0 low
11 0 0 1 high 0 0 0.7 high
12 0.4 0.8 0.1 moderate 0.1 0.8 0.1 moderate
13 1 0 0 low 0.8 0 0 low
14 0 0.3 0.8 high 0 0.3 0.7 high

m val <lIp
= 1 Ip<val<rp
= val>1p

If the branch is in the form of A<vorA <v, it is called a left split and if the
branch is in the form of A > vorA >v, it is called a right split. The calculation of
parameters Ip and rp are the same for left and right splits.

Ip = split_point — f3 (24)
rp = split_point + f3 (25)

The calculation of /w and rw for the left split is given below:

w=o-0 (26)
w=0 (27)

In case of a right split, the formula change as follows:

w=0 (28)

w=a-q (29)
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where o is the standard deviation of the attribute values. The parameters Iw and rw
control the slope of the membership functions and depend on the standard devia-
tion, and in various applications f € [0, 1]. However, for bigger spreads of the data,
it is possible that f > 1. As given in the SLIQ algorithm in Sect. 2.6, the split
points are determined and membership values are calculated using these split
points. In this case, the GINI impurity uses fuzzy membership values; hence, the
GINI impurity is fuzzified as follows:

14 Nv va‘;()
GINI(x)) ;N kz NM) ] (30)

where K is the total number of classes, V is the total number of partitions, N ) g
the sum of membership values of the objects in the dataset before split if x; is

chosen as the split point, N*) is the sum of membership values in the vth partition

and is NV(VVQ the sum of the product of the fuzzy membership values of the attribute
and the fuzzy membership values of the corresponding records for class wy in the
vth partition. For the example given in Table 2, let’s assume that the split is about to
be made for attribute A2 and the split point is 67, « = 1 and § = 0.5. The standard
deviation (o) for this attribute is calculated as 3.54. For the left branch
Ay <67, lw=3.54rw = 0,Ilp = 66.5, rp = 67.5. Since there are 2 classes, K = 2

Table 7 Example table for A2 Membership values Class
fuzzy SLIQ 69 0.702 2
69 0.702 2
58 0.294 2
58 0.294 2
69 0.702 2
58 0.294 2
66 0.876 1
66 0.876 1
66 0.876 1
66 0.876 1
66 0.876 1
69 0.702 2
66 0.876 1
68 0.876 2
66 0.876 1
66 0.876 1
68 0.876 2
66 0.876 1
66 0.876 1
68 0.876 2
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and any split over A2 would yield 2 branches V = 2, The values of fuzzy mem-
bership is given in the Table 7.

The sum of all membership values, that is N = 15.078. The sum of fuzzy
membership values with partitions are NV = 0.876 - 104 0.294 - 3 = 9.642 (for
the left split) and N®) = 0.702 - 44 0.876 - 3 = 5.436 (for the right split). For the
left split, 10 objects belong to Class 1, and their fuzzy membership value sums are
Nfl) = 0.876 - 10 = 8.760. Likely, 3 objects belong to Class 2; indicating Nél) =
0.294 - 3 = 0.882. The GINI impurity for that partition (branch) is

8.760

GINI(S,A2<67) = 1 = (g =) — (

0.882

2
——)"=0.1
9.642) 0166

As for the right split, that is, A > 67, all seven objects belongs to Class 2 making
Nfl) =0 and Nél) = 5.436, Hence

B 5.436,, 0 o
The total GINI over the A2 split is
9.642 5.436
INI(S,A2) = ——-0.1 -0=0.1
GINI(S,42) 15.078 0.166 -+ 15.078 0= 0.106

GINI impurities over all attributes and all split points are given in Table 8. The
most decrease in GINI impurity is provided by the A2 attribute with a split at point
67.

'.I‘able‘Si Ffuzz(}lfl f(f}INI i Attribute Split point GINI
ties t splits
impurities for different splits Al 46.5 0.220
Al 51.5 0.490
Al 33 0.479
Al 54.5 0.463
Al 55.5 0.463
Al 58.5 0.440
A2 67 0.106
A3 0.5 0.362
A3 10.5 0.500
A3 13.5 0.478
A3 16.5 0.500
A3 19.5 0.435
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The left split is defined as A <67 and the right split is defined as A > 67.
13 objects are lead to the left split. The right split has a GINI of 0, hence it is
terminated a leaf node. However, the right side has 13 objects that are required to be
further-partitioned. For the remaining 13 objects, the table of possible partitions and
their GINI impurities are shown in Table 9. According to the table, there are two
options on the second split. One split can be achieved through Al being less or
greater than 46.5 and another split can be achieved through A2 being less or greater
than 62. Same trees as shown in Figs. 6 and 5 are obtained by fuzzy SLIQ
algorithm.

4 Computational Results

The algorithms discussed in this study are evaluated by using a small training data
set from Yuan and Shaw [46]. A sport activity is decided according to the weather
condition of a given day. Membership values for weather data and activities are
given in Table 10. Volleyball, swimming and weight lifting (w_lifting) are activ-
ities one of which is decided to play considering the outlook, temperature, humidity
and wind. Decision tree obtained by fuzzy ID3 algorithm is given in Fig. 9. The
rules obtained by fuzzy ID3 algorithm are as follows:

1. if temperature is hot and outlook is sunny then choose swimming (P = 0.854)

2. if temperature is hot and outlook is cloudy then choose swimming (P = 0.722)

3. if temperature is hot and outlook is rain then choose w_lifting (P = 0.727)

4. if temperature is mild and wind is windy then choose w_lifting (P = 0.813)

5. if temperature is mild and wind is not_windy then choose volleyball
(P =0.784)

6. if temperature is cool then choose w_lifting (P = 0.884).

Rule 3 can be simplified with rule simplification technique as follows: 3. if
outlook is rain then choose w_lifting (P = 0.889). Classification results are given
in Table 14. Objects 2 and 8 are classified into wrong classes and object 16 can be
assigned one of two classes with the same membership value. Decision tree and
classification results are obtained by using fuzzy entropy measure given in

Table 9 Fuzzy GINI _ Attribute Split point GINI
impurities for the second split 1 165 0.000
A2 62 0.000
A3 1.5 0.185
A3 5.5 0.281
A3 10.5 0.341
A3 35 0.253
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Temperature

hot cool
mild

Outlook Wind w_lifting
g P=0.884

sunny yain windy not_windy

cloudy
swimming swimming w_lifting w_lifting volleyball
P=0.854 P=0.722 P=0.727 P=0.813 P=0.784

Fig. 9 Decision tree obtained by fuzzy ID3 algorithm

Sect. 3.2. Rules and classification results are the same with the ones obtained by
Yuan and Shaw [46] where ambiguity measure was used instead of entropy.

Since the number of outcomes is three in Yuan and Shaw’s example, fuzzy SLIQ
algorithm is not able to tell which sport to play. However, based on the attribute
membership values, it can decide if a person can play volleyball or not for different
membership values of weather conditions. For generating such a tree, two modi-
fications should be made on the data: The membership values of weather conditions
can be assumed as a numerical value representing the related weather condition The
outcome of this example is numerical, it should be converted to binary outcomes. In
order to generate binary outcomes, it is assumed that if the membership value of the
outcome is greater than 0.5, then the certain sport is played. Likely, if the mem-
bership value is less than 0.5, the sport is not played.

For volleyball, the attributes, split points and the fuzzy GINI impurity is
determined as given in Table 11.

The result for windy and not_windy weather at splits 0.05 and 0.95 have the
same GINI value. This result is expected since windy and not_windy are comple-
mentary attributes whose membership values sum to 1. One attribute can be chosen
for branching. Assume that the first branching is made through weather being windy
with a membership value that is less than 0.05. Branching results in 3 objects in
“Uyinay < 0.05” node(all having a membership value of 0) and 13 in the other node.
The node “u,,;,4, < 0.05” has a GINI value of 0 (all objects suggest that the person
plays volleyball). Hence, this node is terminated as a leaf. The other node
(Wyingy > 0.05), has a GINI value of 0.26. Further split provides Table 12.

The minimum fuzzy GINI impurity is provided by the weather being mild with a
membership value of 0.5. Hence, two branches are “u,;, < 0.50” and
“Upnita > 0.50”. If the membership value of the weather being mild is less than 0.5,
then the decision is not to play volleyball for all object, hence this node is also
terminated as a leaf. The other branch, however, has a GINI of 0.5 and can be
further branched. The values for third split are given in Table 13.

Table 13 provides four alternatives with GINI impurities of 0. The decision can
depend on the weather being humid, normal, windy or not_windy. Since humid and
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Table 11 Fuzzy GINI
impurities for Yuan and
Shaw’s first split
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Attribute Split point GINI

Sunny 0.10 0.3661
Sunny 0.45 0.4264
Sunny 0.85 0.4182
Cloudy 0.05 0.4089
Cloudy 0.15 0.3942
Cloudy 0.25 0.4194
Cloudy 0.50 0.3875
Cloudy 0.65 0.4281
Cloudy 0.80 0.4276
Cloudy 0.95 0.3708
Rain 0.15 0.4281
Hot 0.25 0.4294
Hot 0.65 0.3229
Mild 0.25 0.3317
Mild 0.35 0.3801
Mild 0.75 0.4425
Mild 0.95 0.4066
Cool 0.75 0.4120
Cool 0.90 0.3693
Humid 0.05 0.4054
Humid 0.25 0.4214
Humid 0.40 0.3949
Humid 0.95 0.3795
Normal 0.60 0.3303
Normal 0.85 0.4386
Normal 0.95 0.4097
Windy 0.05 0.2356
Windy 0.25 0.4049
Windy 0.35 0.2411
Not_windy 0.65 0.2411
Not_windy 0.75 0.4049
Not_windy 0.95 0.2356

normal are complementary attributes just like windy and not_windy, the number of
alternative trees can be decreased to two. In case of f1,,,4, > 0.05 and g, > 0.50,
if  Wpumia <0.15, then the person is known not to play volleyball and if
Hpmia > 0.15, the person is known to play volleyball. Two decision trees are given

in Figs. 10 and 11.

The same process applied to swimming and w_lifting yields to the trees shown in
Figs. 12, 13 and 14. For the w_lifting decision, two alternative trees exist. The
classes for each object obtained by fuzzy ID3 and fuzzy SLIQ algorithms are shown
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Table 12 Second split to Attribute Split point GINI
gﬁzj’ SLIQ for Yuan and— ~g/ 0.10 0.2009
Sunny 0.45 0.2326
Cloudy 0.50 0.1816
Rain 0.15 0.2907
Hot 0.50 0.2308
Mild 0.50 0.1538
Mild 0.90 0.1941
Cool 0.05 0.2626
Humid 0.15 0.2402
Humid 0.40 0.2272
Normal 0.60 0.2272
Normal 0.80 0.2402
Windy 0.25 0.2586
Windy 035 0.1918
Not_windy 0.65 0.1918
Not_windy 0.75 0.2586
Table 13 Third split to Attribute Split point GINI
gﬁfg SLIQ for Yuan and g 0 0.10 0.2480
Sunny 0.55 0.3163
Cloudy 0.35 0.3136
Cloudy 0.80 0.2639
Rain 0.05 0.3333
Rain 0.15 0.3333
Hot 0.10 0.5000
Hot 0.25 0.3333
Mild 0.75 0.3333
Mild 0.95 0.3333
Cool 0.05 0.3333
Humid 0.15 0.0000
Normal 0.85 0.0000
Windy 0.50 0.0000
Not_windy 0.50 0.0000

in Table 14. According to the results in Table 14, fuzzy SLIQ algorithm obtains
better classification than fuzzy ID3 algorithm for sport decision problem.

For a detailed comparison of decision tree algorithms, we refer readers to the
study of Niuniu and Yuxun [29]. This comparison is achieved for crisp cases; yet,
the results obtain also holds for fuzzy decision trees. With a brief summary, it could
be stated that the “No Free Lunch” theorem is valid for fuzzy decision tree cases.
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e Hizg > 0.5
g < 0.

Don't play
i | Humid |

Hnymia < 0.15 humta > 0.15
Don't play Play
volleyball volleyball

Fig. 10 Decision tree 1 obtained by fuzzy SLIQ algorithm for volleyball

Huwindy

o

volleyball iz > 0.5
Hmia < 0.

Don't play T
o
Hvina > 0.5 Hwing < 0.5

Don't play Play
volleyball volleyball

Fig. 11 Decision tree 2 obtained by fuzzy SLIQ algorithm for volleyball

Fig. 12 Decision tree

obtained by fuzzy SLIQ Hot
algorithm for swimming Hnot < 0.40 Hnot > 0.40
Don't Rain
SIS Hrain Hrain
< 0.60 > 0.60
Swim Don't swim

All algorithms have their advantages and disadvantages. The fuzzy ID3 algorithm is
easy to apply to and has a strong learning capacity; yet, it is sensitive to noise, it
cannot handle branching on multiple attributes at once and cannot handle contin-
uous attribute values. It is also prone to attribute bias problem, that is, the algorithm
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Hwinay
< 0.35
Rain
Hrain Hrain
Don't lift Lift weights

weights

Hwinay
>0.35
Hot
Hpor < 0.95 Hnot > 0.95
Lift weigts Don't list
weights

Fig. 13 Decision tree 1 obtained by fuzzy SLIQ algorithm for weight lifting

< 0.35

Heoat Heoot

<0.90 > 090
Don't lift Lift weights
weights

Hywinay

> 0.35

Hpor < 0.95 Hpot > 0.95

Don't list

weights

Lift weigts

Fig. 14 Decision tree 2 obtained by fuzzy SLIQ algorithm for weight lifting

Table 14 Results of fuzzy ID3 algorithm for sport example

# Real classification Results of fuzzy ID3 Results of fuzzy SLIQ
1 swimming swimming swimming

2 volleyball swimming volleyball-swimming
3 swimming swimming swimming

4 volleyball volleyball volleyball

5 w_lifting w_lifting w_lifting

6 w_lifting w_lifting w_lifting

7 w_lifting w_lifting w_lifting

8 volleyball w_lifting volleyball

9 swimming swimming swimming

10 w_lifting w_lifting w_lifting

11 swimming swimming swimming

12 volleyball volleyball volleyball

13 w_lifting w_lifting w_lifting

14 w_lifting w_lifting w_lifting

15 w_lifting w_lifting w_lifting

16 volleyball volleyball-swimming volleyball-swimming
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favors attributes with have a larger attribute value set, but is insignificant than
others. The fuzzy C4.5 algorithm attempts to overcome this issue but using
information gain and can handle continuous attribute values. Both algorithms do
not consider multicollinearity, that is, the correlation among attributes. The effi-
ciency of the fuzzy C4.5 is limited, since it conducts a linear search algorithm for
determining threshold values and it cannot handle large datasets. Fuzzy CART
algorithm can handle nonlinear data with noise with a higher accuracy; but for
complex datasets with many attributes, the accuracy is reduced. The Fuzzy SLIQ
algorithm can handle defaults attribute values which fuzzy ID3 cannot, and pro-
vides a higher implementation speed. However, for the sake of implementation
speed needs a large memory to be allocated.

5 A Summary of Recent Classification Approaches

Given the most fundamental algorithms for fuzzy decision tress, some recent
approaches are summarized in this section. One of the most recent approaches is
developed by Tusor et al. [41] and utilizes greedy inference and complete inference
mechanisms for the split decision.

The state-of-the art on fuzzy decision trees is the intuitionistic fuzzy decision
trees; however, they stem their roots on the ID3 Algorithm [5]. Intuitionistic fuzzy
sets offer an approach that considers a nonmembership value or function besides the
conventional membership function. The difference between membership and non-
membership values are defined as hesitation margin. The ID3 algorithm is applied
for both membership and nonmembership values and the split is considered on the
degree of a data point belonging to one class and not belonging to the others in a
way that maximizes the fuzzy entropy reduction.

The aforementioned algorithms, especially ID3 algorithm, is with the advances
of in Machine Learning algorithms, there is also a new branch for fuzzy decision
trees where they are hybridized and tuned with Neural Network. This approach has
its roots since early 2000s [30]. Yet, the latest approaches involves Neural
Networks with more complicated structures [39].

6 Conclusion

The main points of this chapter are summarized as follows:

e Decision trees are elemental tools for classification problems. Various algo-
rithms have been developed for sustaining the accuracy of a tree while avoiding
abundance of branches.

e [D3 algorithm and its variants are considered as the most basic algorithms for
constructing decision trees. However, ID algorithms are greatly capable of
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processing categorical values, do not produce numerical outcomes and prone to
overfit to the data.

e Numerous impurity measures that measure the information homogeneity are
available. Most used ones are entropy, GINI impurity and misclassification
error.

e Another method for overcoming the overfitting challenge, pruning trees is the
most common approach. In order to prune trees, various methods have been
proposed. Cost complexity and Error complexity methods are known to be
widely used methods for pruning.

e Pruning methods are involved in algorithms such as C4.5, CART or SLIQ. In
order to produce numerical outcomes as classes, regression trees are offered.

e In order to improve classification accuracy, trees are combined with cognitive
uncertainties, leading to Fuzzy Decision Trees.

e As in the case of crisp decision trees, fuzzified versions of ID3 algorithms are
widely exploited. Fuzzy ID3 algorithms offer membership values for inputs and
outputs and attempt to explore the effects of vagueness.

e Fuzzy decision tree algorithms generally generate rules involving a truth degree
related with each rule which indicates the level of generalizability of the related
rule.

e In terms of impurity indices, their fuzzy versions use memberships instead of
cardinalities.

e Fuzzy SLIQ algorithm use linguistic variables and attempt to find the optimal
split value for numerical attributes.

Classification algorithms may have different performance depending on the input
data. The relation between the methodology performance and input data can be
investigated in further studies. Moreover, machine learning algorithms have
become very important in classification literature. The methodologies mentioned in
this chapter can be hybridized with machine learning algorithms and the effect of
dynamic learning on the algorithms can be detected.
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Fuzzy Shewhart Control Charts

Cengiz Kahraman, Murat Giilbay and Eda Boltiirk

Abstract Process Control is the active correction of a process based on the results
of process monitoring. Once the process monitoring tools have detected an
assignable cause, this cause is removed to bring the process back into control. This
chapter presents the process control techniques under fuzziness. Variable and
attribute control charts are extended to their fuzzy versions.

Keywords Variable control charts - Attribute control charts - Fuzzy sets
p-chart - np-chart - c-chart - u-chart - X and R control charts - X and S control
charts

1 Introduction

A process may either be classified as “in control” or “out of control”. Based on the
statistical methods, analytical decision-making tools which allow practitioners to
measure, monitor, and control the process behavior are called Statistical Process
Control (SPC). The most successful SPC tool is control charts, originally developed
by Walter Shewhart in the early 1920s. Comparing with boundaries of a stable
process with a graphical display, they enable online data tracing and abnormal
conditions warning, which are an essential tool for continuous quality control.
Basically, the control charts are the graphical display of a quality characteristic that
has been measured or computed from a sample versus the sample number or time to
monitor and show how the process is performing and how the capabilities are
affected by changes to the process. This information is then used to make quality
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improvements. The control charts attempt to distinguish between two types of
process variation that impede peak performance. These variations are as common
cause variations (random causes), which are intrinsic to the process and will always
be present and special cause variations (assignable causes), which stem from
external sources [1].

Based on the monitored quality characteristics in numerical or in “conforming”
or “nonconforming” measurements, the control charts are categorized into two main
groups, variables and attributes. This chapter deals with X and R, X and S control
charts for variables and p, np, ¢, and u control charts for attributes. R is the range
between X, and x,,;, in a sample whereas S is the standard deviation of sample
data [1].

The formulas for constructing the control limits on the X and R charts are
tabulated in Table 1. These formulas need using the past data.

Where the constants A,, D3, and D, are the coefficients depending on the sample
(observation) size and are tabulated for various sample sizes in Appendix.

When the sample size is variable and relatively large, say n > 10, the usage of X
and S charts is advantageous. When o is unknown, we can calculate the control
limits of X and S control charts as given in the equations in Table 2.

where

(1)

5251+Sz+--~+8n 2)
n

The coefficients A3, B3, and B, depend on the sample (observation) size and are
tabulated for various sample sizes in Appendix.

Table 1 Control limits for X

X chart R chart

and R charts - - =

Center Line (CL) X R

Lower Control Limit (LCL) X— AR D3R

Upper Control Limit (UCL) X+AsR D4R
Table 2 Control limits for X X chart S chart
and R charts - -

CL X K

LCL X — A3 Bss

UCL X+Ass B4s
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2  Fuzzy Control Charts for Variables

For many problems, control limits could not be so precise. Uncertainty comes from
the measurement system including operators and gauges, and environmental con-
ditions [2]. A research work incorporating uncertainty into decision analysis is
basically done through the probability theory and/or the fuzzy set theory. The
former represents the stochastic nature of decision analysis while the latter captures
the subjectivity of human behavior. A rational approach toward decision-making
should take human subjectivity into account, rather than employing only objective
probability measures. The fuzzy set theory is a perfect means for modeling
uncertainty (or imprecision) arising from mental phenomena which is neither ran-
dom nor stochastic. When human subjectivity plays an important role in defining
the quality characteristics, the classical control charts may not be applicable since
they require sharp information. The judgments in classical process control are either
“in-control” or “out-of-control” while fuzzy control charts may yield several
intermediate decisions. Fuzzy control charts are inevitable to use when the statis-
tical data in consideration are imprecise and vague; or available information about
the process is incomplete or includes human subjectivity [3]. In the fuzzy case, each
sample, or subgroup, may be represented by a trapezoidal fuzzy number (a,b,c,d) or
a triangular fuzzy number (a, b, b, d) or (a, c, ¢, d) with an a-cut (if necessary) as
shown in Fig. 1.

2.1 Fuzzy X and R Control Charts

Let quality characteristic of a sample with a size of n be represented as fuzzy
triangular numbers by X; (X, Xjp, Xyje,) i = 1,2,...,m; j = 1,2,...,n. Using the

(a) (b)

H H
A A
1 1

»
>

0 a ap c d® d 0 a @ b=c P d

»
L

Fig. 1 Representation of a sample by trapezoidal and/or triangular fuzzy numbers: a Trapezoidal
(a, b, c, d) and b triangular (a, b, b, d)
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fuzzy arithmetic the mean of the each subgroup and grand average of the samples
can be calculated by Egs. (3) and (4).

5 (Z}’1 Xin D1 X D1 Xije
i

’ )
n n n

) = (Xias Xib, Xic)

i=1,2,...m j=12,...,n

_ <Zil Xia72i:1 Xib721:1 Xic) _ (X:a,X:b,X:c> (4)

m m m

3)

>R

The fuzzy range of each subgroup can be represented by the equation below.
lii:)'Ei_bmax_)N(ijAmin 1:17271ma j:1727"'>n (5>

Since fuzzy numbers cannot be easily compared to each other, we need a ranking
method for fuzzy numbers in Eq. (17). There are many ranking methods for fuzzy
numbers. An attempt to list most of the ranking methods was made in [4]. Once the
maximum and minimum fuzzy observation is decided, the fuzzy range can be
determined by the following equations.

Ri = Xijmax — Kijmin = (Xijas Xijos Xijes) 1o — (Xijas Xijos Kijes) i (6)

Ri = (Xjjamax — Xije,mins Xijb,max — Xijb,min» Xije,max — Xija,min) = (Ria, Rib,Ric) ~ (7)

After calculating range of each subgroup, the fuzzy mean of the ranges can be
defined as:

TR

_(Z?lRia,Z?lRib’Z?}lRiC> Ro. Ry, R ®)

= (RaaRba
m m m

Control limits for the fuzzy ):( control charts are then formulized as follows:

CL =

>R

= (§a7§b)§0) = (CLI)CLzaCL3> (9>

Iﬁ = § —I-Azﬁ :(ia,ib,i;) —I—AQ(Ea?ﬁb,EC)
= (ia + AZKaa §b + AZEby ic +A2§c) (10)
= (UCL;, UCL,, UCL3)

LCL =X —AyR = (X, %, %) — Ag(Ry, Ry, Re)
= (Xa — AsR¢, % — AoRp, Xe — A9R,) (11)
= (LCL,,LCL,, LCL3)
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Fuzzy control limits for the R charts can be derived in the same way.

o

CL =R = (Ry,Rp,Rc) = (CLy, CLy, CL3)

UCL = D4R = D4(R,, Ry, Re) = (D4R, D4Ry, D4R, )
— (UCL,, UCL,, UCL;)

LCL = D3R = (D3R, D3Ry, DsR.) = (LCL;,LCL,, LCL;)
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(14)

Example 1 From a production, the following 20 random samples whose sizes are 3

units are taken randomly. X and R charts will be constructed. Table 3 gives the

obtained data.

From Table 3, the center line is calculated as CL = X = (8.113,8.540, 8.967)
n =3 and A, = 1.023. The UCL for X chart: LCL = (6.974, 7.834, 9.598).
The LCL for X chart: LCL = (7.482, 9.246, 10.106). Since all the sample means

are between LCL and UCL, the process is under control.

Table 3 Samples taken from the production

Sample no |1 2 3

1 8242 |8.676 |9.110 |8.423 |8.866 |9.309 |7.985 |8.405 |8.825
2 7.925 [8.342 |8.759 |7.957 |8376 |8.795 |[8.225 |8.658 |[9.091
3 8242 |8.676 |9.110 |8.288 |[8.724 |9.160 |7.928 |8.345 |8.762
4 8.030 |8.453 |[8.876 |8.049 8473 |8.897 |8407 |8.849 [9.291
5 8.536 8985 |9.434 |8221 |[8.654 |9.087 |8.144 |8.573 |9.002
6 7.826 |8.238 |8.650 |[8.503 |8951 |9.399 |[8.029 |8.452 |8.875
7 8.028 |8.451 |8.874 |8.034 |8.457 |8.880 |[8.402 |8.844 |9.286
8 8.072 |8.497 |8922 |8200 |8.632 [9.064 |7.823 |8.235 |8.647
9 7.835 |8.247 |8.659 |[8.286 |8.722 |9.158 |7.660 |8.063 |8.466
10 7.812 |8.223 |8.634 |8.527 |8976 |9.425 |8.248 |8.682 |[9.116
11 8346 |8.785 [9.224 |7.662 |8.065 |8.468 |8.495 |8.942 |9.389
12 8.009 |8.431 |[8.853 |8458 |8.903 [9.348 |8.049 |8.473 |8.897
13 8.255 |8.689 |9.123 |7.630 |8.032 |8.434 |8.153 |8.582 |9.011
14 8.095 |8.521 |8.947 |8.178 |[8.608 |9.038 |7.875 |8.289 |8.703
15 8324 |8.762 |9.200 |8.155 |[8.584 |9.013 |8.036 |8.459 |8.882
16 7.780 |8.189 |8.598 |8.144 |8.573 |9.002 |7.794 |8.204 |8.614
17 8.034 | 8457 |8.880 |7.605 |8.005 |8405 |7.837 |8.249 |8.661
18 8390 |8.832 |9.274 |8.175 |8.605 |9.035 |8.515 [8.963 |9.411
19 8.197 |8.628 |9.059 |8.030 |[8.453 |8876 |8.065 |8.489 |8913
20 8.093 |8.519 |[8945 |8.183 |8.614 [9.045 |8.320 |[8.758 |9.196
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2.2 Fuzzy X and S Control Charts

Determination of the control limits for paired X and S charts are based on the
standard deviation as mentioned in Introduction section. Hence, average standard
deviation of the sample standard deviations need to be calculated. Let a quality
characteristic of a sample of size n be represented by a triangular fuzzy number by
Xi (X, Xip, Xyje,) i = 1,2,...,m;j = 1,2,...,n. Using the fuzzy arithmetic, the
fuzzy standard deviation of each subgroup and the average of these standard
deviations can be derived by Egs. (15) and (16).

n - - - 2
Z] 1 XlJ - X \/ZJ 1 X]_]ay Xijb X]_]C) (Xiaa Xib Xic)]
n—1

n—1 <15>
Sla7 Sib, slc)
E _ Zi:] Si _ (Zil Sia 7 21:1 Sib ’ 21:1 Sic) _ (§a7§b,§c) (16)
m m m m

The control limits of fuzzy X control chart based on standard deviation are
obtained as follows:

CL = x = (Ra, X0, Xc) = (CLy,CLy, CL3) (17)

[ﬁ = % +A3 ? :(§a7§b7§0) +A3(§a7§b>gc)
(Xa + AsSa, Xp + A3y, Xe + AsSe) (18)
(UCL,, UCL,, UCLs)

_A3 E :(i'u §b7 §C) - A3 (gaa gb? SC)
Xa — AsSc, Kb — AzSh, Xe — AsF,) (19)
—(LCLy, LCL,, LCLs)

I
>R

LCL

I
—
>

&

Similarly, the control limits of fuzzy s control chart are derived as follows:

CL = s = (Sa,8,5¢) = (CL;,CL,,CL3) (20)

UCL =By s = B4(Sa, b, Sc) = (B4Sa, B4sp, Base)
—(UCL,, UCL,, UCL5)

LCL = D35 = (B35, B38, B3Sc) = (LCL, LCL,, LCL3) (21)
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Example 2 Consider the data in Table 3. The sample standard deviaitions are given
in Table 4. The overall mean is x = (8.113, 8.540,8.967) and its defuzzified value

is 8.540 when the defuzzification equation (a + 2b + c)/4 is used for a TEN = (a, b,
¢). The coefficient A; for n = 3 is 1.954. In this solution, the defuzzified values of
samples are used in order to calculate their standard deviations.

From Table 4, the mean of standard deviations is obtained as 0.288. Then,
CL = (8.113,8.540,8.967)

LCL = (8.113,8.540,8.967) — 1.954(0.288, 0.288, 0.288)
= (7.550,7.977,8.404)

UCL = (8.113,8.540, 8.967) + 1.954(0.288, 0.288, 0.288)
= (8.676,9.103,9.530)

There is not enough evidence indicating that the process is certainly out of
control. All the sample means are between LCL and UCL when defuzzified values
are compared. However, it is possible that the process may be out of control since

control limits and sample values have intersections. The detailed analyses can be
found in [3, 5, 6].

Table 4 Defuzzified sample values

Sample no Sample means Defuzzified TFNs Standard deviations
1 (8.217, 8.649, 9.081) 8.676 8.866 8.405 0.268
2 (8.036, 8.459, 8.882) 8.342 8.376 8.658 0.200
3 (8.153, 8.582, 9.011) 8.676 8.724 8.345 0.213
4 (8.162, 8.592, 9.021) 8.453 8.473 8.849 0.232
5 (8.300, 8.737, 9.174) 8.985 8.654 8.573 0.326
6 (8.119, 8.547, 8.975) 8.238 8.951 8.452 0.366
7 (8.155, 8.584, 9.013) 8.451 8.457 8.844 0.232
8 (8.032, 8.455, 8.878) 8.497 8.632 8.235 0.227
9 (7.927, 8.344, 8.761) 8.247 8.722 8.063 0.416

10 (8.196, 8.627, 9.058) 8.223 8.976 8.682 0.394
11 (8.168, 8.597, 9.027) 8.785 8.065 8.942 0.473
12 (8.172, 8.602, 9.033) 8.431 8.903 8.473 0.272
13 (8.013, 8.434, 8.856) 8.689 8.032 8.582 0.375
14 (8.049, 8.473, 8.896) 8.521 8.608 8.289 0.184
15 (8.172, 8.602, 9.032) 8.762 8.584 8.459 0.170
16 (7.906, 8.322, 8.738) 8.189 8.573 8.204 0.344
17 (7.825, 8.237, 8.649) 8.457 8.005 8.249 0.434
18 (8.360, 8.800, 9.240) 8.832 8.605 8.963 0.367
19 (8.097, 8.523, 8.949) 8.628 8.453 8.489 0.095
20 (8.199, 8.630, 9.062) 8.519 8.614 8.758 0.164
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3 Fuzzy Approaches for Control Charts for Attributes

In this section, we give the fuzzy attribute charts for fraction nonconforming.

3.1 Fuzzy p Control Chart

The fraction nonconforming is defined as the ratio of the number of nonconforming
units in a population to the total number of units in that population. The units may
have several quality characteristics that are examined simultaneously by the oper-
ator. If the unit does not conform to standard on one or more of these character-
istics, the unit is classified as nonconforming [1].

The traditional p-control chart for known fraction nonconforming in the popu-
lation would be as follows [1]:

1—
UCL, =p+3 ’% (22)
CL,=p (23)
Ler, —p—3/P1=P) (24)
n

where; p is the fraction nonconforming in the population, n is the constant sample
size.

If the fraction nonconforming of population is unknown, sample fraction non-
conforming is used instead of it. The sample fraction nonconforming is defined as
the ratio of the number of nonconforming units, that is:

d;

pi= (25)
iy [y

[_7 _ zlfl ] _ ijlp./ (26)
mn m

where d;: the number of nonconforming units in the jth sample, p;: fraction non-
conforming of jth sample, p: the average of sample fractions nonconforming, m: the
number of sample, j = 1, 2, ..., m.
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The traditional p-control limits are computed from the average of sample fraction
as [1]:

3.1.1 Fuzzy p-Control Chart Based on Constant Sample Size

In the fuzzy case, the number of nonconforming units is represented by the trian-
gular fuzzy number (daj, dp;, dc.j).

The fraction nonconforming is expressed by a triangular fuzzy number such as
(pq[, Dby pcj). Here, (p.,p»,p.) are the fuzzy averages of the fraction noncon-
forming, where j = 1, 2, ..., m:

py =2 (30)
py =2 61)
p = (32)
Pa = ZTP (33)
Pr= % (34)
po ==L (35)

Fuzzy center line, fuzzy upper and fuzzy lower limits of fuzzy p-control chart are
obtained as follows:

UCL, = (pﬁ%/@, pw%/M, pﬁ%/@) (36)
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CL - (pw pba pc (37)

LCLp<pa 34 /P p“,prw — ) f3\/ p“) (38)

3.1.2 «a-Cut Fuzzy p-Control Chart Based on Constant Sample Size
The mean of a-cut is a set which includes all elements who%e membership degrees

are greater than equal to a. With a-cuts, the values of pf and p* are determined as
follows:

ﬁ7 = I_Ja + “(pb - l_ja) (39)
=Pc — “(ﬁc 7pb) (40)

a-cut fuzzy p-control chart is obtained by the following equations:

- p%(1 — p* p%(1 — p*
ver: - (pﬁ‘+3 pi(1 = pf) 5,43 P pr)> (1)
n n
- / 1_
n

3.1.3 Fuzzy p-Control Chart Based on Variable Sample Size
The control limits of fuzzy p-control chart are calculated for each n; by using
triangular membership functions and fuzzy averages of sample fraction noncon-

forming as follows:

Cz‘p,i (pav Pb’ Pc 43

e 711 1_711 — 1_ c
UCLI’J:<pa+3Hp(np)a ph+3\l vpc"r‘?)ﬂ P >
J
p 7a 1_7(1 — 70 1_70
LCLPJ<ﬁa3/p( p)vpb73/ 3/19( p))
n; n;
(45
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3.2 Fuzzy np Control Chart

While p-control chart is related to the fraction of nonconforming, np-control chart is
more convenient to deal with the number of nonconforming units. In many situa-
tions, observation of the number of nonconforming units is easier to interpret than
the usual fraction nonconforming control chart [1].

In the conventional np-control chart for a known number of nonconforming units
in the population is as follows [1]:

UCL,, = np +3+/np(1 —p) (46)

CL,, =np (47)
LCL,, = np —3+/np(1 —p) (48)

where np is the number of nonconforming units in the population, n is a constant
sample size.

If the number of nonconforming units in the population is unknown, then the
average of the sample number of nonconforming units, np, is used. The number of
nonconforming units in the jth sample is expressed as dj, that is;

" d
np = % (49)

The limits of the traditional np-control chart are given as follows [1]:

UCL,, = np +3+/np(1 —p) (50)

CL,, = np (51)
LCL,, = np —3+/np(1 —p) (52)

In the fuzzy case, the number of nonconforming units for each sample is stated
by a triangular fuzzy number (daf, dp,, dcj). The average sample number of non-
conforming units is expressed by a triangular fuzzy number (np,, npy, np.) as
follows:

" d,
npuz—z-’;; ’ (53)

" od,
npy = L’; & (54)
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DYy

m

(55)
The limits of fuzzy np-control chart are calculated with the following equations;
UCLy = (npu+33/pa(l P, npy+3/mu(1 — 1), mpe+33/mpe(1 = o))
(56)

CI:,,,, = (npy, nPp, NPc) (57)

LCLyy = (1Pa = 3/mpa(1 = pa)s 1n = 33/np(1 = o), npe = 3v/npe(1— b))

(58)

Example 3 200 products are randomly selected from a production and the defective
units are recorded. The obtained results are as in Table 5.

From Table 5, CL = (0.009, 0.014, 0.019), LCL = (-0.011, -0.011,
—0.010) — 0, and UCL = (0.029, 0.039, 0.048) is obtained. There is no sample
mean completely above UCL or below LCL. The process might be out of control
with some degree of possibility. The detailed analyses can be found in [3, 5, 6].

3.3 Fuzzy ¢ Control Chart

In the crisp case, control limits for number of nonconformities are calculated by

CL=c¢ (59)
Table 5 Defective numbers in samples
Sample number Defective number TEN Fuzzy sample p
1 Around 4 (3.4,5) (0.015, 0.02, 0.025)
2 Around 3 2,3, 4) (0.01, 0.015, 0.02)
3 Around 7 6,7, 8) (0.03, 0.035, 0.04)
4 Around 3 (2,3,4) (0.01, 0.015, 0.02)
5 Around 1 ©, 1, 2) (0, 0.005, 0.01)
6 Around 1 ©, 1, 2) (0, 0.005, 0.01)
7 Around 2 (1,2, 3) (0.005, 0.01, 0.015)
8 Around 4 (3.4,5) (0.015, 0.02, 0.025)
9 Around 1 ., 1,2) (0, 0.005, 0.01)
10 Around 2 1, 2, 3) (0.005, 0.01, 0.015)
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LCL =¢ —3v/¢c (60)
UCL = ¢+3ve (61)

where ¢ is the mean of the nonconformities. In the fuzzy case, each sample, or
subgroup, can be represented by a trapezoidal fuzzy number (a, b, c, d) or a
triangular fuzzy number (a, b, b, d). Note that a trapezoidal fuzzy number becomes
triangular when b = c. For the ease of representation and calculation, a triangular
fuzzy number is also represented as a trapezoidal fuzzy number by (a, b, b, d) or (a,
¢, ¢, d). Center line, CL is the mean of fuzzy samples, and it is represented by
(a,b,c,d) where a, b, ¢, and d are the arithmetic means of the values a, b, ¢, and d,
respectively. In the fuzzy case, it can be written as follows.

n n n n
ch _ <Zj—1 aj,Zj:I bj’Zj:I Cj72j:1 d]) — (@, b, e d)

62

6L can be represented by a fuzzy number whose fuzzy mode (multimodal) is the
closed interval of [b,¢]. CL, LCL, and UCL are calculated by [3, 5]:

CL = (a, b, ¢, d) = (CLy, CLy, CLs, CLy) (63)

LCL = CL-3\/CL = (a—3\/5,13—3 b,c—3ve,d— 3\/3)
— (LCLy,LCLy, LCLs, LCLy) (64)

UCL = CL +3\/ CL = (a+3\/2_1,13+3\/3,5+3\/5,21+3\/c:1)
= (UCLy, UCL,, UCL3, UCLy) (65)

Example 4 A random sample of 15 products is taken from a production and the
number of defects on each product is determined. The results are given in Table 6.
We will calculate the fuzzy control limits for number of defects (nonconformities).
Using Egs. (63)-(65), we obtain the following control limits:
CL = (1.8,2.867,4.133,4.867), LCL = 0, UCL = (5.825,7.946,10.232, 11.485).

3.4 Fuzzy u Control Chart

If we are related to the number of nonconformities on one product, c-control chart is
used. When the sample size is not be constant due to the process constraints,
u-control chart is preferred to monitor and evaluation of process. The classical
u-control chart limits proposed by Shewhart are given the following equations:
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Table 6 Number of defects

Sample number Number of defects
for the example 1 2.3.4.5
2 (3,4,5,6)
3 1, 3,5, 6)
4 (2,3,5,6)
5 (1,2,3,4)
6 (2, 4,6, 6)
7 1, 3,5, 6)
8 (2,3,4,5)
9 (3,4,5,6)
10 (2,3,4,4)
11 1,2,4,4)
12 (1, 1,2,3)
13 (2,3,4,4)
14 1,2,2,3)
15 (3,3,4,5)
Mean (1.8, 2.867, 4.133, 4.867)
u
UCL, = u+3,| % (66)
]
CL. =it (67)
LCL, =i — 3, |~ (68)
nj
_G
uj = n_] (69)
S
n==C11 =12, m (70)
m

where u; is the number of nonconformities per inspection unit and # is the average
number of nonconformities per inspection unit, »; is the sample size, c; is total
nonconformities in a sample of n; inspection units, and m is the number of sample.

In the fuzzycase, the number of nonconforming is expressed as a triangular fuzzy
number (ua/., Up,, ucj) . The fuzzy averages of nonconforming values are calculated by

_ iy

- )

Ug
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u
iy — 2= (72)

m

> u,
0. = J 73
e == (73)
The fuzzy u-control chart limits are given as follows:
UCL, = (ua+31/&7 i+ 3y 2, uc+3,/&> (74)
n; nj n;

CL = (Uy, Up, U) (75)

S Y SN S

3.4.1 a-Cut Fuzzy u-Control Chart

—~

76)

When a-cut is adapted to the fuzzy sets, the values of v} and u* are determined as
follows:

ftla =u;+ OC(Ijtm — ﬁ]) (77)

@ = iy — oty — Tim) (78)

a-cut fuzzy u-control chart is obtained by

Frivd 770
@43, L G432 (79)
\ \

1
CL! = [u], u!] (80)

r

- 7 ﬁo{
LOLY = | — 3, |°L, &, @, — 3|~ (81)
n; n;

3.4.2 a-Level Fuzzy Median for a-Cut Fuzzy #-Control Chart

UCL? =

a-cut fuzzy wu-control chart is transformed to crisp numbers via the fuzzy trans-
formation techniques. a-level fuzzy midrange, fuzzy median, fuzzy average and
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fuzzy mode [7] are the transformation techniques. For a sample j, a-level fuzzy
median value (S}, is calculated as follows:

‘ 1
Shetug =3 W 1] (82)
By using these formulations, the fuzzy center line, fuzzy upper and fuzzy lower
limits of a-level fuzzy median for a-cut fuzzy u-control chart is obtained by:

CL*
UCLY:,, , = CL? ;. , + 3| —ed=u (83)
‘med—u ‘med—u n;
1
CLzzedfu = g [’727 ljt?] (84>
‘ CL} i_u
LC Zled—u = CL:qed—u -3 ’;jd (85)

The condition of process control for each sample is defined as:

Process control — in—control, Sfor LCL} q_ < Spoq—ui SUCLY 4,
out—of control, for otherwise

(86)

Example 5 The following defects have been observed on a textile product with the
given sizes.

From Table 7, the following control limits (Table 8) are obtained.

Table 9 presents the u; values calculated for each size. These values are
examined if they are within the corresponding fuzzy control limits with respect to
the sample sizes. All u; values are between the control limits. Hence, the process is
under control.

Table 7 Number of defects  gample number Sample size Number of defects
and variable sizes
1 200 (3,4,5)
2 400 5,6,7)
3 400 (6, 7, 8)
4 200 2,3,4
5 600 (7,8,9)
6 400 G, 6,7)
7 600 9, 10, 11)
8 300 2,3, 4
9 300 (3,4,5)
10 600 6,7, 8)
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Table 8 Fuzzy & control Sample size i = (12,1.45,1.7)

fimits LCL UCL
2 0 (3.524, 4.004, 4.466)
4 0 (2.843, 3.256, 3.656)
6 0 (2.542, 2,925, 3.297)
6 0 (2542, 2.925, 3.297)
3 0 (3.097, 3.536, 3.958)

Table 9 u; values for

Sample no Sample size u; values
variable sizes

1 2 (1.500, 2.000, 2.500)
2 4 (1.250, 1.500, 1.750)
3 4 (1.500, 1.750, 2.000)
4 2 (1.000, 1.500, 2.000)
5 6 (1.167, 1.333, 1.500)
6 4 (1.250, 1.500, 1.750)
7 6 (1.500, 1.667, 1.833)
8 3 (0.667, 1.000, 1.333)
9 3 (1.000, 1.333, 1.667)
10 6 (1.000, 1.167, 1.333)

4 Conclusion

Statistical process control is used when a large number of similar items are being
produced. Every process is subject to variability. The variability when a process is
running well is called inherent variability. The purpose of statistical process control
is to give a signal when the process mean has moved away from the target.
A second purpose is to give a signal when item to item variability has increased.
Sometimes, variability cannot be measured with certainty. Some measurements can
be vague enough to handle them with the fuzzy sets [8, 6]. In this chapter, we
presented the fuzzy control charts for variables and attributes. With fuzzy control
charts, a more flexible and informative evaluation of processes can be made. For
further research, we suggest the extensions of fuzzy sets such as type-2 fuzzy sets,
intuitionistic fuzzy sets, or hesitant fuzzy sets to be used in the development of
fuzzy control charts.
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Appendix
Table of coefficients for control charts for variables

n Ay As c4 Bs By Bs Bg d> dsy D, D, Dy Dy E>

2 | 1.880 [2659 |0.798 [0.000 |3267 |0.000 |2.606 |1.128 |0.853 |0.000 |3.686 |0.000 |3.267 |2.660
31023 | 1954 | 088 | 0000 |2.568 |0.000 |2276 |1.693 |0.888 |0.000 |4.358 |0.000 |2574 |1.772
4 0729 | 1628 | 0921 |0000 |2266 |0.000 |2.088 |2.059 |0.880 |0.000 |4.698 |0.000 |2282 |1.457
5 0577 | 1427 | 0940 |0.000 |2.089 |0.000 |1964 |2.326 |0.864 |0.000 |4.918 |0.000 |2.114 |1.290
6 | 0483 [1.287 |0952 | 0030 |1.970 |0.029 |1.874 |2.534 |0848 |0.000 |5.078 |0.000 |2.004 |1.184
7 10419 | 1182 0959 |0.118 |1.882 |0.113 |1.806 |2.704 |0.833 |0204 |5204 [0.076 |1.924 | 1.109
8 0373 | 1.099 [0965 |0.185 |1.815 [0.179 |1.751 |2.847 |0.820 |0388 |5306 |0.136 |1.864 | 1.054
9 0337 [1.032 |0969 | 0239 |1761 |0232 |1.707 [2970 |0.808 | 0547 |5.393 |o0.184 | 1816 |1.010
10 {0308 | 0975 | 0973 |0284 | 1716 | 0276 | 1.669 |3.078 |0.797 |0.687 |5469 | 0223 |1.777 |0.975
11 0285 | 0927 |0975 [0321 |1.679 |0313 |1.637 |3.173 |0.787 |0811 |5535 |0256 |1.744 |0.945
12 (0266 | 0886 | 0978 |0354 | 1.646 | 0346 |1.610 |3258 |0.778 |0922 |5594 |0283 | 1717 |0.921
13 (0249 | 03850 | 0979 [0382 | 1.618 | 0374 |1.585 |3336 | 0770 | 1.025 |5647 | 0307 |1.693 |0.899
14 0235 | 0817 |0981 [0406 |1.594 |0399 |1.563 |3407 |0.763 |1.118 |5696 | 0328 |1.672 |0.881
15 (0223 | 0789 | 0982 |0428 | 1572 | 0421 |1.544 |3472 | 0756 |1.203 |5741 | 0347 |1.653 |0.864
16 0212 0763 | 0984 | 0448 |1.552 |0440 | 1526 [3.532 |0.750 |1.282 |5.782 [0.363 | 1.637 |0.849
17 (0203 | 0739 | 0985 |0466 |1.534 |0458 | 1.511 |3.588 |0.744 |1.356 |5820 | 0378 |1.622 |0.836
18 [0.194 | 0718 | 0985 [0482 | 1518 |0475 | 1496 |3.640 | 0739 |1.424 |5856 | 0391 |1.608 |0.824
19 0187 |0.698 | 098 |0497 | 1.503 | 0490 | 1483 |3.689 | 0734 |1487 |5891 | 0403 |1597 |0.813
20 | 0.180 |0.680 | 0987 | 0510 |1490 | 0504 | 1470 |3.735 |0.729 | 1549 |5921 |0415 | 1585 |0.803
21 |0.173 | 0663 | 0988 | 0523 |1477 | 0516 | 1459 |3.778 |0.724 | 1.605 |5951 |0425 | 1575 |0.794
22 | 0.167 |0.647 | 0988 | 0534 |1466 | 0528 | 1448 [3.819 [0.720 |1.659 |5979 |0434 | 1566 |0.786
23 |0.162 |0.633 | 0989 | 0545 |1.455 | 0539 | 1438 [3.858 |0.716 |1.710 |6.006 |0443 | 1557 |0.778
24 | 0.157 [0.619 | 0989 | 0555 |1445 | 0549 | 1429 [3.895 |0.712 |1.759 |6.031 |0451 | 1548 |0.770
25 |0.153 [0.606 | 0990 | 0565 | 1435 |0559 | 1420 [3.931 [0.708 | 1.806 |6.056 |0.459 | 1541 |0.763
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Fuzzy EWMA and Fuzzy CUSUM Control
Charts

Nihal Erginel and Sevil Sentiirk

Abstract Exponentially Weighted Moving-Averages (EWMA) and
Cumulative-Sum (CUSUM) control charts have the ability of detecting small shifts
in the process mean. Classical EWMA and CUSUM charts are not capable to
capture the uncertainty in case of incomplete data. Fuzzy EWMA and CUSUM
control charts are developed in this chapter and numerical illustrations are given.

Keywords CUSUM - EWMA - Shewhart control charts - Fuzzy sets - Tabular
CUSUM - V-mask

1 Introduction

Shewhart proposed the traditional control charts to detect if assignable causes exist
in process. When data include uncertainty that comes from inherent of data col-
lecting process or measurement system, the fuzzy set theory is a powerful tool to
control processes. Fuzzy variable control charts and fuzzy attribute control charts
are well documented in the literature. Firstly, fuzzy control charts have been
introduced by Raz and Wang [14] and Wang and Raz [21]. After that, Kanagawa
et al. [11], Giilbay et al. [10], Giilbay and Kahraman [8, 9], Faraz and Moghadam
[7], Erginel [4], Sentiirk and Erginel [17], Sentiirk [16], Sentiirk et al. [18], Erginel
et al. [6]. Kaya and Kahraman [12], Erginel [5] have studied fuzzy control charts.
But some special control charts such as exponentially weighted moving-average
(EWMA) control charts and Cumulative—Sum Control Charts (CUSUM) are rarely
handled in fuzzy environment.
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EWMA control chart is useful for detecting the small shifts in process mean.
Therefore, a series of EWMA data on the chart tends to move slowly to the new
level following a shift in the process, or will vary about the centerline with small
fluctuations when the process is in control [3]. In traditional EWMA control charts,
data are expressed with crisp value. But, if data include uncertainty or vagueness
due to the measurement system and/or environmental conditions, traditional
EWMA control chart is not sufficient to evaluate fuzzy data. In this case, these
uncertainties are modeled by fuzzy EWMA control charts. Combining multivariate
statistical quality control and the fuzzy set theory, fuzzy multivariate exponentially
weighted moving average (F-MEWMA) control chart was proposed by Alipour and
Noorossana [1]. Shu et al. [15] proposed fuzzy maximum generally weighted
moving average (F-MaxGWMA) to detect outstanding diagnostic abilities for
warning abnormal-manufacturing variation to model fuzziness of imprecise sample
data. Senturk et al. [19] proposed fuzzy EWMA (FEWMA) for univariate data
under fuzzy environment for detecting small shifts in the data.

CUSUM control charts are also used for catching the small shifts in pro-
cess mean. CUSUM was proposed firstly by Page in 1954. V-mask procedure that is
helpful for determining whether the process is in control or out-of control was
proposed by Barnhard [2]. The CUSUM chart directly incorporates all the infor-
mation in the sequence of sample values by plotting the cumulative sum of the
deviations of the sample values from a target value [13]. A CUSUM control chart for
fuzzy quality data firstly was interpreted by Wang [20]. Wang proposed an optimal
representative value for fuzzy quality data by means of a combination of a random
variable with a measure of fuzziness. Applying the classical CUSUM chart for these
representative values, a univariate CUSUM control chart concerning LR-fuzzy data
under independent observations is constructed. Fuzzy Tabular CUSUM control chart
is firstly proposed in the following section.

2 Fuzzy EWMA Control Chart

Exponentially weighted moving-average control chart is an effective tool for
detecting the small shifts both in mean and in variance of the process. The theo-
retical structure of EWMA control chart is given as follows.

UCLgwyn = X +A>R

CLEWMA = Y (2)

LCLgwaa = X — AsR

2-4)
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Table 1 Fuzzy averages and = R,
fuzz X J
y ranges LA
1 (Xa15Xp1,Xe1) (Ra;1,Rp,1,Re1)
m (f(a?mv Yb.m: ch) (Ru:m7 Rh,m ) Rc,m)

where, 0 <1 <1 is a constant, X is the overall mean, 7 is the sample size, R is the
average of the R;’s while R; is a range for each sample.

2.1 Theoretical Structure of FEWMA

Fuzzy EWMA control chart was proposed by Senturk et al. [19] using the ranges
calculated from a process in case of unknown (o, 0p, 6.). Fuzzy ranges
(Raj1; Ry, Re1) are computed from samples (Table 1).

Where, R,, Ry, and R. are the arithmetic means of the least possible values, the
most possible values, and the largest possible values, respectively. (R, 1, Rp 1, Re1)

and (R,, Ry,R.) can be calculated similar to fuzzy X —R control charts.
Fuzzy EWMA control limits for unknown (g, a5, 6.) are given as follows;

~ f— = = — — — i
UCLgwma = (Xas Xp, Xc) +A2(Ra, Rp, R.) 2-7)
= | X,+ AR X+ AR X+ AR -
- a 2Ry (2_2)7 b 208p (2_/1)3 c 20 (2_/0
(4)
CLpwma = (fa,fz”i) (5)
LCL (Xa, Xp,Xe) — Ay(Ra, Ry, R.) 4
EWMA — asAby e 2\ g, Rp,y ¢ (2_/1)
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a-cut fuzzy EWMA control limits for unknown (o,, o5, 6.) are represented by
the following equations:

A
UCLiyys = [Xl’ } +42[R}, RY] 2-1)
(7)
X R K AR [
= | 20y (2_1)’ r 208, (2_1)
CI:%WMA = ?77 §ﬂ (8)
o S o o /1
LCLEWMA —[le r:| — A [RH R ]\/ (
)

=% AZR\/zz AoR; 211

Fuzzy median transformation technique is integrated to the a-level fuzzy median
for a-cut fuzzy EWMA control chart and unknown (o,, 65, 6.) as follows;

o Sy % 1 Do Do 7
UCLyi—gwmn = CLyeq—pwua + 5 A2 [R + RY] -0 (10)
2 2= 7
c ] /=0 =«
CLyea—Ewma = 3 <X1 +Xr) (11)
o 1 o o )“
LCL s = CL} oy wma §A2 [RY + R] 2-7 (12)

For a sample j, a-level fuzzy median value (S;,,;_gwuma ) is calculated as follows;

1
Szled—EWMA.j 2 <XO‘ + Xa ) (13)

The condition of process control for each sample is defined as;

Process control
_ J in—control, Jor LCLy a—pwma < Smea—ewmaj < UCLea—pwma
out—of control, for otherwise

(14)
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2.2 Application on FEWMA

The fuzzy data in Table 2 are collected from a production process of plastic button.
Fuzzy measurement values and their fuzzy averages and fuzzy ranges are given in
Table 2.

In Table 2, R,, Ry, and R, are the arithmetic means of the least possible
values, the most possible values, and the largest possible values, respectively.
(R, Ry1, Re1) and (R, Ry, R.) are calculated similar to fuzzy X — R control
charts. Fuzzy EWMA control limits for unknown (o,, g, o.) are given as follows

where 4 = 0.2;
UCLgwma = (X + AR, H Xb"‘Asz“ - /1 X, + AR 4/(2 i )
3.984+0.577(0.01 —400 0.577(0.03), | ———
- + W@=ozy +00+0577003), [5—= 02)
- 02
4.02+0.577(0.09), | ——
+0S5T710.09/5=57)

(3.982, 4.005, 4.037)

Table 2 Fuzzy measurement values, fuzzy averages and fuzzy ranges of plastic button

Sample X, X, X, R

S1-1 3.99 4.00 4.02

S1-2 3.96 3.99 4.01 R, = 0.01

S1-3 3.97 3.98 4.00 Ry = 0.03

S1-4 3.95 3.97 3.98 Rei = 0.07

S1-5 3.99 4.00 4.01

S2-1 4.01 4.02 4.04

S2-2 4.01 R, = 0.00

$2-3 3.98 4.00 4.01 Ry = 0.02

S2-4 4.01 4.02 4.03 R = 0.06

S2-5 4.00 4.01 4.02

S10-1 3.97 3.98 3.99

S10-2 3.98 3.99 4.00 Rais = 0.01

S10-3 3.99 4.00 4.02 Rys = 0.04

S10-4 3.99 4.01 4.03 R.;s = 0.08

$10-5 4.00 4.02 4.05

X, =3.98 X, = 4.00 X. =4.02 R, =0.01

R, =0.03
R. =0.09
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CLgwma = (X,

, Xp,
< 1/ _} . X, — AsR, ? AR, _;>

4.00 — 0.577(0.03)

.) = (3.98, 4.00, 4.02)

LCLgwua

3.98 — 0.577(0.09) | =— S S
) (2- 02) (2—0.2)

0.2

4.02 - 0.577(0.01) a=03)

= (3.962, 3.994, 4.018)

a-cut fuzzy EWMA control limits for unknown (o, o5, 6.) are represented by

the following equations by using ?7, ?’y and RY, R*, where o = 0.65.
X, = X, + (X, — X,) = 3.98 +0.65(4.00 — 3.98) = 3.993
X, =X, — (X, — X;) = 4.02 — 0.65(4.02 — 4.00) = 4.007
R* = R, +a(Ry — R,) = 0.01+0.65(0.03 — 0.01) = 0.023
R* =R, — a(R. — R,) = 0.09 — 0.65(0.09 — 0.03) = 0.051

The limits of a-cut fuzzy EWMA control chart are given as follows for plastic
button:

UCLymn = (X, +A2RM/ X, +A2R°<,/ 77 )

0.2
3.993 +0.577(0.023) | ————, 4.007 +0.577(0.051), /| ————
( * 2= oz) +0577(0.051) (z-o.z))

= (3.997, 4.016)

CLawm = (X, X,) = (3.993, 4.007)
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(3 993 — 0.577(0.051)

= (3.983, 4.002)

2- 02)

4.007 — 0.577(0.023)

287

The four transformation techniques that are well-known in descriptive statistics
are introduced in the literature: fuzzy mode, a-level fuzzy midrange, fuzzy median
and fuzzy average. It should be pointed out that there is no theoretical basis sup-
porting any one specifically [21]. Fuzzy median transformation technique is inte-
grated to the a-level fuzzy median for a-cut fuzzy EWMA control chart as follows:

a a 1 Do DU
UCL,eiu—gwma = CLyea—pwma + §A2 (R} + RY]

1
= 4.00+ 50.577(0.023 + 0.051)

= 4.006

o 1 0 frio 4
CLyca—wma = 3 [Xz +Xr:| =
T _ o
LCLEWMA - CLmed—EWMA -

=4.00— %0.577(0.023 + 0.051)

| -

%Az [R?‘ + Rf]

P
2-7)

0.2
2-02)

(3.993 +4.007) = 4.00

p
2-7

0.2
2-02)

=3.993
Table 3 Control limits of Sample no S Ewaw, 3.993 < S%oupwniny < 4.006
fuzzy EWMA, a-level fuzzy
: 1 3.988 In control
median value and the process
conditions 2 4.014 Out of control
3 4.004 In control
4 4.006 In control
5 4.005 In control
6 3.996 In control
7 3.998 In control
8 3.988 In control
9 3.996 In control
10 4.000 In control
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As seen in Table 3, the production process of plastic button in clothing industry
is “out of control” due to the second sample.

3 Fuzzy CUSUM Control Chart

CUSUM control charts use V-mask procedure. Typical V-mask control limits are
given in Fig. 1.
In designing V-mask procedure, the following equations are used [13];

d= —2? (15)

;2 »

H =2(d)(ox)tan 0 (17)
A

tan 0 =51 (18)

where

d lead distance

Y the probability of incorrectly concluding that a shift has occurred (a false
alarm)

A the shift in the process mean that it is desired to detect

oy the standard deviation of x

H The decision interval of the procedure, or the half height of the V-mask at
point O

Fig. 1 The V-mask and /\\
scaling [13]

3A

2A |-
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0  the angle of V-mask
A a scale factor relating the vertical scale of V-mask

The application of V-mask procedure is complex in real life, so the tabular
CUSUM is preferred by practitioners. The theoretical structure of tabular form of
the CUSUM is given as follows [13]:

Su (i) = max[0,%; — (o + K) +Su(i — 1)] (19)
and
S(i) = max[0, (g — K) — X; + Sp.(i — 1)] (20)

where Sy (i) represents the upper one-sided tabular CUSUM for period i, Sy (i)
shows the lower one-sided tabular CUSUM for period i; u, is the target value,
Su(0) = S.(0) = 0 are the starting values. K is called the reference value and is
usually chosen about halfway between the target y, and the value of the mean
corresponding to the out of control state, yt; = u, + A. That is, K is about one-half
of the magnitude of the shift in process;

A
K=— 21
> e1)
If either Sy (i) or Si(i) exceeds the decision interval H, the process is out-of
control otherwise the process is in control.

3.1 Fuzzy Tabular CUSUM

When manufacturing processes and/or measurement systems have some uncertainty
and vagueness due to operators or gauges, the Fuzzy Tabular CUSUM control chart
is more suitable than a traditional CUSUM control chart for analyzing the process.
If the data from a process are expressed as fuzzy numbers, they can be shown as
triangular fuzzy numbers x; = (x,, x5, X.) and fuzzy average X; = (X4, Xp, X¢)-
Su(i) and S, (i) are represented by the fuzzy numbers (Sy(i),, Su(i),, Su(i),.)
and (S.(i),, SL(i),, S(i),), respectively.

Su(i), = max[0, X, — (4o +K) +Sp(i —1),] (22)
Sn (i), = max [07 Xp — (o + K) +Su(i — l)b] (23)

Su(i), = max [0, X. — (o +K)+Su(i —1),] (24)
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Si(i), = max [0, (ug— K) =X+ Sp(i—1),] (25)
S1(i), = max[0, (uo — K) —Xp +Se(i — 1), (26)
S(i), = max[0, (uy— K) — %, +S.(i—1),] (27)

(Su (i), Su (D), Su(i),.) and (S.(i),,SL(i),, SL(i),) are transformed to crisp val-
ues by fuzzy transformation techniques for implementation fuzzy tabular CUSUM.
a-level fuzzy midrange transformation technique is used in the theoretical structure
of fuzzy tabular CUSUM.

Before applying transformation techniques, fuzzy tabular CUSUM based on
a-cut is required. These a-cuts are composed of all elements whose membership
degrees are greater than equal to «. The sets A, = {x € X : iy (x) >0, 0<a < 1}
are the a-level sets of A. The a-level sets A, called also the a-cut sets. a-cut fuzzy
averages are obtained as follows:

o

3 =X, + Xy — X,) (28)

X=X, — X — Xp) (29)

c

=

Also, S%(i),. Si(i),. S7(i), and S (i), based on o-cut for fuzzy tabular CUSUM
are handled as follows, respectively:

Si(0), = max [0, 3 — (o +K) +Sg (i — 1),] (30)

Sk (i) = max [0, X — (o +K) +S5(i - 1),] (31)
and

Sp(i), = max [0, (uo — K) =X + 87 (i = 1),] (32)

S7(i). = max[0, (uy—K) —x2+S7(i—1),] (33)

The S%(i),, S5 (i), S;(i), and S} (7). are combined with a-level fuzzy midrange
transformation technique for fuzzy tabular CUSUM, and given in the following
equations:

Sk (i), + S5 (1)
o __“YH\"Ja H\"/)c
SH—mr - 2 (34)
Sy(i), +S7()
o __YL\"Ja L\"/c
SLfmr - 2 (35)

Fuzzy control limits of fuzzy tabular CUSUM can be obtained in terms of
triangular fuzzy numbers.
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In designing fuzzy V-mask, the procedure is proposed as follows:
(Hq,Hy, H,) = 2(d) (0%, 0%, 0%,) tan0 (36)

where
(0%4.0%p: 0%.) fuzzy standard deviation of (X, Xp, Xc)
(Hy,Hp,H:)  fuzzy decision interval of the procedure

Fuzzy control limits based on a-cuts for fuzzy tabular CUSUM are calculated as
follows:

H* = H, + a(Hy — H,) (37)
H! =H.—a(H. — Hp) (38)

a-cut fuzzy control limits based on a-level fuzzy midrange transformation for
fuzzy tabular CUSUM are handled as follows:

, _HI+H

% =2 (39)

If either fuzzy S%_,, or S7_,,. exceeds the fuzzy decision interval H, . the
process is out-of control otherwise the process is in control. The process control

conditions are given as follows:

Process control:

; . o o o o
{ mn COntI‘Ol, (SH—mr <Hmr) \% (SL—mr <Hmr) (40)

out of control; otherwise

3.2 Application on Fuzzy CUSUM

Fuzzy data from a manufacturing process are collected in terms of triangular fuzzy
numbers and desired to detect the small shifts on process. The fuzzy mean of each
sample and other values are given in Table 4.

For a = 0.65, Table 5 is obtained.

A =1 (When there is 1 shift in p,, it is desired to detect)

d = 10.5 (This value is also handled from “Cumulative-sum control charts
parameters” table by using ARL-Average Run length when process is in control [13]

A: 2 (the vertical scale of V-mask)

tan 0 = 0.25
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Table 4 Fuzzy measurement values and fuzzy upper one-sided and fuzzy lower one-sided tabular
CUSUM for period i

Period | X, Xp Xe Su@a | Su(@), |Su@®c |Sc(i), |[Sc(), |Sc(i),
1 8.100 8.250 8.750 |0.000 |0.000 |0.000 |0.750 |1.250 |1.400
2 8.900 9.300 9.900 |0.000 |0.000 |0.000 |0.350 |1.450 |2.000
3 10.200 |10.800 |11.200 |0.000 |0.300 |0.700 |0.000 |0.150 |1.300
4 9.800 |10.300 |10.800 |0.000 |0.100 |1.000 |0.000 |0.000 |1.000
5 8.9 9.400 9.600 |0.000 |0.000 |0.100 |0.000 |0.100 |1.600
6 8.850 9.370 9.900 |0.000 |0.000 |0.000 |0.000 |0.230 |2.250
7 9.450 |10.080 |10.600 |0.000 |0.000 |0.100 |0.000 |0.000 |2.300
8 11.290 |11.790 |11.990 |0.790 |1.290 |1.590 |0.000 |0.000 |0.510
9 10.550 |11.000 |11.500 |0.840 |1.790 |2.590 |0.000 |0.000 |0.000
10 9.350 9.850 |[10.200 |0.000 |1.140 |2.290 |0.000 |0.000 |0.150

Table 5 S7,(i),, S§, (i), S7(i), and S7(i). based on a-cut for fuzzy tabular CUSUM

Period X X S%(i)a S.(i), S:(i), S%3i).
1 8.198 8.425 0.000 0.000 1.075 1.303
2 9.160 9.510 0.000 0.000 1.065 1.643
3 10.590 10.940 0.090 0.440 0.000 0.553
4 10.125 10.475 0.000 0.415 0.000 0.000
5 9.225 9.470 0.000 0.000 0.030 0.275
6 9.188 9.556 0.000 0.000 0.000 0.587
7 9.860 10.262 0.000 0.000 0.000 0.228
8 11.615 11.860 1.115 1.360 0.000 0.000
9 10.843 11.175 1.458 2.035 0.000 0.000
10 9.675 9.973 0.633 1.508 0.000 0.000

(Hq, Hp, He) = 2(10.5)(0%,, 0%,, 0%, )tan0
(0%4.9%p: 9%.) = (0.94,0.96,0.98) are known from previous studies.
(H,, Hy, H,) = (4.935,5.04,5.145)
H?=H,+a(H, — H,) = 5.00325
H*=H,— o(H. — Hy) = 5.07675

HY+H? _5.00325 +5.07675

H! =
mr 2 2

=5.04
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Table 6 Control limits of : o o

fuzzy tabular CUSUM, §,_ Period SH—mr Hi, Process control

values and the process 1 0.000 5.040 In control

conditions 2 0.000 5.040 In control
3 0.265 5.040 In control
4 0.208 5.040 In control
5 0.000 5.040 In control
6 0.000 5.040 In control
7 0.000 5.040 In control
8 1.238 5.040 In control
9 1.746 5.040 In control
10 1.070 5.040 In control

Table 7 Control limits of . o o

fuzzy tabular CUSUM, S%_ Period ST e HY,, Process control

values and the process 1 1.189 5.040 In control

conditions 2 1.354 5.040 In control
3 0.276 5.040 In control
4 0.000 5.040 In control
5 0.153 5.040 In control
6 0.294 5.040 In control
7 0.114 5.040 In control
8 0.000 5.040 In control
9 0.000 5.040 In control
10 0.000 5.040 In control

065 _ SY% (i), +8%%(i),  1.115+1.36

_ — 1.2375
H—mr 2
for period 8 and all §%95 values are given in Table 6.
065 _ Sy (1), + 52 (), _ 1.075+1.3025 18875

L—mr — 2 2

for period 1 and all S99 values are given in Table 7.
The manufacturing process is “in control” based on fuzzy tabular CUSUM.

4 Conclusions

EWMA and CUSUM control charts are very sensitive detect the small shifts
whereas Shewhart control charts can detect larger shifts in process mean with
respect to EWMA and CUSUM charts. Traditional control charts are not suitable to
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handle fuzzy data obtained from the process under fuzziness. Fuzzy data are caused
from the incapability of measurement system, operators, gauges or methods. In this
chapter, fuzzy EWMA and fuzzy tabular CUSUM control chart have been devel-
oped. Numerical examples on fuzzy control charts have also been given. Fuzzy
multivariate CUSUM and fuzzy multivariate EWMA control charts can be devel-
oped to evaluate multivariate fuzzy data for further research. Besides, new exten-
sions of fuzzy sets such as intuitionistic fuzzy sets or hesitant fuzzy sets can be used
to develop fuzzy EWMA and CUSUM charts.
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Linear Hypothesis Testing Based
on Unbiased Fuzzy Estimators
and Fuzzy Significance Level

Alireza Jiryaei and Mashaallah Mashinchi

Abstract A wide variety of applied problems of statistical hypothesis testing can be
treated under a general setup of the linear models which includes analysis of vari-
ance. In this study, a new method is presented to test linear hypothesis using a fuzzy
test statistic produced by a set of confidence intervals with non-equal tails. Also, a
fuzzy significance level is used to evaluate the linear hypothesis. The method can be
used to improve linear hypothesis testing when there is a sensitively in accepting or
rejecting the null hypothesis. Also, as a simple case of linear hypothesis testing,
one-way analysis of variance based on fuzzy test statistic and fuzzy significance
level is investigated. Numerical examples are provided for illustration.

Keywords Analysis of variance - Confidence interval - Fuzzy critical value -
Fuzzy test statistic - Fuzzy significance level - Linear hypothesis - Linear model

1 Introduction and Background

Analysis of Variance (ANOVA) is a common and popular method in the analysis of
experimental designs. It includes important cases such as one-way and two-way
ANOVA, and one-way and two-way analysis of covariance, and it has many useful
applications in industry, agriculture and social sciences [8, 12, 13]. Various aspects
of this topic have been considered in a fuzzy environment. One-way and two-way
ANOVA using fuzzy unbiased estimators for variance parameter are discussed based
on arithmetic operations on intervals by Buckley [3]. Wu [16] presented one-way
ANOVA based on several notations of the a-cuts of fuzzy random variables, opti-
mistic and pessimistic degrees and solving an optimization problem. An approach
for one-way ANOVA has been carried out by Nourbakhsh et al. [10] for fuzzy data
in which Zadeh’s extension principle [9, 17] plays a key role for the applied
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computing operations. A statistical technique for testing the fuzzy hypothesis of
one-way ANOVA is proposed by Kalpanapriya et al. [7] using the levels of pes-
simistic and optimistic of the triangular fuzzy data.

Linear hypothesis testing is an extension of analysis of variance. It can test
hypotheses about the unknown parameters of the linear model, such as testing the
equality of the means of several random variables [12]. Sometimes the observed
value of test statistic is close to the related quantiles of statistical distributions, so
there is uncertainty in accepting or rejecting the null hypothesis Hy. In this paper, a
method is presented for linear hypothesis testing using a fuzzy test statistic and a
fuzzy significance level. Moreover, the method can be used for modelling this
uncertainty using fuzzy sets theory.

A method for testing statistical hypotheses in a fuzzy environment was intro-
duced by Buckley [2, 3]. It considers a fuzzy test statistic and fuzzy critical values
produced using confidence intervals with equal tails and arithmetic operations on
intervals. In Buckley’s method the fuzzy estimates are developed as fuzzy numbers,
and their membership functions have been derived by Falsafain et al. [5]. In [2] the
non-fuzzy hypotheses are tested, and in [14] and [1] the presented approach in [2] is
generalized to the case where the statistical hypotheses and the observed data are
also fuzzy. When dealing with non-symmetric statistical distributions, using con-
fidence intervals with equal tails results in producing a fuzzy estimate where the
membership degree for the unbiased point estimate of the required parameter is not
equal to one [4]. While we expect that the unbiased point estimate has the highest
importance in the fuzzy estimate, i.e. its membership degree should be equal to one.
Solutions to overcome this problem using the confidence intervals with non-equal
tails are provided by Buckley [3], and Falsafain and Taheri [4]. It has been shown
that the solution presented by Falsafain and Taheri [4] is reduced to Buckley’s
method when dealing with symmetric statistical distributions. Moreover, it is
possible to obtain the membership functions of the corrected fuzzy estimates.
Therefore, we use this solution in this paper.

In order to discuss linear hypothesis testing based on fuzzy test statistic and fuzzy
significance level, we first recall some basic concepts of fuzzy sets theory in Sect. 2.
Section 3 contains a brief review of linear model and linear hypothesis. In Sect. 4,
fuzzy test statistic and fuzzy critical value are discussed and decision rules are pre-
sented. Also, one-way ANOVA as a special case of linear hypothesis testing is
discussed in Sect. 5. Two numerical examples are provided in Sect. 6 to show that our
approach could perform quite well in practice. A conclusion is provided in Sect. 7.

2 Preliminaries

Some concepts of fuzzy sets theory, which will be referred to throughout this paper,
are discussed in this section. Let U be a universal set and F(U)=

{AJA: U —[0,1]}. Any A € F(U) is called a fuzzy set on U. The o-cuts of A is
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the crisp set A, = {u € U|A(u) > oc}, for 0<o < 1. Moreover, Ay is separately
defined [2] as the closure of the union of all the Ax, for 0 <o < 1. The value A(u) is

interpreted as the membership degree of a point u. A € F (R) is called a fuzzy
number, under the following conditions:

1. There is a unique ry € R with A(rp) = 1,
2. The a-cuts of A are closed and bounded intervals on R for any 0<a <1,

where R is the set of all real numbers. In other words for every fuzzy number A we

have A, = [a; (), ay(e)] for all o € [0, 1] which are the closed, bounded, intervals
and their bounds are as functions of o.

To continue discussions, we need to clarify the concept of an unbiased fuzzy
estimator, using the following definition. Similar to conventional statistics, a fuzzy
estimator is a rule for calculating a fuzzy estimate of an unknown parameter based
on observed data. Thus the rule and its result (the fuzzy estimate) are distinguished.

Definition 2.1 A fuzzy number 0 is an unbiased fuzzy estimator for parameter 0
from a statistical distribution if:

1. The a-cuts of 0 are (1 — )100% confidence intervals for 0, with o € [0.01,1]
and 0, = 0y, for o € [0,0.01).
2. If 0 is an unbiased point estimator for  then Z)(@) = 1.
An explicit and unique membership function is given for a fuzzy estimate by the
following theorem.

Theorem 2.1 [5] Suppose that X1, X, ..., X, is a random sample of size n from a
distribution with unknown parameter 0. If, based on observations xi,xz, . . ., X,, we

consider A, = [01(), 02(2)] as a (1 — &) 100 % confidence interval for 0, then the
fuzzy estimate of 0 is a fuzzy set with the following unique membership function:

0(u) = mm{eﬁ(u), [0, (—u), 1}.

To end this section, we give an introduction to interval arithmetic. Let I = [a, D)
and J = [c,d] be two closed intervals. Then based on the interval arithmetic,
we have

I+J=la+c,b+d,
I-J=la—d,b—c],

I xJ = o, p], « =min{ac,ad,bc,bd}f = max{ac,ad,bc,bd}
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and
1/J =la,b] x [1/d,1/c],

where zero does not belong to J = [c,d] in the last case.

3 Linear Hypothesis Testing

In this section we give a brief review of linear hypothesis testing, for more details
see [12, 13]. The concepts of linear model and linear hypothesis are given in
Definition 3.1. The process of linear hypothesis testing is presented in Theorem 3.1.

Definition 3.1 Let Y = (Y, Y,.. .Yn)/ be a random column vector and X be an x k
matrix of full rank k <n and known constants x;,i = 1,2,...,n;j = 1,2,.. . k. Itis
said that the distribution of Y satisfies a linear model if E(Y) = Xp, where p =
(B1B,- - .B) is vector of unknown (scalar) parameters f;, B, . . ., B, where B eR
forj =1,2,...,k. Itis convenient to write Y = X + €, where € = (¢jez. . .e,,)/ isa
vector of non-observable independent normal random variables with common
variance ¢ and E(ej) =0; j=1,2,...,n. Relation ¥ = X+ € is known as a
linear model. The linear hypothesis concerns B, such that f satisfies Hy : Hf = 0,
where H is a known r X k matrix of full rank r <k.

Theorem 3.1 Consider the linear model Y = Xp + €. The generalized likelihood
ratio (GLR) test for testing the linear hypothesis Hy : Hf = 0 is to reject Hy at
significance level y if F > Fi_, ,_t, where Pg, (F<F1,~,,,J,,k) =1—vyand F is
the random variable given by

_SsTr
- 5S/(n—k)
where,
SS* = (Y - Xif)/(Y - Xﬁ) - (Y - Xﬁ)l<Y _ Xi;)
and

SS = (Y—Xi})/(Y—Xi}),

if is the maximum likelihood estimator (MLE) of B and ﬂ is the MLE of B under H,.
Moreover, under Hy the random variable F has the F-distribution with r and
(n — k) degrees of freedom.
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Note 3.1 As the result of Theorem 3.1, it can be shown that the pivotal quantity
SS/a? has the distribution %> with (n — k) degrees of freedom and SS*/g? has the
distribution > with r degrees of freedom, under the null hypothesis Hy. So both of
these pivotal quantities can be used to produce confidence intervals for ¢2. It is clear
that the statistics SS/(n — k) and SS*/r (under Hy) are the unbiased point estimators
for the unknown parameter 2.

4 Linear Hypothesis Testing Based on Fuzzy Test Statistic

4.1 Testing at Precise Significance Level

In this section, taking into account Buckley’s method in [2] and its modifications in
[4], we consider testing the linear hypothesis based on a fuzzy test statistic and a
fuzzy significance level. Because we could obtain a fuzzy test statistics to evaluate
the linear hypothesis, we give several theorems sequentially. Also, we obtain a
fuzzy critical value using a-cuts of a considered fuzzy significance level. Next we
make two decision rules to the cases where the critical value is either crisp or fuzzy.
In the rest of this paper, the symbols Xéu and F¢,, ,, will be used to represent the

&’th quantile of the distribution > with v degrees of freedom and the ¢th quantile of
the distribution F with v, and v, degrees of freedom, respectively.
Theorem 4.1.1 In a linear model consider SS/(n — k) as an unbiased point esti-

mator for parameter ¢*. Then an unbiased fuzzy estimator for ¢° is o* with the
following a-cuts

(62001 0<x<0.01

— 2 2

in which p' is obtained from the relation X]%’,(n—k) =n—k.

Proof Based on the pivotal quantity SS/a2, a (1 — &) 100 % confidence interval for
a? is [SS/XiaHp’(nfk),SS/xip"(nik) for any 0<a<1and 0<p<1. When o = 1

and p = p/, satisfying XIQ), n — k, this interval becomes the point SS/(n — k)

(k) —
which is unbiased point estimator for 6. Now fixing p = p’ and varying o from
0.01 to 1 we obtain nested intervals which are the « - cuts of a fuzzy number,

say 2. Finally, (/67)“ = (}vz)o.m for 0 <o <0.01. So, we have the unbiased fuzzy

estimator ¢2 for 2. O

Lemma 4.1.1 The membership function of fuzzy estimator o2 in Theorem 4.1.1 is
as follows:
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1=G(SS/w) s <u< S8
o —= —
— 1=p XU.99+0‘01;/,(n—k) n—k
2 — G(SS
o2 (u) = (p//u) nka <u< 558
l[).()lp/.(nfk)
0 otherwise,

where G is the cumulative distribution function of the y* variable with (n — k)
degrees of freedom.

Proof By Theorem 4.1.1, we have 0;(x) = SS/Xi“H(p/ (k) for 0.01 <ua<1.

Hence, 0;'(u) = [l — G(ss/u)]/(1 —p). Also 0(x) = SS/}(ip, (n_i therefore

[—0,] " (—u) = [G(ss/u)]/p for 0.01 <a<1. Based on Theorem 2.1 g(u) =
min{0; " (u), [~0,)] ' (—u), 1}. So, the proof follows. d

Theorem 4.1.2 Consider SS*/r as an unbiased point estimator for parameter *

under the null hypothesis Hy : HB = 0. Then, an unbiased fuzzy estimator for ¢” is

2 2
oy, With o-cuts (O’HO)“, where

(), = [SS*/ D arapr s SS W | 0.01<0<1
Hy/o — —
' (o8, oot 0<a<0.01

in which p" is obtained from the relation Xf,// =T

Proof Consider the pivotal quantity SS*/c?. Now the proof is similar to that of
Theorem 4.1.1. O
Notice that, similar to Lemma 4.1.1, one can derive the membership function of

fuzzy estimator 6%_10, but under Hy : Hf = 0.

Lemma 4.1.2 The membership function of fuzzy estimator 6%10 in Theorem 4.1.2 is
as follows:

1—G(SS* Ju) SS* <u< S8*
1=p" Zg.t)wo.mp”,r - = r
2 _ * - -
Op, () = § GBS /) s8° < < _sS
P re ZODI[)//J'
0 otherwise,

where G is the cumulative distribution function of the y* variable with r degrees of
freedom.

Proof By Theorem 4.1.2, the proof is similar to that of Lemma 4.1.1. O

Remark 4.1.1 Theorems 4.1.1 and 4.1.2 define unbiased fuzzy estimators for o2
under null hypothesis Hy. Moreover, Lemmas 4.1.1 and 4.1.2 provide the mem-
bership functions of these two estimators.
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Theorem 4.1.3 The fuzzy test statistic for testing Hy : HB = 0 is F with a-cuts

= _{VN@FJx@ﬂ 001 <0<l

Foor 0<a<0.01,
where
*Ir
P S
A = [0y o]/ [0 = 07 ]
and

fla) = {(r)X%_a+“p/’(n_k)} / [(n — k)xip,,’r} )

Proof Using the equality F, = (67,),/ (%), and interval arithmetic, the fuzzy test
statistic follows from Buckley’s method. O

Decision rule 4.1.1 After observing the data and crisp significance level y, a typical
method for rejecting or accepting the null hypothesis Hy : Hf = 0 can be made as
follows. First we calculate the ratio Ar /(Ar +Ar), where AR (AL) is area under the
graph of the fuzzy test statistic F, but to the right (left) of the vertical line through
Fi_, ,n—k (see Fig. 1). Note that Fig. 1 just illustrates the sketch of Ar and Ay since
the sides of F are curves, not straight line segments. Next we choose a value for the
credit level ¢ from (0, 1], [1]. Finally, our decision rule at significance level y is:

1. if Ag/(Ar +AL) > @, then reject the hypothesis Hy : Hf = 0,
2. if AR/(Ar +AL) <@, then accept H.

Fig. 1 The areas Ag and AL

F  Fionk
X
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Remark 4.1.2 The presented decision rule 4.1.1 is reasonable since one can see
that, by choosing any o € [0, 1] and any F € F,, this F is some value of the test
statistic corresponding to this « which relates back to confidence intervals for ¢°.
Therefore, if point (F,«) is in the region Agr then Hy is rejected because
F>Fy_y,n and if point (F,o) is in the region Ay, then Hy is accepted since
F<F17",',r,nfk-

Remark 4.1.3 In Decision rule 4.1.1, ¢ and 7y are criterions which control possi-
bilistic and probabilistic errors, respectively. Indeed they unify the concepts of
randomness and fuzziness. The selected value of ¢ is more or less subjective and
depends on the decision maker desire.

4.2 Testing at Fuzzy Significance Level

The approach for accepting or rejecting the null hypothesis in Subsection 4.1 is on
the basis of comparing the observed fuzzy test statistic F with the crisp critical
value Fi_,,,—x at a crisp significance level 7. In practice it is more natural to
consider the significance level as a fuzzy set since the test statistic is fuzzy. In fact, a
fuzzy significance level is considered as a fuzzy number on (0, 1), [6, 15].
Subsequently, we define a fuzzy significance level as a fuzzy number. We obtain a
fuzzy critical value to evaluate the linear hypothesis using o-cuts of the defined
fuzzy significance level. Finally, we provide a decision rule to decide whether to
reject or accept the null hypothesis Hy : Hf = 0.

Definition 4.2.1 A fuzzy significance level is a fuzzy number with the following
o-cuts

5 Vi+ (v =71)%v2— (2 —v)a] 001<a<l
Y0.01 0<a<0.01,

Vo =
where 0 <y, <y<vy,<1.

Theorem 4.2.1 In linear hypothesis testing based on fuzzy test statistics at the
introduced fuzzy significance level in Definition 4.2.1, the critical value is a fuzzy
number with the following o-cuts

(@)= { [F-n+ta=nagrn—to Fay—-njwras]  001<a<1
* (eV)oo01 0<u<0.01.

Proof The proof follows by substituting «-cuts of the fuzzy significance level 7 for
crisp one y in the crisp critical level and by using the interval arithmetic. U
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Example 4.2.1 Consider a linear hypothesis testing at the significance level y =
0.05 where n = 25, r = 3 and k = 4. Assume that the significance level is a fuzzy
number with the following «-cuts

0<a<0.01.

- { 0.03 + (0.05 — 0.03)01,0.07 — (0.07 — 0.05)0] 0.01 <o <1
)70401

Then based on Theorem 4.2.1 the fuzzy critical value is a fuzzy number with
o-cuts (¢v), as follows

~\ [F(O.93+0.02c1),3,2h Flo97-00)321] 0.01<a<1
(Cv)oc*

(V)01 0<ua<0.01.

Figure 2 shows the fuzzy numbers y and ¢v.

Decision rule 4.2.1 After observing the data, the final decision rule is derived by
comparing two fuzzy numbers ¢v and F. Here a way is provided to decide whether
to reject or accept the null hypothesis Hy : Hf = 0. First we calculate the ratio
Ar/(Ar +AL), where Ag and Ay are depicted in Fig. 3. Note that Fig. 3 just
illustrates the sketch of Ag and Ap since the sides of F and ¢v are curves, not
straight line segments. Next we choose a value for the credit level ¢ from (0, 1].
Finally, our decision rule at significance level y is as follows:

1. if AR/(Ar +AL) > o, then reject the hypothesis Hy : Hf = 0,
2. if Ag/(Ar +AL) < @, then accept Hy.

Fig. 2 The fuzzy numbers y
and cv

3
el a ' 7
/4 T T T v/ T T T
« =~
o &8 8 273 307 3.6l
- i
= - 8 o
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Fig. 3 The areas Ag and A

Remark 4.2.1 Decision rule 4.2.1 is reasonable since one can see that, by choosing
any o € [0,1], any F € F, and any Fy_,,, « € (¢v),, F1_y,n and F are some
values of the test statistic and the critical level corresponding to this o which relates
back to confidence intervals for ¢> and o-cuts for the fuzzy significance level,
respectively. Therefore, if point (F, «) is in the region Ag then we reject Hy because
F>max{Fi_,,p: Fi_yrni € (¢v),}, if point (F, ) is in the region Ar then we
decide to accept Hy since F<min{Fi_y,,— : Fi_y,nk € (¢v),}, and finally if
point (F, ) is not in the region Ay or Ag then we do not make any decision on Hy. To
this end, we have not shared point (F, o) in the final decision in Decision rule 4.2.1.

Remark 4.2.2 While, Buckley [2, 3] and Taheri et al. [1, 14] consider the problem
of testing hypothesis based on a fuzzy test statistic and a crisp significance level, we
assume that the significance level is fuzzy. Our method is, therefore, more con-
venient in real world studies.

5 One-Way ANOVA: A Simple Case of Linear
Hypothesis Testing

In this section, one-way ANOVA is considered taking into account the method of
linear hypothesis testing based on the fuzzy test statistic and fuzzy significance
level. However, we must mention that the procedure proposed in this article is still
applicable for any case of linear hypothesis testing. We now give a brief review of
one-way ANOVA. For more detail refer to [8, 12]. Consider the linear model

Yij:ﬂi+€ij, j:1,2,...,n,»; i:1,2,...,k,
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where ¢;’s have a normal distribution with an unknown variance a2, zero mean and

w;’s are unknown parameters. We are interested in testing the linear hypothesis

Hy: uy = py = -+ = . To simplify the discussion we use the following notations
k - o2 k ni —\2 k
SSTr = Zi:l ni(Yi = Y.)", SSE = Zi:l Zj:l (Yif - Yi~) = Zi:l n; and
Fl— SSTr/(k — l)7
SSE/(n — k)

where ¥; = 31" V;/njand Y = S >y Yij/n. By replacing B = (p; . - 1)
in Theorem 3.1, it can be shown that SS = SSE,SS* = SSTr,r=(k— 1), F=F1
and the null hypothesis Hy : u; = pt, = - - - = p; is rejected if the observed value of
F1 statistic is greater than or equal to F_,;_1,—. The case described above is
referred to as a one-way analysis of variance which is a very simple case of linear
hypothesis testing. One-way ANOVA has many applications in agricultural and
engineering sciences.

6 Illustrative Examples

Example 6.1 An experiment is conducted to determine if there is a difference in the
breaking strength of a monofilament fibre produced by four different machines for a
textile company. Also it is known that all fibres are of equal thickness. A random
sample is selected from each machine. The fibre strength y for each specimen is
shown in Table 1. The one-way ANOVA model is Y;; = u; +¢;, j = 1,2,...,n;
i=1,2,3,4. We are going to test the null hypothesis Hy : it; = t, = pi3 = py. All
computations are done by R software [11].

In the traditional statistics point of view and based on Theorem 3.1, we have
F1 =2.789 and Fy 95332 = 2.901. Therefore we accept H at the crisp significance
level y = 0.05 because F'1 <Fj9s3.32. In other words, there is not any difference at
significance level 0.05 in the breaking strength of a monofilament fibre produced by

Table 1 Breaking strength data where y is strength in pounds

Machine 1 yi =37 yi, =41 yi3 =40 Yia =40 Yis =39
Yie = 35 Yi7 =39 Yig =39 Y19 =40 Yio =43

Machine 2 ¥ =39 Yo =41 Yoz =41 You = 40 Yos =43
Yo = 41 Yo7 =42 Yo = 38 Yoo =40

Machine 3 Y31 =45 Yy =42 y33 =40 Y3y = 41 y35 = 40
Y36 = 40 Y3 =41 Yas =40

Machine 4 yq =41 Yap =44 Va3 =42 Yaq =41 Yas =41
Yag = 41 Yo =43 Yag = 39 Yag =41




308 A. Jiryaei and M. Mashinchi

four machines. In follows, consider two situations to understand the need of pre-
senting fuzzy-decision-based approach:

1. Letus only change y;; = 37, in Table 1, to y;; = 36. Now we have F'1 = 2.907
and Fpos5332 =2.901. So we reject Hy: py = ply = 3 = ly, for y =10.05
because F1> Fy9s33 (i.e. there is a difference in the breaking strength of a
monofilament fibre produced by four machines).

2. Reconsider the observations of the experiment in Table 1, if we change the crisp
significance level y = 0.05 to y = 0.06 then the null hypothesis Hy : pt; = u, =
Uz = py is rejected since F'1 = 2.789 is greater than Fgo4 332 = 2.732.

Therefore, we are not sure whether to accept or reject Hy, since the values of
F1_, k—1,n— and F'1 are close to each other, based on data in Table 1 and y = 0.05.
We overcome the sensitivity of this test by using linear hypothesis testing based on
a fuzzy test statistic and a fuzzy significance level. In this example we have
SS = SSE =97.419, S§* = SSTr =25.469,r = (k—1) =3, F = F1 = 2.789 and
n = 36. Based on Theorem 4.1.1 a fuzzy estimate for ¢ is a fuzzy number with
o-cuts

(0%), =

_ { [97.419/2 0539132 97419/ sy o] 001 €21
(6%)o.01 0<u0<0.01

where p’ = 0.533 is obtained from the relation ;([2),_32 = 32. By Lemma 4.1.1, the

membership function of this fuzzy estimate can be given by

1-G(97.419/u) 97.419 97.419
2 SUs 75

s 1-0.533 X0.99+0.01(0533)32
02(u) — { G(97.419/u) 97419 < _97419
0.533 2 == X%_m(o.sss).sz
0 otherwise,

where G is the cumulative distribution function of a y? variable with 32 degrees of
freedom, as depicted in Fig. 4. Also, under the null hypothesis Hy : p; = i, =
i3 = 11, an unbiased fuzzy estimate for 6> based on Theorem 4.1.2 is a fuzzy
number with the following « - cuts:

(;5/) _ [25'469/}(%—1-{—0((0.608)73’ 25'469/;{2(0.608)3 00l<a<l
Hy/ o — -
' (020)0.01 0<a<0.01

and p” = 0.608 is obtained from the relation }([2),,_3 = 3. Now by Theorem 4.1.3, the

observed value of the fuzzy test statistic F is a fuzzy number with the following
a-cuts (see Fig. 5):
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Fig. 4 The fuzzy estimator
for o2
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Fig. 5 The fuzzy numbers F
and cv
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0.6

04

0.2

0.0

2 >
B ZXa(0,533).32 0.261, Xl—12+1(04533)52 0.261 001 <a<l

F, = 11—+ 2(0.608) 3 (0.608),3

Foor 0<a<0.01.

By using Definition 4.2.1 we consider the fuzzy significance level as a fuzzy
number with the following o-cuts:
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Table 2 Quantity of dissolved oxygen (%)

Location 1 yy=78 |yp=64 |y53=82 |y,=69

Location 2 |y, = 6.7 Yo = 6.8 Y3 =17.1 Yo =69 |y, =73

Location 3 |y;; =72 |y; =74 |y;3=69 |y =64 |y;5=065

Location 4 |y, =6 Yoo =74 |y =065 |yu=069 |y;5=72 |yu=20638

5o [0.024—0.030(, 0.08 — 0.030(] 001 <ua<1
= Voo 0<2<00l,

and by Theorem 4.2.1 one can obtain a-cuts of the fuzzy critical value as follows:

(&), = [F0.92+0032)332 F098-0030)332) 0.01<a<1
L@ 0<2<0.01.

The graphs of the fuzzy numbers év and F are shown in Fig. 5. Finally, by
Decision rule 4.2.1, since Ar/(Ar +Ar) =0.8971 where Ar =9.7892 and
A = 1.1230, the null hypothesis Hy : p; = py = pu3 = iy is rejected for every
credit level ¢ € (0,0.8971]. In fact it is possible for us to reject Hy for a high level
of credit, since high ratio of observed values of the test statistic lead to reject Hy.

Example 6.2 The quantity of oxygen dissolved in water is used as a measure of
water pollution. Samples are taken at four locations in a lake and the quantity of
dissolved oxygen is recorded in [12] as in Table 2 (lower reading corresponds to
greater pollution). We would like to see that whether the data indicate a significant
difference in the average amount of dissolved oxygen for the four location based on
a fuzzy test statistic and the crisp significance level y = 0.05. The one-way
ANOVA model is Yjj = p; +€, j=1,2,.. ,n; i = 1,2,3,4.

In this example we have SS=SSE=4.267, 8§ =S8STr=0.718,
r=(k—-1)=3, F=F1=0.897, n=20 and Fyos3,16 = 3.239. By Lemma
4.1.1, the membership function of the fuzzy estimate for ¢ is given as follows:

1-G(4.267 /u) 4.267 <y < 4267
— 2 = iy
5 1-0.547 %0.99 +0.01(0.547),16 16
7 (u) = G(‘SZST/M) 4A12667 <u< 4261
: %0.01(0.547).16
0 otherwise,

where G is the cumulative distribution function of a ¥ variable with 16 degrees of
freedom, as depicted in Fig. 6.

By Theorem 4.1.3, the observed value of the fuzzy test statistic F is a fuzzy
number with the following «-cuts:
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Fig. 6 The fuzzy estimator
for o2
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F,= X154 0(0.608) 3 L3(0.608).3

Foor 0<0<0.01.
The graph of the fuzzy test statistic F is shown in Fig. 7. Finally, by Decision

rule 4.1.1, since Ar/(Ar +AL) = 0.578 where Ag = 2.467 and A;, = 1.797, the

Fig. 7 The fuzzy test statistic
F
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null hypothe-sis Hy: p; = u, = u3 = 4 is accepted for every credit level
¢ € (0.578, 1]. In other words, there is not any difference at significance level 0.05
in the average amount of dissolved oxygen for the four location for every credit
level ¢ € (0.578,1].

7 Conclusions

We have applied fuzzy techniques to linear hypothesis testing in this paper.
Basically, in this method a set of (1 —«) 100 % confidence intervals, for all
0.01 <a <1, are employed to produce the notion of the fuzzy test statistic. Also the
concept of fuzzy critical value is derived based on a-cuts of a defined fuzzy sig-
nificance level. Then, decision rules are provided based on these notions.
Employing all the confidence intervals from the 99 % to the O % rather than only a
single confidence interval results in using far more information in data for the
statistical inference. Moreover, this method improves the statistical hypotheses
testing when there is an uncertainty in accepting or rejecting the hypotheses. This
issue is clarified by practical examples. As a simple case of the linear hypothesis
testing, one-way analysis of variance based on fuzzy test statistic and fuzzy sig-
nificance level is discussed. Nevertheless, as a matter of fact, the proposed method
in this article is still applicable to other cases of linear hypothesis testing. An
interesting topic for future research is the study of the proposed method on the
linear hypothesis testing when the hypotheses are fuzzy rather than crisp. Also, one
can consider this problem based on fuzzy data with crisp/fuzzy parameters.
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A Practical Application of Fuzzy Analysis
of Variance in Agriculture

R. Ivani, S.H. Sanaei Nejad, B. Ghahraman, A.R. Astaraei
and H. Feizi

Abstract For comparing several populations, the fuzzy analysis of variance has
been summarized and reviewed where the collected data considered fuzzy rather
than crisp numbers. As a practical work based on the real-word data, a case study
was carried out to investigate effects of three concentrations (0, 50 and 100 ppm)
nanoSiO, on seedling growth and dry matter weight of fenugreek (Trigonella
foenum-graceum L.). All presented data in this study are fuzzy and therefore we
need an extended version of analysis of variance to investigate on these fuzzy
observations. Although, the presented analysis of variance approach based on vague
data can causes to a fuzzy decision, but as an advantage of the proposed approach
the vagueness of this fuzzy decision measured.
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1 Background and Introduction

Nanotechnology is a science that has widely application in industrial and com-
mercial products in recent years [17]. Nowadays, the rapidly increasing applications
of engineered nanomaterials, with sizes smaller than 100 nm in the economy various
areas, such as electronics, cosmetics, textiles, pharmaceutics, and environmental
remediation, have received a lot of attention and concern [4]. Nanotechnology
allows wide advances in agriculture science, such as agricultural transfer, repro-
ductive science and technology, wastes of food to energy, disease prevention, and
treatment in plants using various nanocides [4]. Nanoparticles, because of their tiny
size show unique characteristics. They can change physic—chemical properties
compared to their bulk particles. Because of these larger surface areas, their solu-
bility and surface reactivity was higher than their bulk particles [5]. However, the
interaction mechanisms understanding at the molecular level between biological
systems and nanomaterials is largely unknown [3, 9].

Silicon is the second most abundant element in the earth’s crust, yet its role in
plants biology has been poorly understood [20]. Although silicon has not been
listed among the essential elements for plants, but it can reach levels in plants
similar to those of macro elements [2]. Ahmed et al. [1] reported that silicon caused
to reduce the impacts of different stresses such as metal toxicity, various pests, high
temperature, nutrients imbalance, salt and drought stresses.

Other studies were reported that nanoSiO, can promote growth and dry matter
weights in borage seedling (Borago officinalis L.) [24], tomato (Lycopersicum
esculentum Mill. cv Super Strain B) [23] and tomato [12]. Lu et al. [16] indicated
that a combination of nanosized TiO, and SiO, could increase the nitrate reductase
enzyme in soybean (Glycine max) and its abilities of utilizing water and fertilizer
which in fact end up to accelerate its germination and growth.

The observations including vagueness can be treated using the concept of fuzzy
sets. In other words, the vagueness which is included in data can be expressed
exactly using fuzzy set membership function, and hence, the vague data can be
expressed by the membership functions. Such vague data is processed directly
using the membership function in the statistical analysis. The calculation process
becomes more complicated with respected to the traditional statistical analysis [15],
because it is necessary to perform the calculation precisely using the membership
functions. In many environmental and applied sciences such as social sciences,
agriculture and geology, there are several real-life populations where non-precise
values can be assigned to their experimental outcomes. In this way, fuzzy numbers
are suitable models to handle and formulize these populations in real cases, which is
the reason of our need to the fuzzy set theory in analysis of variance (ANOVA). In
recent years, some papers which have concentrated on different areas of ANOVA
using fuzzy set theory have been published. These areas are presented in follow:
investigating on the behavior of one-way fuzzy analysis of variance (FANOVA)
and comparing it with regression model [7], bootstrap method for approximation of
asymptotic one-sample tests by fuzzy random variables [18], developing a one-way
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ANOVA approach for the functional data on a given Hilbert space [6], exact
one-way ANOVA testing under normal fuzzy random variables [19], processing
analysis of variance method using the moment correction for vague data [15],
bootstrap asymptotic multi-sample testing of means assuming simple fuzzy random
variables [10, 11], considering the cuts of fuzzy random variables for one-way
analysis of variance on the basis of fuzzy data based on optimization approach [25],
extending one-way ANOVA for fuzzy observations based on extension principle
approach [21], generalizing one-way ANOVA for fuzzy random variables and
using least squares method for estimating fuzzy parameters [14].

Mathematics of FANOVA is not as well developed as conventional ANOVA,
and this may be one of the reasons why the use of FANOVA has not been reported
in the environmental literature. This research can be considered as the first step to
cover the gap between environmental practice and theoretical FANOVA. In this
paper, the authors are going to test the mean absorption of Cadmium and Lead in
aerial and bellow corn parts to conclude whether it is dependent on the added levels
of organic fertilizers.

Organizing this paper is as follows. Several arithmetic operations on triangular
fuzzy numbers reviewed in Sect. 2. As an alternative ANOVA method for fuzzy
environments, a new approach to analysis of variance reviewed in Sect. 3 from
[21], when the observed data are fuzzy rather than precise. As an application of this
alternative ANOVA method, an agricultural case study presented in Sect. 4 about
the effect of nanoparticle concentrations on fenugreek seedling based on the gen-
erated real-world data in a Lab. of Ferdowsi University of Mashhad. Conclusions
given in the final section.

2 Arithmetic Operations on Fuzzy Numbers

The notion of a fuzzy set extends the concept of set membership to situations in
which there are many continuum grades of membership [26]. Unlike a classical set
which has a clearly defined boundary, in the sense that a real number is either a
member of the set or it is not, a fuzzy set is a set without a precise and crisp
boundary, and it can contain elements with only a partial degree of membership. In
other words, a given element can simultaneously be a member of more than one set.
For example, suppose one define the optimum range of Zn absorption in a plant as
interval [15,80] mg kg™' DM. Using traditional set theory, it is possible to define
the equilibrium absorption amount as a single value set containing the element
25 mg kg~ ' DM, or define it as a broader set containing the elements between 30
and 40 mg kg~' DM. In both cases, a crisp set considered and any given absorption
amount is either in or not in the equilibrium range. Fuzzy sets allow for partial
membership and an absorption amount 25 mg kg~' DM might regarded as having
partial membership of the (fuzzy) equilibrium set and partial membership of a
below-equilibrium set. In practice, this allows the resulting model a high degree of
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flexibility in dealing with uncertainty and imprecision which is in the nature of
many real world problems.

An especial case of fuzzy numbers called triangular fuzzy number (TFN), where
its membership function defined by

(x—a+b)/b ifa—b<x<a
Tupe(x) =< (a+c—x)/c ifa<x<a+c (1)
0 elsewhere

and it symbolically denoted by T(a, b, c). The real number a called the core value
and the positive real numbers b and c called left and right spreads of TFN,
respectively. Fr(R) and Fr(R") = {Tup.|a,b,c € RT }, respectively, denote the
set of all TENs and the set of all positive TFNs, where R is the set of all positive
real numbers. Also, symmetric triangular fuzzy number (STFN) symbolically
denoted by T'(a, b) in this paper where left and right spreads considered equal to b.

The following equations have been proved in [8] for any
T(a,b,c), T(d',b',c") € Fr(R) by Zadeh’s extension principle:

T(a,b,c) ® T(d,b',c)=T(a+d ,b+b',c+), (2)
T(a,b,c)oT(d,V,)=T(a—d,b+c,c+b). (3)

Also, for T(a,b,c), T(d',b',c") € Fr(R™), operations ® and ¢ are given by
approximation as:

T(a,b,c) ® T(d',V,c) =2 T(ad ,ab' +d'b,ac’ +d'c), (4)
and

a ac +adb ab' +dc

SR ’
a/

T(a,b,c)oT(d,b,c') =T( ), d #0. (5)

a’? a?

Meanwhile, the scalar multiplication of T(a,b,c) € Fr(R) and k € {0} UR™ is
defined by:

T(a,b,c¢) ® k=k ® T(a,b,c) = T(ka,kb, kc) (6)

3 FANOVA Based on Triangular Fuzzy Numbers

In this section, we briefly review a new extended version of fuzzy ANOVA which
we call it FANOVA from [21] which is needed for the real-word data agricultural
case study in this chapter. Let r denotes the number of levels of the factor under
study, any one of these levels is denoted by the index i, i = 1,. . ., r. The number of
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cases for the ith factor level is denoted by #;, and the total number of cases in the
study is denoted by n,, i.e. n, =y ;_, n;. The index j will be used to identify the
given case or trial for a particular factor level. Therefore, y; denotes the jth
observation on the response variable for the ith factor level and Y denotes its
corresponding random variable. For instance, Y;; can be the sales volume of the jth
store featuring of the ith type of shelf display, or the productivity of the jth
employee in the ith plant. The number of cases or trials for the ith factor level is
denoted by n;, and so j=1,...,n;. Similar to the classical ANOVA model,
FANOVA model can state by:

Yj=u+e;, fori=1,.. randj=1,...,n, (7)

in which, Y;;’s are the response variables in the jth trial for the ith factor level, u;’s
are the factor level means, and ¢;’s are independent random variables having the
normal distribution N(0, 62). Therefore, one can expect that Y, ;'S are independent
random variables having the normal distribution N(y;, 6°) for any i=1,...,r Let
the total sum of squares (SS7), the treatment sum of squares (SSTR), and the error
sum of squares (SSE) be respectively defined by

ssrzii(ﬁy— Y. ZZW—;
i=1 j=1 i=l j=

SSTR = in,(f—?)z = zr:y_lz_y_z

i=1 -1 i
and
roon ) roon T y?
— ) 2
S S A5 S 3
i=1 j=1 i=1 j=1 i=1
where
R roon; n;
Y,,:;;:;Z;ZY and Y; = ZYU, for i=1,...,r. The mean of
i=1j
squares are obtained by MSTR = 35% and MSE S5E where stands for treatment

mean square and error mean square, respectlvely. And finally, the FANOVA test
statistic is F' = %.

It must be noted that the introduced FANOVA test statistic is a usual random
variable and therefore similar to test statistic in classical ANOVA, has Fisher
distribution with » — 1 and n, — r degrees of freedom. But, the only difference
between classical ANOVA and FANOVA is in the kind of observed data. In other
words, as a developed version of conventional ANOVA, FANOVA is able to
handle with fuzzy-valued data on the basis of Zadeh’s extension principle.
Considering the above discussion, it is assumed that we are concerned with a
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conventional ANOVA, where the entire theoretical elements of the model such as
parameters, random variables and statistical hypothesis are crisp, but only the
observed values of the classical random variables can be considered as fuzzy
numbers. In such cases, the recorded data and observations can be considered as
triangular fuzzy numbers y; = T(y;, a;, b;), where yj; is interpreted as “approxi-
mately y;”, fori =1,2,...,rand j = 1,2,.. ., n;. Therefore, considering extension
principle, the observed statistics in FANOVA can be presented by the following
fuzzy sets [21]:

~ 1
i
) 11 t (9)
~{alr o en|belr o)
i= i t
and
—~ roon r 1 .
sse = {@1 .ly?,} © [@1 <n, © y%ﬂ
e RS (10)
= {@,'(&ij@ii]) e[@ — O (3 @y,-))]
i=1j=1 i=1 \N;
in which
Vi. Zjﬂjl Vi=Yin1 ® Y2 ® - D Yiy, = _iél T (vy, aj, byj)
(zyy,zal],zbo  Touanb).
and

ron;

EB =Y1 DY2 D - D Yy, = '@1 _@1T(Yijaai/‘7blfi)
1 i1 j=

‘<z
Il
Ie-

j
=T, ai1,b11) ® T(yiz,a12,b12) ® -+ & T(Ym, @n,» brn,)

roon

(iiwaZawZZbu>—Ty )

i=1 j=1 i=1 j=1 i=1 j=1

Il
ﬂ
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Also, it is similarly obvious that

msr = ® ssr, mse = ® sse, (11)
r— n—r
and
- M=
f = msr e mse = 1 © (ssr o sse). (12)
r—

Based on positive TFNs y;; = T(y;, a;,b;), i =1,2,...,r, j=1,2,.. ., n; [21]
calculate the observed value of fisher statistics in FANOVA model by

F = st o ise

:”f*;@ (557 0 55¢) (13)
r—
gT(fC7fL>fU)7
in which
R
n—r D T
fC: d )

r-1 Zl 12, 1)’U 2%’2
2(n, —r) [(Z;rzl i y)((z, 122t ik + lylnal))]

fo=
-l (2:12 1yz] > 1%’)2
ClEL T s (B + o)
L 2
(Z: 12 =1 lj 2%)
and
oo [[(E0E D (S S 2

r—1 \?
(Zz lZ—lytj Zl l)r};,)
r a r i.i. LA,
[(Zl 12 lyy Zl l)nx) (Zi:lyh_}; + yn, >:|
n ro 7))
(Zz lzllyz] Ez lfql)

+
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To test whether factor level means p;’s are equal or not, FANOVA has been
considered to decide whether to reject (or accept) the null hypothesis
“Hy: py = 1y = -+ = u,”, against the alternative hypothesis “H; : not all y;’s are
equal”, based on fuzzy data. FANOVA decision rule constructed on the basis of

comparing the real numbers Fy = [3' " f(f)df and Fy = [ . 71_,71.,1,7,7(7? ) df,

in which Fy_y,—,,—, is the ath quantile of the fisher distribution with » — 1 and
n, — r degrees of freedom (see Fig. 1). Therefore, at the given significance level «,
we accept the null hypothesis Hy with degree of acceptance Dy, = Fy/(F; + F») if
F| > F; otherwise we reject Hy with degree of rejection Dy, = F,/(F) + F») [21].

4 Agricultural Case Study

NanoSiO, powder was as nano silicon oxide that was supplied by Tecnan (Navarrean
Nanoproducts Technology) Company. Specific surface area of nanoSiO,
Average primary particle size, Purity and True density were 180270 m > g,
10-15 nm, >99.9 % and 2.2 g cc” ", respectively. Also, Pore volume and Average
pore size were 0.549 cm® g~ and 110.13 A, respectively. The effect of nanoSiO, in
three different concentrations (0, 50 and 100 ppm) was investigated on fenugreek
seedling growth and dry matter weight parameters. Seeds were surface sterilized with
0.1 % mercuric chloride for 30 s and washed several times with distilled water. They
were soaked in solution of different concentrations of nanoSiO, for 24 h and dried by
sterile paper. Then, 25 seeds were transferred into the each sterile Petri dish of
approximately 9 cm diameter, and also 5 mM distilled water were added with dif-
ferent concentrations. The dishes were covered with Slophan paper and were placed
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in incubator under 20 £ 1 °C temperature and 70 % humidity. Seeds were con-
sidered as germinated when their radicle was at least 2 mm length [13]. After
14 days, final germination percentage and seedling growth and dry matter weight
parameters were determined. The precise data for investigation on the effect of
nanoSiO, on above and below parts of fenugreek seedling are presented in Tables 1
and 2 which are gathered in horticulture science laboratory at agriculture department
of Mashhsd University.

Regarding to Tables 1 and 2, the added nanoSiO, to seeds are considered at
three levels zero, 50 and 100 ppm in this study. For example, the first three lines of
Table 1 are the effect of nanoSiO, concentrations on Shoot dry matter weight of
fenugreek plant which can be considered as the factor levels zero, 50 and 100 ppm
in an ANOVA test. Now, we are going to test whether the factor level means y;’s
are equal or not for each six measured parameters at the significance level 0.05,
where i = 1, 2, 3. In other words, for each measured parameters we want to decide

Table 1 The effect of nanoSiO, concentrations on dry matter parameters of fenugreek

Dry matter parameters | NanoSiO, concentrations (ppm) | Weight (mg)
Shoot dry matter 0 11.00 7.83 9.56 |11.33
50 10.00 1091 |11.10 |10.60
100 11.00 |15.28 |13.11 |16.00
Root dry matter 0 2.50 2.50 2.50 2.50
50 2.81 2.15 1.80 2.15
100 2.55 1.44 3.42 1.92
Seedling dry matter 0 13.8 10.33 | 12.06 |12.00
50 12.86 [1291 |12.90 |12.80
100 13.55 [16.72 |16.58 |16.25

Table 2 The effect of nanoSiO, concentrations on growth parameters of fenugreek

Growth parameters | NanoSiO, concentrations (ppm) | Length (mm)
Shoot length 0 57.50 | 58.36 | 57.91 58.30
50 63.16 | 60.00 | 66.32 | 66.00
100 56.92 | 52.81 60.87 | 52.00
Root length 0 42.00 | 4333 | 42.66 | 42.00
50 58.00 | 52.87 56.87 | 56.00
100 55.00 | 53.06 | 5442 | 54.00
Seedling length 0 109.5 91.66 |100.57 | 109.00
50 128.00 |105.07 |119.14 |105.00
100 111.00 |112.06 |110.00 |111.00
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to accept only one of the following hypotheses based on the observed data in
Tables 1 and 2:

Hy: py =y = pi3,
H, : not all y;’sareequal,i = 1,2, 3.

Considering Model [7], for example in testing the effect of different nanoSiO,
concentrations on shoot dry matter weight of fenugreek, variable Yj; denotes the
shoot dry matter weight for jth Petri dish in ith level of nanoSiO, where i = 1, 2, 3
and j = 1, 2, 3, 4. Although the validity of normality tests is very low for the small
observed sample size, but the normal distribution assumption for random variable
Y; comes from the essence of random variable which is rooted from nature.
Moreover, one can easily cheak the accuracy of the normality assumption for the
observations. For example considering the effect of nanoSiO, concentrations on
shoot dry matter of fenugreek, the Shapiro-Wilk test confirme normality assumption
with p-value > 0.5.

There are some unavoidable cases in experiment which could be cause the
vagueness in the recorded data. These are:

(1) the possibility of incubation errors and electric oven errors which can be
causes non-precision for the observed data in Tables 1 and 2.

(2) the possibility of the laboratory errors in making the precise levels for
nanoSiO, solution.

(3) the possibility of human errors in measuring, reading and keeping records.

(4) the limit of the digital laboratory scales of precision.

Therefore, one can conclude that a preferred way to record the observations is to
use vague and fuzzy numbers. In this study, we decide to rewrite the data by
symmetric triangular fuzzy numbers from now, to cover the unavoidable cases
described earlier. The core values of STFNSs set equal to the precise recorded data in
Tables 1 and 2, and the vagueness of these STFNs can be considered as a coeffi-
cient of the precise recorded data in Tables 1 and 2. In other words, to cover the
above mentioned unavoidable elements, we convert the precise observations y;;’s in
Tables 1 and 2 to the symmetric triangular fuzzy numbers y; = T(yj, %), where
i=1,2,3and j= 1, 2, 3, 4. It is obvious that the traditional ANOVA cannot
analyze these fuzzy numbers, and we need to the extended version of ANOVA,
which presented in Sect. 3, to investigate on these fuzzy observations. Table 3 is

Table 3 The results of FANOVA on nanoSiO, concentrations for dry matter parameters of
fenugreek

Dry matter weigh Observed FANOVA test | F F Test Degree of
parameters statistic (f) result acceptance
Shoot dry matter 7T(6.61,30.3) 129 |174 accept H, | Dy, = 0.575
Root dry matter T(0.25,4.64) 4.59 | 0.042 |accept Hy | Dy, = 0.991
Seedling dry matter | 7(10.8,107) 475 |60.2 accept Hy | Dy, = 0.559
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includes the results of three FANOVA tests based on the fuzzified data of Table 1.
For example, the membership function of the observed test statistic in FANOVA
model for investigation on the effect of three levels (0, 50 and 100 ppm) nanoSiO,

on shoot dry matter weight of fenugreek has been calculated as f = T(6.61,30.3)
by Eq. [12] which has been drown in Fig. 2. Therefore, after calculating F; = 12.9
and F, = 17.4 one can decide to reject the hypothesis “equality of the mean
weights of shoot dry matter for three different levels of nanoSiO,” with certainty
Dy, = 0.575 at significance level of 0.05 (see the first line of Table 3). In other
words, one can claim that “the shoot dry matter weight” has depended on “the
added levels of nanoSiO,” with degree of certainty 0.575. Similarly, Table 4 are
contain the results of several FANOVA tests based on the fuzzified data of Table 2
for three growth matter parameters of fenugreek.

Note that, although we faced a vague decision in FANOVA based on imprecise
data, but this level of uncertainty can be measured in the proposed approach. It must
be mentioned that all calculations of Table 3 done by a computer program in
R software [22] which is available upon request on the basis of FANOVA presented
approach in Sect. 3.

Fig. 2 The membership
function of the observed test
statistic and the indicator
function of the ath quantile of
Fisher distribution in
FANOVA model for
investigation on the effect of ©
three nanoSiO, o
concentrations on the shoot
dry matter weight

1.0

0.8

Table 4 The results of FANOVA on nanoSiO, concentration levels for growth matter parameters
of fenugreek

Growth Observed FANOVA test F F> Test Degree of
parameters statistic (f) result acceptance
Shoot length T(8.4,283) 138 | 146 |accept H; | Dy, = 0.515
Root length T(108,7958) 3876 |4082 |accept Hy |Dy, =0.513
Seedling T(2.16,64.13) 34.1 |30 accept Hy | Dy, = 0.532
length
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5 Conclusions and Future Works

The need for analysis of variance based on vague data emerged from the attempt of
providing a rigorous mathematical framework for precisely dealing with uncertain
phenomena expressed by non-precise numbers. As a practical problem, one may
face fuzzy observation rather than crisp data. In analyzing such vague numbers, we
use an extended version of one-way analysis of variance which can measure the
fuzziness of decision and this can be important form the applied view. The fuzzi-
ness of decision, or the degree of acceptance/rejection of the null hypothesis
belongs to [0, 1], but in the ordinary testing hypotheses it belongs to {0, 1}. This is
one of the benefits of using fuzzy approaches instead of the traditional methods in
routine environmental practices containing uncertainties from nature. The results
showed that the proposed FANOVA test is a rational substitution for classical
analysis of variance when the observed data are fuzzy. Theoretical and applied
study on analysis of variance based on fuzzy hypotheses, fuzzy parameters and
fuzzy observations are some potential subjects for further researches.

References

1. Ahmed, A.H.H., Harb, E., Higazy, M.A., Morgan, S.: Effect of silicon and boron foliar
applications on wheat plants grown under saline soil conditions. Int. J. Agr. Res. 3, 1-26
(2008)

2. Amirossadat, Z., Mohammadi Ghehsareh, A., Mojiri, A.: Impact of silicon on decreasing of
salinity stress in greenhouse cucumber (Cucumis sativusL.) in soilless culture. J. Environ. Sci.
17, 171-174 (2012)

3. Barrena, R., Casals, E., Colon, J., Font, X., Sanchez, A., Puntes, V.: Evaluation of the
ecotoxicity of model nanoparticles. Chemosphere 75, 850-857 (2009)

4. Carmen, L.U., Chithra, P., Huang, Q., Takhistov, P., Liu, S., Kokini, J.L.: Nanotechnology: a
new frontier in food science. Food Technol 57, 24-29 (2003)

5. Castiglione Monica, R., Cremonini, R.: Nanoparticles and higher plants. Caryologia 62,
161-165 (2009)

6. Cuevas, A., Febrero, M., Fraiman, R.: An ANOVA test for functional data. Comput. Stat. Data
Anal. 47, 111-122 (2004)

7. De Garibay, V.G.: Behaviour of FANOVA. Kybernetes 16(2), 107-112 (1987)

8. Dubois, D., Prade, H.: Fuzzy Sets and Systems: Theory and Application. Academic,
New York (1980)

9. Feizi, H., Rezvani Moghaddam, P., Shahtahmassebi, N., Fotovat, A.: Impact of bulk and
nanosized titanium dioxide (TiO2) on wheat seed germination and seedling growth. Biol.
Trace Elem. Res. (2011)

10. Gil, M.A., Montenegro, M., Gonzalez-Rodriguez, G., Colubi, A., Casals, M.R.: Bootstrap
approach to the multi-sample test of means with imprecise data. Comput. Stat. Data Anal.
51(1), 148-162 (2006)

11. Gonzalez-Rodriguez, G., Colubi, A., Gil, M.A.: Fuzzy data treated as functional data: a
one-way ANOVA test approach. Comput. Stat. Data Anal. 56(4), 943-955 (2012)

12. Haghighi, M., Afifipour, Z., Mozafarian, M.: The effect of N-Si on tomato seed germination
under salinity levels. J. Biol. Environ. Sci. 16, 87-90 (2012)

13. ISTA: ISTA Rules. International Seed Testing Association, Zurich (2009)



A Practical Application of Fuzzy Analysis ... 327

14.

15.

16.

17.

18.

19.

20.

21.

22.
23.

24.

25.
26.

Jiryaei, A., Parchami, A., Mashinchi, M.: One-way ANOVA and least squares method based
on fuzzy random variables. Turk. J. Fuzzy Syst. 4(1), 18-33 (2013)

Konishi, M., Okuda, T., Asai, K.: Analysis of variance based on fuzzy interval data using
moment correction method. Int. J. Innovative Comput. Inf. Control 2(1), 83-99 (2006)

Lu, C.M., Zhang, C.Y., Tao, M.X.: Research of the effect of nanometer on germination and
growth enhancement of Glycine max and its mechanism. Soybean Sci. 21, 168-172 (2002)
Manchikanti, P., Bandopadhyay, T.K.: Nanomaterials and effects on biological systems:
development of effective regulatory norm. Nanoethics 4, 77-83 (2010)

Montenegro, M., Colubi, A., Casals, M.R., Gil, M.A.: Asymptotic and bootstrap techniques
for testing the expected value of a fuzzy random variable. Metrika 59, 31-49 (2004)
Montenegro, M., Gonzalez-Rodriguez, G., Gil, M.A., Colubi, A., Casals, M.R.: Introduction
to ANOVA with fuzzy random variables. In: Loépez-Diaz, M.C., Angeles Gil, M.,
Grzegorzewski, P., Hryniewicz, O., Lawry, J. (eds.), Soft Methodology and Random
Information Systems, pp. 487-494. Springer, Berlin (2004)

Nasseri, M., Arouiee, H., Kafi, M., Neamati, H.: Effect of silicon on growth and physiological
parameters in fenugreek (Trigonella foenum graceum L.) under salt stress. Int. J. Agric. Crop
Sci. 21, 1554-1558 (2012)

Nourbakhsh, M.R., Parchami, A., Mashinchi, M.: Analysis of variance based on fuzzy
observations. Int. J. Syst. Sci. (2011) doi:10.1080/00207721.2011.618640

Rizzo, M.L.: Statistical computing with R. Chapman Hall/CRC, Paris (2008)

Siddiqui, H.M., Al-Whaibi, H.M.: Role of nano-SiO2 in germination of tomato (Lycopersicum
esculentum seeds Mill.). Saudi J. Biol. Sci. 21, 13-17 (2014)

Torabi, F., Majd, A., Enteshari, S.: Effect of exogenous silicon on germination and seedling
establishment in Borago officinalis L. J. Med. Plants Res. 6, 18961901 (2012)

Wu, H.C.: Analysis of variance for fuzzy data. Int. J. Syst. Sci. 38, 235-246 (2007)

Zadeh, L.A.: Fuzzy sets. Inf. Control 8, 338-359 (1965)


http://dx.doi.org/10.1080/00207721.2011.618640

A Survey of Fuzzy Data Mining
Techniques

Tzung-Pei Hong, Chun-Hao Chen and Jerry Chun-Wei Lin

Abstract Data mining is very popular recently due to lots of analysis applications
of big data. A well-known algorithm for mining association rules from transactions
is the Apriori algorithm. Because transactions may include quantitative values,
fuzzy sets which can be used to handle quantitative values are thus utilized to mine
fuzzy association rules. Hence in this chapter, some useful fuzzy data mining
techniques are introduced. Firstly, with the predefined membership functions, the
Apriori-based fuzzy data mining algorithms that provide an easily way to mine
fuzzy association rules are described. Since they may be time-consuming when
dataset size is large, several tree-based fuzzy data mining methods are then stated to
improve the mining efficiency. Besides, how to define appropriate membership
functions for fuzzy data mining is important and it can be transferred into an
optimization problem. Four types of genetic-fuzzy mining approaches are thus
given to find both membership functions and fuzzy association rules. At last, some
extended issues are discussed to provide future research directions.
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1 Introduction

The goal of data mining is to extract useful knowledge and patterns for solving
specific issues. Currently, many data mining techniques are applied to various
applications [2, 6, 64], and basket analysis is one among them. One common usage
is to mine association rules from a given dataset. An association rule can be rep-
resented as “X — Y, where X and Y are itemsets. When used in analyzing purchase
behavior, the rule means that if itemset X is bought, then itemset Y is bought as well.
A famous approach for mining association rules is the Apriori algorithm [2], which
consists of three phases including (1) generating candidate itemsets, (2) finding
large itemsets above a given minimum support, and (3) inducing association rules
above a given minimum confidence. Since traditional association rules only con-
sider relationship among items, they are also called binary association rules. In the
past, many mining approaches were proposed based on the Apriori algorithm [1-3].

However, in real applications, transactions usually have quantitative values.
Hence, some variant approaches have been proposed to deal with such situations.
Since the fuzzy set theory has good ability to process quantitative values and to
represent linguistic meaning, fuzzy data mining problems were then formed, and
several fuzzy data mining approaches were proposed. Thus, based on the Apriori
algorithm, the evolution from binary association rules to fuzzy association rules for
mining algorithms is illustrated in Fig. 1.

Figure 1 shows that existing approaches based on the Apriori algorithm can be
divided into two groups according to a single minimum support and multiple
minimum supports. The representative approaches with a single minimum support
and multiple minimum supports were proposed by Agrawal et al. [2] and Liu et al.
[63], respectively. Then several researchers extended these approaches with tax-
onomy [28, 65, 75, 77] and quantitative databases [31, 50, 53, 55, 75]. Based on the
two types of minimum support, the fuzzy data mining algorithms can be divided
into the following two classes:

Single Minimum Support Multiple Minimum Support
Agrawal et al. [AIS93] Liu et al. [LHM99]
Taxonomy — Taxonomy
« Han et al, [HF95] @ My, @ Lui et al. [LCOO]
Level-by-Level Approach fo/ Generalized Approach
« Srikant et al, [SA95] (&) * Tzeng et al. (TL07)

Generalized Approach ApI'IOI'I g Generalized Approach

5
e
quanitaiveds) Y2 | ¢4 (Quanitaive o8]

 Srikant et al. [SA96 * Lee et al. [LHLO4]
Quantitative Association Rules Fuzzy Association Rules

* Kuok et al. [KFW98] * Lee et al. [LHWO08]

* Hong et al. [HKC99] (Fuzzy Association Rules
Fuzzy Association Rules Level-by-Level Approach)

Fig. 1 The evolution of Apriori-based association rule mining
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(1) Single-minimum-support fuzzy-mining approaches (SMSFM) [7, 23-26, 31,
33, 41, 50, 52, 66, 71, 72, 79, 82];
(2) Multiple-minimum-support fuzzy-mining approaches (MMSFM) [53-55].

For SMSFM, all items use only one minimum support to judge their importance
and to mine fuzzy association rules. However, using a minimum support for mining
fuzzy association rules may loss some high-valued items and rules. In order to solve
this problem, some approaches were then proposed for MMSFM. Its main concept is
that each item has its own minimum support to reflect its importance. Besides, since
items may have taxonomy, some mining algorithms were also proposed for mining
fuzzy generalized association rules and fuzzy multi-level association rules.
Examples for SMSFM include [25, 26, 33, 52, 72] and for MMSFM contain [54, 55].

Besides the Apriori algorithm to mine fuzzy frequent itemsets in a level-wise
way, Han et al. presented the frequent-pattern-tree (FP-tree) and FP-growth mining
approach [29] to mine frequent itemsets from binary databases without candidate
generation. It consists of two phases: first constructing an FP-tree structure by
keeping only frequent 1-itemsets and then deriving fuzzy frequent itemsets from the
constructed FP-tree structure. For fuzzy data mining with the tree concept, the
processing is usually complicated due to the fuzzy operators, and thus extra infor-
mation needs to be stored in the nodes of a tree. Papadimitriou et al. proposed fuzzy
frequent pattern tree (FFPT) algorithm [73] to find fuzzy association rules based on
the pattern-growth approach with an FP-tree-like mechanism. Lin et al. also pro-
posed several different tree structures to mine fuzzy frequent item sets [5S7-59].

The fuzzy data mining algorithms mentioned above assume the membership
functions are already known in advance. However, the membership functions may
have a critical influence on the final mining results in fuzzy data mining. Designing
effective and efficient approaches to get both the appropriate membership functions
and fuzzy association rules are worth to be studied. Some scholars thus transform
the problem of deriving appropriate membership functions as an optimization
problem and use genetic algorithms (GAs) to solve it. The problem for finding
membership functions and fuzzy association rules with GAs is called genetic-fuzzy
mining (GFM) problem. The two types of fuzzy mining problems are SMSFM and
MMSFM. The ways of processing items include processing all the items together
(integrated approach) and processing them individually (divide-and-conquer
approach). Therefore, according to the types of fuzzy data mining problems and
the ways of processing items, the GFM problem can be divided into four kinds.
Currently, many GFM approaches have been proposed for mining membership
functions and fuzzy association rules, simultaneously. Some of them will be
described in the following sections.

In addition to processing fuzzy association rules, some extended techniques for
handling fuzzy web browsing patterns and fuzzy high-utility patterns are also
interesting. Maintaining the mined fuzzy knowledge in an efficient way is important
in dynamic environments. Speeding up the mining process needs to be concerned as
well. These issues will be briefly introduced.
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The remaining parts of this chapter are organized as follows. The Apriori-based
fuzzy data mining is stated in Sect. 2. The tree-based fuzzy data mining is described
in Sect. 3. The genetic-fuzzy data mining is explained in Sect. 4. Some extensions
of fuzzy data mining are presented in Sect. 5. Conclusions and future works are
given in Sect. 6.

2 Apriori-Based Fuzzy Data Mining

Knowledge discovery in databases (KDD) has emerging a critical issue in recent
years since it can be used to discover potential relationships among items in
databases. Depending on different types of the processed databases, the discovered
information or knowledge can be generally classified as association rules,
sequential patterns, classification, clustering, among others. Among them,
association-rule mining (ARM) [1, 2, 10] is the most commonly seen in KDD.
For ARM, most algorithms are performed to handle binary databases, in which the
items are represented as binary attributes of 1 or 0. For fuzzy ARM, the data to be
processed is generalized to linguistic ones. In this section, fuzzy mining techniques
based on the Apriori algorithm will be introduced.

2.1 Apriori Algorithm

Agrawal et al. presented a generate-and-test methodology to find frequent (or called
large) itemsets level by level for inducing association rules [1]. The pseudo code of
the Apriori algorithm is given in Table 1.

In Algorithm 1, the database is first scanned to find the occurrence frequencies of
items (Line 1) and the frequent items (l-itemsets) are derived by checking their
counts over the minimum support count (Lines 2-6). The discovered frequent
1-itemsets are then used to generate the candidate 2-itemsets (Line 9). After that, the
combined candidate 2-itemsets are then determined to find frequent 2-itemsets
(Lines 10-15). This process is repeated until no candidate itemsets are generated
(Lines 8-18). After that, the complete frequent itemsets are discovered for later
generating process of association rules (Line 19).

2.2 Fuzzy Concept on Mining

In real-life situations, the same product may be purchased with multiple copies at
the same time in transaction databases. It is a non-trivial task to mine association
rules from this kind of quantitative databases. The fuzzy-set theory was introduced
by Zadeh in 1965 [81] and very suitable to handle quantitative values and represent
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Table 1 Apriori algorithm

Algorithm 1: Apriori
Input: D, a binary database; minsup, a pre-defined minimum support
threshold.
Output: A set of frequent itemsets.
scan D to find f{7)).
for each item i; in D do
if 1 (i)) > minsup x |D| then
set L« i,.
end if
end for
set k=2
while ;.| # null do
set Cr—{aUb|a, b € L1, a &b}.
10. for each transaction ¢ in D do
11. setCe—{z|z€Ci ANz t}.
12.  for eachz € C; do
13. f2)=fz)+ 1.

PRI AR~

o

14.  end for

15. end for

16. set Li<—{z |z € Cx A fiz) > minsup};
17. k=k+1.

18. end while

UL

19. return *

linguistic meaning. Linguistic representation is popular and may help knowledge
more understandable to human beings. In a fuzzy set, each element of a universal
set can be assigned a membership grade to represent its degree of belonging to the
set. Assume that x; to x,, are the elements in fuzzy set A and y; to u,, are their grades
of membership in A. A can be represented as:

A:ﬂ+&+...+&. (1)
X1 X2 Xn

Three operations namely complementation, union and intersection are com-
monly used in the fuzzy-set theory, which are described below.

1. Complementation: the complementation operation of a fuzzy set A is denoted as
™A. The membership function of —A can be defined as:

(@) = 1 - (x), Vrex. 2)
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2. Union: the union operation of two fuzzy sets A and B is denoted as AU B. The
membership function of AU B for standard operation can be defined as:

Paup(x) = max{py, ng}h, Vxe€X. (3)

3. Intersection: the intersection operation of two fuzzy sets A and B is denoted as
AN B. The membership function of A N B for standard operation can be defined
as:

HAQB(X) = min{HAa MB}a Vx € X. (4)

These three operations will be used in fuzzy data mining for deriving fuzzy
association rules.

2.3 Apriori-Based Approaches

Chan and Au first presented an F-APACS algorithm [8] to mine fuzzy association
rules. The values of the quantitative attributes are first converted into the repre-
sentation of linguistic terms with their membership values according to the
pre-defined membership functions. The adjusted difference analysis is adopted to
reveal interesting association rules among attributes. In the F-APACS algorithm,
the user-specified thresholds are unnecessarily required based on the designed
statistical analysis. Besides, both positive and negative fuzzy association rules can
be discovered through the F-APACS algorithm.

Kuok et al. then proposed an approach to handle quantitative attributes for
discovering fuzzy association rules [50]. A significance factor is designed to mine
all frequent (large) itemsets from the quantitative databases. It reflects not only
occurrence frequencies of items in the databases but also the degree supports of
itemsets. A certainty factor is also designed to generate possible rules from the
frequent itemsets.

At the same time, Hong et al. adopted the fuzzy-set theory and presented a
FDTA algorithm [31] to handle the quantitative databases. It is based on the Apriori
algorithm to level-wisely mine fuzzy frequent itemsets for inducing fuzzy associ-
ation rules. The proposed FDTA algorithm first transforms the quantitative values
of items into linguistic-term representation based on the pre-defined membership
functions. The cardinalities of the transformed linguistic terms are then calculated.
Only a linguistic term with the maximum cardinality of each attribute is used for
later mining process. This process can keep the number of items the same as that of
the original attributes, thus reducing computational cost of combinational explo-
sion. After that, the remaining fuzzy frequent itemsets can be used to induce the
fuzzy association rules. The FDTA algorithm is described in Table 2.
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Table 2 FDTA algorithm

Algorithm 2: FDTA

Input: D, a binary database; minsup, a pre-defined minimum support

threshold; minconf, a pre-defined minimum confidence threshold, MFs, a pre-
defined membership functions.

1
2
3
4
5.
6
7
8

9.

10.
1.

12.
13.
14.
15.
16.
17.
18.

19.

20.
21.
22.
23.
24.

25.

26.
27.

Output: A set of fuzzy association rules.

for each transaction ¢ in D do
for each item (attribute) 4; do
convert quantity g; by MFs as (fjji/A;.R1 + fip/Aj.Ra +.. . AfijulAj.Ry).
end for
end for
calculate count(A4;.Ry) := sum {fju}.
set MAXCount(A;.Rr) = max{count(4;.R:)}.

set Li«—{A;.R; | MAXCount(A;.Rr) > minsup %X |D|}.

set =2,
while L,.1# null do
set C«—{aUb |a,b € L1, a &b}.
for each transaction # in D do
set Ci—{z|z€C, Nz t;}.
for each z € C;; do
calculate count(t;.z)= {min(fys, fiy) | X, yE€z, x&y}.
end for
end for
calculate count(z) := sum {count(t,.z)}.
set L«—{z| count(z) > minsup x |D|}.
r=r+1.
end while
set CFARS<—{L1/\L2/\.../\Lr—>Lq | q= 1tor}.
for each w € Cryrs do
calculate conf'(w).
set FARs«—{w | confilw) > minconf x |D|}
end for
return FARs.

In the FDTA algorithm, the quantity value of each item (attribute) of each
transaction in the databases is first converted based on the given membership
functions (Lines 1-5). The membership values of a linguistic term of each item
(Aj.Ry) are summed together in the database (Line 6). After that, the linguistic term of
each item with the maximum cardinality is found to represent this item for later
mining process (Line 7). If the represented cardinality of the represented linguistic
term is not less than the given minimum support count, it is then put into the set of
fuzzy frequent (large) itemsets (Line 8). After that, the Apriori-like mechanism is
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Fig. 2 Flowchart of the FDTA algorithm

performed to find the fuzzy frequent itemsets (Lines 10-21). This process is repeated
until no candidate itemsets are generated. The discovered fuzzy frequent itemsets are
then formed to calculate their confidence for inducing fuzzy association rules (Lines
22-27). Since each item uses only a linguistic term with the maximum cardinality,
the number of items in the original database is the same as the revealed linguistic
terms. Thus, the combinational explosion problem for mining fuzzy association rules
can be avoided. The flowchart of the FDTA algorithm is shown in Fig. 2.

2.4 Some Variants

Several variant algorithms have been presented to mine fuzzy association rules.
Gyenesei proposed an additional fuzzy normalization process to mine fuzzy asso-
ciation rules from quantitative databases [27]. In his approach, besides fuzzy sup-
port and confidence, a new fuzzy correlation factor was defined as a new measure to
mine interesting fuzzy association rules. Hong et al. then enhanced the FDTA
algorithm to design a new AprioriTid approach [36] for efficiently discovering
fuzzy association rules. Yue et al. extended the FDTA approach for mining fuzzy
association rules with weight constraint [44]. In their approach, each item was
assigned a weight value in a range of [0, 1] to show its importance. The Kohonen



A Survey of Fuzzy Data Mining Techniques 337

self-organized mapping approach was also adopted to derive fuzzy sets for
numerical attributes. Chen and Wei developed a generalized framework to mine
fuzzy association rules based on fuzzy taxonomic structure [11]. The minimum
support and the minimum confidence thresholds are generalized by means of
sigma-counts. Hong et al. then designed a mining process for extracting interesting
fuzzy association rules based on linguistic minimum support and minimum confi-
dence thresholds [32]. Hong et al. also developed a fuzzy multiple-level mining
algorithm to mine fuzzy association rules by integrating fuzzy-set concepts and
multiple-level taxonomy [33].

3 Tree-Based Fuzzy Data Mining

Instead of finding fuzzy frequent itemsets level by level, another option is based on
the FP-tree structure. Early studies addressed tree structures mainly for classifica-
tion tasks like fuzzy decision tree. For example, Yuan and Shaw presented a fuzzy
decision tree induction method to represent classification knowledge by considering
cognitive uncertainties [80]. Janikow presented a decision tree with additional
flexibility offered by fuzzy representation [43]. The symbolic tree structure was kept
to maintain knowledge comprehensibility. This framework could be used to com-
bine processing capabilities available in symbolic and fuzzy systems. Olaru and
Wehenkel developed a new soft decision trees (SDT) to mine fuzzy classification
rules by integrating the fuzzy-set theory [70]. The proposed SDT could reveal better
accuracy than traditional decision tree from the experiments conducted.

3.1 Tree-Based Framework for Fuzzy Mining

For fuzzy association rule mining, the FDTA algorithm mentioned above adopts an
Apriori-like mechanism to level-wisely mine fuzzy frequent itemsets for inducing
fuzzy association rules. It requires multiple database scans for mining fuzzy fre-
quent itemsets with time-consuming computation. To solve this problem,
Papadimitriou et al. proposed the fuzzy frequent pattern tree (FFPT) algorithm [73].
In the algorithm, a threshold was set to remove unpromising linguistic terms in each
transaction. This process might only discover local fuzzy frequent l-itemsets but
not global ones since some linguistic terms were removed from each transaction if
their membership values were less than the pre-defined threshold. Besides, no
operations from the fuzzy-set theory were adopted in discovering fuzzy frequent
itemsets.

Lin et al. then presented another fuzzy mining framework for completely dis-
covering fuzzy frequent itemsets based on the tree structure. Since the processing is
usually complicated due to fuzzy operations, some extra information is stored in the
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nodes of a tree for correctly performing the task. Three algorithms namely fuzzy
frequent FP (FFP)-tree [58], compressed fuzzy frequent pattern (CFFP)-tree [59]
and upper-bound fuzzy frequent pattern tree (UBFFP)-tree [57] were developed to
mine fuzzy frequent itemsets from quantitative databases. They are different mainly
in tree construction. In the framework, three layers are used to find fuzzy frequent
itemsets as shown in Fig. 3.

In Fig. 3, the framework includes three layers to mine fuzzy frequent itemsets.
The first layer is the data fuzzification layer. It is used to convert the quantitative
values of items into the representation of linguistic terms and their membership
values. This is the same process as that in the FDTA algorithm for transaction
conversion except that different algorithms adopt different sorting strategies to
transform transactions for later construction. The second layer is the tree con-
struction layer, on which the fuzzified transactions are performed to construct tree
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structures. Different approaches will construct different tree structures. After that,
the mining layer is designed to mine fuzzy frequent itemsets from the constructed
tree structures based on FP-growth-like mechanisms.

3.2 Fuzzy FP-Tree Algorithm

The fuzzy FP (FFP)-tree algorithm is described in Table 3.

For the FFP-tree algorithm, it uses a similar approach to the FDTA algorithm to
covert the quantities of items in original databases into the representation of lin-
guistic terms and derive fuzzy frequent 1-itemsets (Line 1). Note that each item is

Table 3 Fuzzy FP (FFP)-tree algorithm

Algorithm 3: Fuzzy FP (FFP)-tree

Input: D, a binary database; minsup, a pre-defined minimum support
threshold.

Output: A FFP-tree structure

1. find L, from converted database.
2. build Htable— L.

3. create root«—null.

4. set root.next<—ptr.

5. for each converted ¢ in D do

6. for each z€L A zc t; do

7. sort z in descending order of fi(z).
8.  end for

9. foreachzictiAN1<k<]|t|do
10. if ptr == null Vv V ptr.name#z;.
11. create a node n.

12. set (n.name,n.count)<«—(zx, fi(zx)).
13. set n.next«—ptr.

14. set n«—Htable.hyper.

15. set n.hyper<—Iptr.

16. else

17. set n.count := n.count + fi(z).
18. set n.next«—ptr.

19. find Iptr from Htable.

20. set n—Iptr.

21. set n.hyper—Iptr.

22. end if

23. end for

24. end for
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represented as its linguistic term with the maximum cardinality, thus reducing the
processing time of possible combinational explosion. After that, the discovered
fuzzy frequent 1-itemsets are used to build an index Hedaer_Table, which has the
same function as the Header_Table of the FP-tree structure (Line 2). The converted
transactions in the databases are then re-fined to keep only fuzzy frequent
1-itemsets. The local sorting strategy is adopted to sort the remaining fuzzy frequent
1-itemsets according to their transformed membership values in each transaction
(Lines 6-8). The transaction is then processed one by one to buld the FFP-tree and
each node in the tree keeps the membership value of the processed fuzzy frequent
l-itemsets in each transaction (Lines 9-23). An approach similar to the FP-growth
is used to derive fuzzy frequent itemsets from the constructed FFP-tree structure.

Although the FFP-tree algorithm can be used to efficiently mine fuzzy frequent
itemsets from the constructed FFP-tree, more nodes are required since the sorted
order for constructing the FFP-tree is based on the membership values of items in
each transaction. Thus, two transactions with the same linguistic terms may have
different orders, thus generating different paths in the FFP-tree structure. This
process may generate many extra nodes. For example, assume there are two
transactions {A.Low:0.5, B.High:0.3} and {A.Low:0.2, B.High:0.4}. Two paths,
A.Low:0.5 -> B.High:0.3 and B.High:0.4 -> A.Low:0.2, will be built in the
FFP-tree. Although FFP-tree has to generate more tree nodes, the fuzzy frequent
itemsets can be easily extracted by directly adopting FP-growth-like (proposed
FFP-growth) approach to discover fuzzy frequent itemsets since the count of any
super node is no less or equal to the sum of its child nodes. The proposed
FFP-growth approach is shown in Table 4.

3.3 CFFP-Tree and UBFFP-Tree

To solve the above problem of the FFP-tree algorithm, Lin et al. then presented the
compressed FFP (CFFP)-tree algorithm to reduce the number of tree nodes. The
sorting strategy of the CFFP-tree algorithm is different from the FFP-tree algorithm.
It adopts the global sorting strategy to sort the remaining fuzzy frequent 1-itemsets
in descending order of their occurrence frequencies in all transactions. An extra
array is attached to each node and updated in the CFFP-tree structure for keeping
the membership values of the currently processed node with any of its prefix nodes
by intersection operation. Based on the attached array of each node, a CFFP-growth
algorithm is performed to mine the complete fuzzy frequent itemsets through a
simplified intersection operation.

Although the CFFP-tree algorithm adopts an attached array in each node to
reduce the number of tree nodes, it has the overhead of keeping the array. Since the
attached array in each node keeps the membership values of the currently processed
node with any of its prefix items in the path, the space complexity of each node is
high if the size of the processed transactions is large. Lin et al. then proposed the
upper-bound fuzzy frequent pattern (UBFFP)-tree algorithm to overestimate the
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Table 4 FFP-growth algorithm

Algorithm 4: FFT-growth

Input: FFP-tree, a fuzzy FP-tree, minsup, a pre-defined minimum support
threshold.
Output: complete fuzzy frequent itemsets.
Method: call FFP-growth (FFP-tree, null) as follows.
Procedure FFP-growth (FFP-tree, a).

If p is a single path, pEFFP-tree then
for each combination ¢ of the nodes in p do

generate z € (qU a).

set z.count<— min{n.count | n€q}.
end for
else
for each j; in Hedae Table do

generate g—(i;Ua).

® NNk WD

o

set g.count«<— i;.count.
10.  construct ¢’s conditional FFP-tree as Tree,.

11.  if Tree,Znull then
12. call FFP-growth(Treey, q).

13. end if
14. end for
15. end if

upper-bound membership values of fuzzy frequent itemsets for solving the over-
head problem of the CFFP-tree structure. The UBFFP-tree construction algorithm
uses the same global sorting strategy as the CFFP-tree algorithm for tree con-
struction. Each item in the transactions is then fuzzified by keeping only the lin-
guistic term with the maximum cardinality in later processes, which is the same
procedure as the FFP-tree and CMFFP-tree. The transferred transactions are then
processed tuple by tuple from the first transaction to the last one to construct the
UBFFP tree. Each node in the tree keeps a fuzzy frequent l-itemset with its
accumulated fuzzy count, which is the same as the FFP-tree structure but different
from the CFFP-tree structure. After the UBFFP-tree is constructed, an
UBFFP-growth algorithm is used to recursively find the fuzzy frequent itemsets
from the UBFFP-tree structure. After the construction process, the UBFFP-growth
algorithm is then executed to mine fuzzy frequent itemsets. In the fuzzy data
mining, the intersection operation is used to get the fuzzy counts of the derived
fuzzy frequent itemsets. When » transactions (n = 2) are used to derive the fuzzy k-
itemsets (k = 2), the actual count of non-redundant fuzzy k-itemset is less or equal
to the minimum of the sum of the same fuzzy k-itemsets from »n transactions. For
example, supposing two transactions {f|:sy, f>:5,} and {f;:s3, f>:54}, and f; represents
as the transformed fuzzy region and s; represents as the transformed fuzzy count.
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Thus, min(sy, s5) + min(ss, s4) < min(s; + s3, s> + s4). Hence, the merged branches
of the same fuzzy regions in the UBFFP-tree can obtain the upper-bound property
to mine fuzzy frequent itemsets. This property of the UBFFP-tree structure ensures
that all possible fuzzy frequent itemsets (called upper-bound fuzzy frequent item-
sets) can be discovered and unpromising candidate fuzzy itemsets can be pruned
early. After the upper-bound fuzzy frequent itemsets are generated, an additional
database scan is performed to find the actual fuzzy frequent itemsets from the kept
upper-bound fuzzy frequent itemsets. The UBFFP-tree structure is a condensed tree
structure when compared to the FFP-tree structure, and has the same number of tree
nodes as the CMFFP-tree structure. Besides, it can solve the overhead problem of
the CMFFP-tree algorithm.

3.4 Some Variants

Other variant algorithms were also presented to mine fuzzy frequent itemsets from
quantitative databases. Hong et al. and Lin et al. considered all linguistic terms of
an item, instead of only the one with the maximal scalar cardinality, in fuzzy mining
[40, 62]. They extended the FFP-tree, CFFP-tree and UBFFP-tree structures to
derive multi-term fuzzy frequent itemsets.

4 Genetic-Fuzzy Data Mining

In the previous sections, several fuzzy data mining approaches have been described,
all of which assume the membership functions are predefined. However, in real
applications, different items may have their own membership functions to reflect the
importance of items. In this section, some genetic-fuzzy mining (GFM) approaches
are introduced, which utilize genetic algorithms to mine appropriate membership
functions for items and discover fuzzy association rules.

4.1 Four Types of Genetic-Fuzzy Mining Approaches

Since the membership functions have critical influence on final mining results, how
to derive a set of membership functions for mining fuzzy association rules is an
important issue. Utilizing the advantages of genetic algorithms, many researchers
have proposed various GFM techniques for mining fuzzy association rules, fuzzy
generalized association rules and fuzzy temporal association rules, among others.
According to the encoding strategies and types of fuzzy mining problems, existing
GFM approaches can be divided into four types. The encoding strategies are
classified as integrated and divide-and-conquer strategies. The types of fuzzy
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Table 5 The four types of genetic-fuzzy mining problems

Integrated strategy Divide-and-conquer strategy
Single minimum support IGFM-SMS DGFM-SMS
Multiple minimum supports IGFM-MMS DGFM-MMS

mining problems include SMSFM and MMSFM as mention in Sect. 1. The four
categories of GFM approaches are shown in Table 5.

There are four categories in Table 5, including IGFM-SMS, IGFM-MMS,
DGFM-SMS and DGFM-MMS problems. They are briefly described as follows.

(1) The Integrated Genetic-Fuzzy Mining Problem for Items with a Single
Minimum Support {GFM-SMS): The IGFM-SMS problem assumes there is only
one minimum support for all items and the membership functions for all items are
encoded into an integrated chromosome and then derived by genetic algorithms. At
last, the derived membership functions are utilized to mine fuzzy association rules.
Many approaches have been published for solving the IGFM-SMS problem [5, 12,
14, 18, 20-22, 34, 38, 45-49, 68, 76]. For example, Hong et al. proposed a
genetic-fuzzy data-mining algorithm for extracting both association rules and
membership functions from quantitative transactions [38]. Kaya et al. proposed a
GA-based approach for mining membership functions and fuzzy rules, which was
tried to derive membership functions that could reach a maximum profit within an
interval of user-specified minimum support values [45]. Matthews et al. then took
the temporal concept into consideration and proposed a temporal fuzzy association
rule mining with the 2-tuples linguistic representation [68].

(2) The Integrated Genetic-Fuzzy Mining Problem for Items with Multiple
Minimum Supports (IGFM-MMS): The previous subsection indicates there are
lots of researches focusing on the IGFM-SMS problem. However, different items
may have different properties. Thus, different criteria are needed to reflect their
importance. For instance, assume there are some expensive items in a dataset. They
are thus seldom bought because of their high prices, and thus their support values
are low. However, a manager may still be interested in these products due to their
high profits. Chen et al. thus proposed another genetic-fuzzy mining approach [15]
for it, which was an extension of the approach proposed in [38]. The approach
combines the clustering, fuzzy and genetic concepts to derive appropriate minimum
support values and membership functions for items. Other extensions are proposed
in [16, 19].

(3) The Divide-and-Conquer Genetic-Fuzzy Mining Problem for Items with
a Single Minimum Support (DGFM-SMS): The advantages of the IGFM is that
they are easy to use and with few constraints on fitness functions of GAs. However,
if the number of items is large, the IGFM approaches may need lots of time to find a
near-optimal solution because the length of a chromosome is long. The
divide-and-conquer strategy can be used when only an approximate fitness function
is adopted in GFM. Many approaches were also proposed in [13, 35, 37, 39]. For
example, when the number of large l-itemsets is used in fitness evaluation, the
divide-and-conquer strategy becomes a good choice to deal with it since each item
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can be individually processed. Hong et al. thus proposed a GA-based framework
with the divide-and-conquer strategy to search for membership functions with good
converging effects [39].

(4) The Divide-and-Conquer Genetic-Fuzzy Mining Problem for Items with
Multiple Minimum Supports (DGFM-MMS): The problem may be thought of as
the combination of the IGFM-MMS and the DGFM-SMS problems. The framework
for the DGFM-MMS problem can thus be easily designed from the previous
frameworks for IGFM-MMS and DGFM-SMS. Since the DGFM-MMS is complex,
only few literatures have been proposed for finding minimum supports and mem-
bership functions for items to mine fuzzy association rules [17].

Since the number of association rules is large in mining problems and cannot
easily be coded in a chromosome, most approaches proposed learned the mem-
bership functions for items first and then derive fuzzy association rules according to
the membership functions obtained.

According to the types of rules, the approaches can be divided into four types,
including fuzzy association rule, fuzzy generalized association rule, fuzzy weighted
association rule and fuzzy temporal association rule. Earlier approaches more focus
on mining fuzzy association rules [6, 11-16, 18, 19, 32, 38-41, 4447, 65] and
fuzzy weighted association rules [47]. In recent years, genetic-fuzzy mining
approaches are extended to mine fuzzy generalized association rules and fuzzy
temporal association rules [21, 22, 49, 67, 68].

4.2 Genetic-Fuzzy Mining Framework

Many approaches were proposed for solving the IGFSMS problem. They are dif-
ferent in chromosome representation, genetic operators, and fitness functions [38].
A basic framework of genetic-fuzzy mining based on [38] is shown in Fig. 4.

The genetic-fuzzy mining framework for the IGFSMS consists of two phases
that are membership function mining and fuzzy association rule mining. In the first
phase, membership functions for items are encoded and generated according to
different chromosome encoding methods. The genetic evolution process is then
utilized to find appropriate membership functions. Then, fuzzy association rules are
mined using the derived membership functions.

In 2003, Hong et al. used the following chromosome coding and fitness func-
tions for GFM [40]. Each membership function is encoded as a pair (¢, w), where
¢ and w are center and half span (width) of the membership function as Parodi and
Bonelli did [74].

The set of membership functions MF; for the item I; is then represented as a
substring of ¢j;Wji, CpWip, ..., ¢;wy, Where |[] is the number of terms of I;. The
entire set of membership functions is then encoded by concatenating substrings of
MF;, MF,,..., MF,. Hong et al. evaluated chromosomes by the number of large
l-itemsets and the suitability of membership functions. The fitness value of a
chromosome C, was then defined as:
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Fig. 4 The genetic-fuzzy mining framework for the IGFSMS problem

B |Li]
f(Cq) = unsuitabil ity(Cy) 7

where |L;| is the number of large 1-itemsets obtained by using the set of mem-
bership functions in C,,. It is used to represent the knowledge amount under the set
of membership functions decoded from a chromosome. Using the number of large
l-itemsets is a trade-off between execution time and rule interestingness because a
larger number of 1-itemsets will result in a larger number of all itemsets with a
higher probability, and then imply more interesting association rules. The evalua-
tion by only l-itemsets is much faster than that by all itemsets or interesting
association rules. The other factor, unsuitability, in the fitness function, is designed
to reduce the occurrence of bad types of membership functions. The two bad types
of membership functions are shown in Fig. 5, where the first one is too redundant,
and the second one is too separate.
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(a) Too redundant (b) Too separate
Low Middle High Middle High
0 5 89 Quantity 0 5 25 Quantity

Fig. 5 The two bad types of membership functions

A formula is designed to calculate the value of unsuitability according to the
overlap and the coverage degrees of a chromosome. After fitness evaluation, the
genetic operations choose appropriate chromosomes for mating to create good
offspring membership function sets. The offspring then undergo recursive evolution
until a good set of membership functions is obtained.

4.3 Other Approaches

Kaya and Alhaji also proposed a GFM algorithm to derive membership functions
and fuzzy association rules [46, 48] at nearly the same time. Their approach tried to
derive membership functions that could reach a maximum profit within an interval
of user-specified minimum support values. It then used the derived membership
functions to mine fuzzy association rules. They used two criteria in the fitness
function. The first criterion was to maximize the number of large itemsets, and the
second one was to minimize the execution time. Since the two criteria conflicted,
the genetic process evolved to achieve a trade-off solution. Kaya and Alhaji then
extended the approach to mine fuzzy weighted association rules [47, 49].

Based on Hong’s approach [38], Alcala-Fdez et al. also proposed a GFM
algorithm for mining membership functions and fuzzy association rules [4]. The
main difference between the two approaches is that the latter used the 2-tuple fuzzy
linguistic representation model to encode membership functions into a chromo-
some. The coding is shown in Fig. 6.

Figure 6a shows that there are three base membership functions for attribute A,
including Low, Middle and High. Assume there is a chromosome C, as shown at
the top of Fig. 6b. Then the actual membership functions will be derived from the
modification of the base membership functions according to the chromosome. For
example, the value —0.4 of Middle in C, means the membership function of Middle
will be moved 0.4 toward the left of the base membership function of Middle, and
the resulting membership functions are shown at the bottom of Fig. 6b. The
advantage of the encoding scheme is that each membership function only needs one
parameter instead of three parameters (in triangular MF). They used the fitness
function defined in [38] to evaluate the chromosomes.
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Fig. 6 The encoding method by 2-tuple fuzzy linguistic representation model. a Base member-
ship functions of attribute A, b Chromosome for membership functions of attribute A

Matthews et al. then took the temporal concept into consideration and proposed
a temporal fuzzy association rule mining with the 2-tuples linguistic representation
[68]. Since the purpose of the proposed approach was to mine fuzzy temporal
association rule, the Michigan method was adopted to encode a rule into a chro-
mosome. They took the temporal concept into consideration and used fuzzy support
and fuzzy confidence to evaluate a chromosome. Furthermore, they also extended
their proposed approach to web usage mining [69].

4.4 Genetic-Fuzzy Mining with Taxonomy

In the previous section, the GFM algorithms introduced for mining membership
functions and fuzzy association rules are executed under one single-concept level.
In general, items may have taxonomy. Assume a predefined taxonomy is given in
Fig. 7. There are two item classes, “Food” and “Drinks”. Terminal nodes on the
trees represent actual items appearing in transactions, while internal nodes represent
classes or concepts formed from lower-level nodes. For example, “Apples” and
“Oranges” are two kinds of “Fruit”. “Fruit” is thus a higher level of concept than
“Apples” or “Oranges”.

Food Drinks
Fruit Bread Beverages Alcohol

AN NN

Apples Oranges Old Mills Wonder  Juice Soda-water Burgundy Brandy

Fig. 7 The given taxonomy
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Chen et al. thus proposed a multiple-level GFM algorithm for mining member-
ship functions and fuzzy association rules on multiple-concept levels [21]. It used a
slightly different fitness function from the previous one to evaluate the chromosomes
and get the membership functions, and then adopted a fuzzy multi-level association
rule mining approach [55] to mine fuzzy rules. Chen et al. then modified the
approach by using multi-objective GAs to find Pareto solutions, each of which is a
set of membership functions for mining fuzzy association rules [22].

5 Some Extended Issues

In this section, will discuss some extended issues to fuzzy data mining. They
include fuzzy web mining, fuzzy utility mining, incremental fuzzy mining, and
parallel fuzzy mining. These issues are briefly introduced below.

5.1 Fuzzy Web Mining

WWW has been a very popular media used in all over the world. Web mining thus
plays an important role in discovering knowledge embedded in WWW. It can be
roughly divided into three categories, including Web usage mining, Web content
mining, and Web structure mining. The fuzzy-set theory can be similarly adopted in
these techniques to find linguistic and meaningful patterns for human beings to
easily understand and use [56]. Fuzzy Web usage mining focuses on analyzing the
Web browsing behavior of users from Web logs and other data. Some techniques
were developed for finding browsing patterns, personalization, and recommenda-
tion, among others. Fuzzy Web content mining mainly derives useful information
or knowledge from Web page contents. It may include directly mining contents
from Web documents or pages and improving the efficiency of search engines.
Syntax and Semantic analysis and ontology are also used to increase the accuracy.
Fuzzy Web structure mining analyzes the relationships among linked Web pages.
The information retrieved from Fuzzy Web structure mining can be used to improve
the organization of hyperlinks.

5.2 Fuzzy Utility Mining

A company is always measured by its earning. Thus, when analyzing the trans-
action data from a company, not only the sale frequencies of items are considered,
but also their quantities and profits. Chan et al. thus proposed another new issue,
namely utility mining, to consider these factors [9]. They multiplied the profit and
the quantity of an item (or itemset) in a transaction and summed up the values in all
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the transactions as the utility of the item (itemset). If the utility of an item (itemset)
was larger than or equal to a predefined threshold, then it was a desired itemset.

The fuzzy concept can also be put in utility mining. For example, Wang et al.
defined a fuzzy utility function to evaluate utility of an item in databases [78]. For a
fuzzy term of an item, its utility in a transaction was evaluated by the product of the
three factors: the centroid value and the membership value of the fuzzy term, and
the profit of the item. Its total utility was then the sum of the values from all
transactions. The utility of an itemset in a transaction was the summation of the
individual utility values of the fuzzy terms in the itemset. The approach did not
adopt the combined membership degree of an itemset. Lan et al. then presented a
new fuzzy utility function, which considered not only quantities and profits of items
but also the combined membership value, to evaluate the utility of an itemset [51].
Since the downward-closure property did not exist, an effective fuzzy utility upper
bound was adopted in the approach.

5.3 Incremental Fuzzy Mining

Up to now, the approaches introduced for fuzzy mining are executed in a batch
way. When new transactions are inserted into a database, and old transactions are
removed or modified from a database, these approaches must re-process the entire
updated database to form new fuzzy knowledge. Much computational time is
needed in this way. For solving this problem, Hong et al. proposed a maintenance
approach on the tree structure [40]. When new transactions were inserted into a
database, their approach first judged the fuzzy regions generated from the inserted
transactions into four cases according to whether they were frequent or not in the
original database and in the new transactions. It then processed the cases in different
ways to update the Header_Table and the tree whenever necessary. Lin et al. also
proposed a maintenance algorithm for fuzzy frequent itemsets based on the
Apriori-based processing way [61]. Lin et al. also proposed an integrated algorithm
for efficiently integrating multiple fuzzy pattern trees derived from distributed
databases [60].

5.4 Parallel Fuzzy Mining

Due to dramatic increases in available computing power and concomitant decreases
in computing costs over last decades, learning or mining by applying parallel
processing techniques has become a feasible way of overcoming the problem of
slow learning [30]. Some researches use parallel or cloud computing to speed up the
execution of data mining tasks. It is, however, seldom seen for fuzzy data mining.
Hong et al. adopted the master-slave architecture to speed up genetic-fuzzy data
mining [42]. The fitness evaluation process was the most time-consuming part in
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the entire genetic-fuzzy mining process, and was thus processed in parallel by the
slave processors. The other part was processed by the master processor. The master
processor generated a single population, in which each individual represented a
possible set of membership functions as mentioned before. It then distributed the
tasks of fitness evaluation to slave processors. Each slave processor then evaluated
the allocated chromosomes and then sent the results back to the master processor.
The master processor collected the results and did appropriate genetic operations to
generate the next generation. The same steps were repeated until the convergence
condition was achieved.

6 Conclusions

In this chapter, different types of fuzzy data mining approaches have been descri-
bed, including Apriori-based fuzzy data mining, tree-based fuzzy data mining,
genetic-fuzzy data mining approaches, and some extended issues. The main concept
in these approaches is to utilize the fuzzy-set theory to handle quantitative data-
bases. In Apriori-based fuzzy data mining approaches, quantitative values are
transformed into fuzzy sets according to the predefined membership functions.
Then, fuzzy frequent itemsets and fuzzy association rules can be generated based on
the Apriori execution process. Since the execution time of Apriori-based approa-
ches is time-consuming, tree-based fuzzy data mining approaches are then descri-
bed to speed up the mining process. Basically, these approaches are modified from
the FP-tree for processing fuzzy itemsets. In general, the membership functions may
be given by experts. However, the experts may not always be available.
Genetic-fuzzy mining approaches are then proposed to automatically mine appro-
priate membership functions. Four types of genetic-fuzzy mining approaches are
introduced, including IGFM-SMS, IGFM-MMS, DGFM-SMS and DGFM-MMS.
Most of the genetic-fuzzy approaches process with two phases. In first phase, the
genetic process is used to derive membership functions for items. In the second
phase, the fuzzy association rules are mined by the fuzzy mining approach based on
the derived membership functions. Some extended issues including fuzzy web
mining, fuzzy utility mining, incremental fuzzy mining, and parallel fuzzy mining,
are also discussed.

In recent years, along with the increase of data size, big data mining becomes an
emerging research field. Big data means that the data amount is very large, the data
types are heterogeneous, and the data variation is extremely dynamic. Extending the
efficient fuzzy mining algorithms for the big data era is thus an important issue. As
a result, we can know that fuzzy data mining will continuously grow but with a
variety of forms. Another interesting work is to develop visual tools for showing the
derived fuzzy association rules. It can help a decision maker clearly understand or
get useful information quickly. Besides, applying cloud computing or other parallel
and distributed architectures to speed up the fuzzy mining process is worth studying
as well.
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