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Abstract—This work considers one of the automatic
construction approaches for fuzzy expert systems. It is based on
fuzzy sets, fuzzy logic theory, and machine learning methods.

The problem is to identify patterns in massive data, build
expert knowledge, and use them to create fuzzy logical rules and
a fuzzy inference system that combines the special expert system.
The effectiveness of the resulting system is evaluated using well-
known metrics.

The proposed method is implemented in the Python
programming language. The generated system is tested on data
taken from the website kaggle.com and medical data about
osteoporosis.
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I. INTRODUCTION

The concept of an expert system refers to the area of
artificial intelligence. The expert system is a computer system
that attempts to replicate the decision-making ability of a
human expert [1].

There are a variety of formulations of expert systems as
well, in particular, according to the “Expert System is a
computer program which solves problems that previously
required specialists vast experience applying presented
industry knowledge and computerized decision process” [1].

Expert systems are composed of the following
components: user interface, knowledge base, and inference
system.

The user interface is designed to communicate with the
user and to collect information from him/her. The information
collected later serves as the basis for the system to draw
situational conclusions [1].

A knowledge base is a set of facts and rules based on
which the conclusion is made. The knowledge base is created
from known facts, through expert evaluations and rules.

The rule of expert system mostly stands for

if cause then effect
format. The inference engine tool compares user-supplied
information with the information in the knowledge base and
as a result, provides conclusion(s) based on what is available
in the knowledge base of the rules.

The knowledge base and inference tool form expert key
components of systems, and therefore their studies are
particularly important for building an efficient system.
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Since in the reality around us, we often encounter fuzzy
concepts, the presence of fuzzy expert systems is in demand.
In such systems, both knowledge in databases and inference
systems are based on the theory of fuzzy sets and relations, as
well as on the theory of fuzzy logic [2].

Here we consider components of expert systems and non-
specific one’s relationships between fuzzy sets. Inference in
fuzzy expert systems is implemented through the FIS (Fuzzy
Inference System) [2]. A fuzzy inference system uses fuzzy
set theory to reflect (match) input data to output data [2].

Fuzzy inference systems have the following structure:
fuzzy knowledge base, inference engine, fuzzification, and
defuzzification mechanisms. As input and output data are
crisp values.

Il. BUILDING A FUZZY EXPERT SYSTEM FROM DATA

In this paper, we present a machine learning approach to
construct a fuzzy expert system based on data [4]. This kind
of learning we consider as supervised learning and a problem
solved by an expert system as a regression problem. So the
observed data are divided into training and testing datasets [4].

Based on the input and output data in the training dataset,
we will get a fuzzy rules set that represents the relationship
between input and output variables in the dataset. For each of
these variables, we introduce a linguistic variable for which it
is necessary to construct fuzzy terms and sets [2].

The algorithm for constructing fuzzy rules is as follows
[5]. The ranges of values of input/output variables are divided
into non fuzzy sets, then to each set of input/output data some
fuzzy region with a membership function is assigned. In the
paper, we consider data with two input variables x; and x,,
and one output variable y(Fig. 1).

Fig.1. The construction of membership functions for two
input and one output variable
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Then fuzzy rules from the data are derived.
A fuzzy rule looks like as follows:
if antecedent clauses then consequent clauses

We consider a data sample in the training set as a labeled
data: the output value is a label in a regression model [4]. For
each input and output value in the data sample, we are
determining via the membership function the degree of this
value belonging to the appropriate section and fixing the
membership largest degree.

For example, let’s consider the following sample (Fig. 2)

samlplel(x; = 82,x, = 25,y = 55)

We assign the linguistic variable to the linguistic term with
the largest membership function value, namely x; to the term
b, marked red, x, totheterm s; marked green, and y to the
term ce marked blue. So we get the rule in the following form

if x1isblandx2isslthenyisce

Fig.2. The construction of a fuzzy rule

Then a Wang-Mendel degree to each rule is assigned by
multiplying the values of memberships functions according to
the terms being in the antecedents as well consequents of the
generated rule [5].

So we will get the weight of the first rule

Degr(Rulel) = mbl(xl) X msl(xz) X Mee(y) =
=0.8x0.7 X 0.9 =0.504

Note that a fuzzy rule is built for each sample in the
dataset, and the algorithm may build a large number of rules.
Furthermore, it is possible to generate conflicting rules, that
is, rules that have the same antecedent clauses but different
consequent clauses. In these cases, we have to make some
optimization. We compare the degree of the rules and keep the
rule that has the highest degree.

It is also possible to add human knowledge to the
knowledge base built from data. That can be made by
multiplying the weight of the rules by some factor.

I1l. THE INFERENCE IN FUZZY EXPERT SYSTEM

The inference process in the fuzzy system is the
determination of the crisp value of the output linguistic
variable (y in our example) for given crisp values of input
linguistic variables via the Wang and Mendel method [5].

For a given combination of values of input linguistic
variables, the antecedents of a given rule are combined to
determine the degree of output linguistic variable using the
product operator.

So in our example, for each input (x;, x,) to determine the
weight m? of the output variable o in the i*" rule we use the
multiplication operator using antecedent segments.

Let the i*" rule be

if xislyand x, isl, thenoisl,
then

mj, = my, (x1) X my,(xz),
where o is the output linguistic variable, [; and [, are
linguistic terms, and (x;, x,) is some combination of input
values of linguistic variables.

Then the centre y' of the fuzzy region for the i*" rule as
the point that has the smallest value of all points for which the
membership function value is equal to 1 is defined.

The crisp value of the output variable y is calculated via the
formula
Komg Y_l
Y="<%r 1
om
where K is the number of rules contained o in the consequent.

I\V. THE TESTING AND MEASURING SYSTEM PERFORMANCE

To evaluate the generated system, we use the training as
well as the testing data [4]. To be able to evaluate the resulting
system, we will use the coefficient of determination R? [6].

N
sum_of Square_qoga = ) (% = 9)°

i=1

N
sum _of _squareyesiguar = Z(yi - y_l)z
where N is the number of data samplels 1in the training or
testing set, y; is the output in the i*" data sample,  is the
arithmetic mean of the dependent variable, and y* is the
calculated value of the output variable for the it" sample.
The R?we define as follows:
R2=1— Sum—of—squareresidual

sum_of _square;y,ia
Note that R2will take a value in [0, 1] interval, and the
bigger the better. If R? = 1, this means that the calculated
values will be equal to the real ones. The value of R?
calculated on training and testing data points to overfitting or
underfitting of the machine learning system [4].

VI. CONCLUSION AND FURTHER WORK

The conducted research shows that the approach to the
development of expert systems, based on fuzzy methods of
data analysis, is acceptable for solving practical problems. At
the same time, such expert systems are more flexible decision
support systems compared to clear expert systems.

In the future, it is planned to collect data online based on
the results of laboratory examinations of patients to enrich the
training data bank and create an expert system as an additional
tool for a doctor to diagnose a disease.
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