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Abstract: Among the set of parameters for which data are collected for decision-making based on
artificial intelligence methods, often only some of the parameters are significant. This article compares
methods for determining the significant parameters based on the theory of mathematical statistics,
and fuzzy and boolean logic. The testing was conducted on several test data sets with a different
number of parameters and different variability of parameter values. It was shown that for data sets
with a small number of parameters (<5), the most accurate result was given for a method based
on the theory of mathematical statistics and boolean logic. For a data set with a large number of
parameters—the most suitable is the method of fuzzy logic.
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1. Introduction

Over the past 5 years, more than 390,000 articles have been published on the topic
of artificial intelligence as augmenting human capabilities with new capabilities and en-
hancing existing ones, according to Google Scholar. The authors of [1] argue that the most
prospective result of AI development is an interactive symbiosis, in which humans and
computers will work closely in a productive partnership, combining the best qualities of
humans with the best qualities of machines. Modern computing power allows for perform-
ing resource-intensive computational tasks, freeing humans to perform more intelligent
tasks, which artificial intelligence is not yet capable of solving. One such task, which on the
one hand can be solved by AI, and on the other hand for more effective application of the
obtained solution it is necessary to explain it, is the problem of classification.

The task of classification in artificial intelligence and machine learning is the task of
dividing a set of objects into groups, called classes, based on the analysis of their formal
description [2]. As a result of classification, each object belongs to a certain class.

The primary set of data input to the methods of artificial intelligence often contains
a large set of parameters, called attributes. The attributes that characterize an object are
called observable (independent) attributes (hereinafter attributes). An integral or target
attribute is an attribute, calculated on the basis of independent attributes. According to the
value of the target attribute, the object is assigned to a certain class.

There can be a lot of attributes measured in the observed object, but often only a small
part of the attributes significantly affects the value of the target attribute. Hence, there are
two problems, namely:

• high time and resource costs of processing unneeded data;
• lack of understanding of which attributes influenced the decision.
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Such classification tasks requiring explanation are found in many applied fields, in
particular in medicine [3,4]. When making a diagnosis, it is important to understand what
number and what kind of features influence the decision of a medical intelligent system.
Due to the fact that the decision must often be made as quickly as possible and using com-
puting devices close to the end user (e.g., on wearable devices or mobile medicine devices),
a lot depends on a classification method, which minimizes computational resources and
provides insight into the decision-making process.

This article presents the results of research on the applicability of fuzzy and two-
valued logic methods for the selection of significant features and for solving the problem
of classifying objects, as well as the results of comparing the accuracy of the obtained
solutions. The methods were tested on two data sets. One contained synthetic data about
users’ keyboard operation on a cell phone. The second set contained records of patients,
some of whom had heart disease and some of whom did not. The first set consisted of
80 records and the second set consisted of 303.

The purpose of the study was to evaluate the advantages and disadvantages of using
boolean logic to improve the interpretability of the solution compared to methods based on
fuzzy logic.

The article is structured as follows. The second section presents an overview of related
work, showing that despite the existence of a large number of works in this area, a good
solution to obtain an explainable solution does not yet exist. The third section describes the
approach to the classification of objects based on methods of mathematical statistics. The
fourth section is devoted to the description of the test data. The testing was conducted on
two data sets with a different number of input parameters. The fifth section presents the
method of object classification based on boolean logic and the results of the comparison of
the described methods. The results of the study are summarized in the conclusion.

2. Overview of Related Research

The complexity of most objects to be analyzed makes the development of intelligent
systems a difficult algorithmic decision because of the uncertainty inherent in many objects,
such as biological objects. The human brain makes it possible to form clear decisions based
on inaccurate, approximate data. In practice, there may not exist an exact mathematical
model of the analyzed objects, or such a model may be too complex to implement. To solve
such problems, for example, to provide effective and timely medical diagnosis, methods of
fuzzy logic, neural networks, and evolutionary computation are being actively developed.

The use of fuzzy logic allows for designing fuzzy classifiers that have fuzzy rules
and membership functions. In [5], the method of multidimensional feature selection is
considered, in which both the search strategy and the proposed classifier are based on
evolutionary computations. Testing of the method was conducted on a real data set and the
results were compared with filtering methods, using deterministic and probabilistic search
strategies. The testing showed that when testing the method on two real data sets, the
accuracy of the classification result was 0.78, while the application of fuzzy classification
methods showed a value of 0.76, and on the second data set the accuracy was 0.74, against
a value of 0.63 obtained using fuzzy classification methods.

The study of [6] proposed a classification of blood pressure level based on expert
knowledge, which is represented in fuzzy rules using the Mamdani type classifier. This
allowed for the development of various architectures in type-1 and type-2 fuzzy systems,
including a type-2 fuzzy system with adjustable intervals and with triangular, trapezoidal,
and Gaussian membership functions.

Fuzzy and linguistic variables can be effectively applied to complex or unexpected
situations and are often represented by second-order fuzzy sets [7]. For example, second-
order fuzzy sets are most widely used for fuzzy recognition, decision making, knowledge
classification, medical diagnosis, clustering, control systems, databases, and so on [8–13].
The use of fuzzy logic theory and linguistic variables can reduce the impact of inaccuracies
in the description of the patient’s condition regarding the accuracy of the diagnosis and
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disease treatment scheme. Thus, based on the similarity of fuzzy numbers of the second
order, in [13,14], a method is presented that allows for carrying out the choice of the most
appropriate medical treatment. The authors of [13] developed a new measure of similarity
of fuzzy sets of the second order, based on the difference in proportions, geometric distance,
height, and distance to the center of gravity of two fuzzy numbers, on which the choice of
treatment methods is based.

In [15], a method based on type 2 fuzzy logic (DT2FL), high performance computing,
and cognitive science is proposed. It allows for the analysis of Magnetic resonance imaging
(MRI) data within a massively parallel and distributed architecture of virtual mobile
agents. In [16], a computer diagnostic model for the accurate diagnosis of coronary heart
disease based on advanced fuzzy cognitive state space maps (AFCMs), an evolution of
traditional fuzzy cognitive maps, was proposed. It is shown that the AFCM approach in the
development of fuzzy cognitive maps is superior to the traditional approach of coronary
heart disease diagnosis.

The combined use of fuzzy logic and neural network methods [17,18] is used indirectly
in patient state classification systems through their direct application in accelerating data
processing in relational and NoSQL databases.

Some studies apply logic theory based on automata models, in particular in [19], using
the Mili automaton. In this work, a binary Hartley measure for estimating the changes in
structural tissue topology was calculated and a method of automated diagnostics based on
the analysis of pathology indicators was developed.

Application of the logic-based regression approach allows for obtaining binary results
using logical combinations of predictors, to form easily interpretable models [20–22]. In [21],
a fuzzy generalized multifactorial dimensionality reduction method is proposed, where the
fuzzy sets apparatus is used as a combined analysis to identify cause–effect relationships of
genetic diseases. The application of linguistic rules in [23] with the use of fuzzy inductive
reasoning, allows for obtaining qualitative relationships between the variables that make
up the system, and to predict the behavior of the system under study.

The analysis of the presented works has shown that for data with a small set of
parameters, it is not always effective to use standard methods of mathematical statistics to
solve the problem of belonging to a particular class. In particular, for data with a number
of parameters less than five, it is advisable to use combined methods of research. Most
often, the methods of fuzzy logic and mathematical statistics are combined. In this article,
it is proposed to combine methods of mathematical statistics theory and boolean logic. A
comparative analysis with the combination of methods of mathematical statistics and fuzzy
logic is carried out, and it is shown in what cases what combination is better to use.

One of the potential disadvantages affecting the application of fuzzy logic methods in
general and for data analysis in particular is the often limited interpretability of the results
they produce. The interpretability of model results can be greatly improved by identifying
significant attributes that can be relied upon to make decisions. This can be achieved by
applying boolean logic.

3. Classification Methods Based on Mathematical Statistics, Fuzzy and Boolean Logic3

This section discusses two methods of classifying objects. The first method uses the
apparatus of mathematical statistics and fuzzy logic, and the second approach uses the
basics of Boolean logic.

3.1. Classification by Means of Mathematical Statistics

Let k be the number of classes, j is the number of current class, i is the number of
parameters in the current class, lj is the number of objects of class j in the training set, dij
is the vector of the i-th parameter values of the j-th class over the whole training set, Aj is
the vector of the test record parameter values for the j-th class, Aij is the value of the i-th
parameter in the j-th class, and n is the number of test records.
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Step 1. Calculate the average values and standard deviations (SD) for each parameter
of each class in the training set.

Step 2. Calculate the range of observed trait values specific to each value of the
integrated trait in the training set for each class. The left boundary of the range is obtained
by subtracting the SD from the average value, and the right boundary is obtained by
summing the SD and the average value.

Step 3. For each parameter of the test record, check whether the value belongs to the
range (calculated in step 2) of each class. If the value belongs to the range, it is replaced by
“1”, otherwise it is replaced by “0”. As a result, the test record will be a vector Ai of zeros
and ones. Do this operation for each class. The result will be a set of vectors {Ai}, i = 1, ..., k.
Each vector corresponds to a certain class.

Step 4. Find the sum of values of each vector Ai. The result will be a vector B = (bi),
i = 1, ..., k.

Step 5. Find the maximum value among the elements bi, i = 1, ..., k. The number of the
maximal element will correspond to the number of the class to which the object belongs.

Note. In some cases there can be r (r ≤ k) maximal elements among elements bi,
i = 1, ..., k. In this case, it is necessary to calculate the probability of belonging of the
observed object to the given classes: p = 1/r.

The disadvantage of this method is that the method allows for determining, with some
probability, the object belonging to a given class, but does not give an exact explanation
on the basis of presence of influence of what parameters and absence of influence of what
parameters the decision on object classification is made.

To eliminate this disadvantage, the method can be improved by pre-calculating the
weight for each parameter of each class. In this case, a number of steps are added to the
method described above.

Improvement of method 1.

Step 2.1. Define the parameter weight as wi =
∑

lj
j=1 dij

lj
, i.e., as number “1” divided by

the total number of records in the given class.
Step 3.1. Find the product of vector values wi and Ai. In other words, find the sum of

the products of the obtained weights by the value “0” or “1” corresponding to the given
i-th parameter of the j-th class. In fact, the probability of getting the value in the given
range is found.

This method differs from the previous one in the fact that when estimating the prob-
ability of the object belonging to each class, the influence of each individual parameter
on the decision about classification is taken into account. In this case, for each class, the
influence of the same parameter on the resulting value can differ significantly.

Improvement of method 2.
It is possible to increase the accuracy of the solution, if, at step 2, we replace the

definition of the direct hit of the parameter value in the range by the value of the function
of belonging of this parameter to a given range.

Figure 1 shows a flowchart of the method.
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Figure 1. Flowchart of the method of classification by means of mathematical statistics (with
improvements).

3.2. Classification Based on Boolean Logic

Boolean-based classification consists of constructing a logical function for each class in
order to determine its membership. This classification method is suitable only for data that
already have class labels. The following steps are required to build the desired function:

1. Divide the whole set into sub-sets for each of the N classes.
2. Calculate average values, SD, and value ranges for each parameter, for each of N

classes (Section 2).
3. Construct tables of “0” and “1” based on values falling within the ranges found

(Section 2).
4. Construct a truth table based on the number of parameters. Write “1” to the values

of the functions (for each class a different function) on those rows of the table which
correspond to the rows from the obtained tables of item 3, not taking into account
the duplicates.

5. Construct a perfect normal disjunctive form (NDF) using the truth table obtained.

Figure 2 shows a flowchart of the method.
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Improvement of method.
When checking whether an object belongs to a given class, it is also possible to apply

fuzzy logic as in the method based only on mathematical statistics and described above. In
this case, in the formula of the perfect normal disjunctive form before each parameter, the
degree of membership will appear as a multiplier:

Class =
r
∨

j=1

m
∧

i=1
µ(xi)Bi

where m is the number of parameters and r is the number of conjunctions obtained from
the truth table.

4. Input Data for Testing Methods

The input data for testing the methods for determining the significant parameters and
solving the classification problem on their basis are represented by two different sets. The
first set contains the records of four users (A, B, C, and D) about the keyboard operation
on a mobile phone. For each record, there are five parameters: typing speed, % deletions,
accuracy of hitting keys, number of T9, and user ID. This set contains 80 records, 76 of
which are training records and the rest are test records. Some of the training data from this
set are shown in Table 1. The test data are shown in Table 2.
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Table 1. Training data of the first set.

Speed of Typing Deletion Rate Accuracy of Key Hitting Number T9 Class

115 8 56 32 A
119 1 62 12 B
116 9 59 37 A
111 16 54 34 D
113 17 60 40 D
124 6 85 35 B
127 17 85 90 C
114 18 64 44 D
128 19 88 95 C
124 6 86 36 B
127 25 100 95 D
125 7 88 38 B
115 19 69 49 D
116 19 72 52 D
117 9 61 39 A

Table 2. Test data of the first set.

Speed of Typing Deletion Rate Accuracy of Key Hitting Number T9 Class

123 10 70 69 C
120 12 86 66 C
124 8 100 93 C
127 12 89 73 C

The second set contains records of patients, some of whom have heart disease and
some of whom do not. The data set is taken from the social network of data processing and
machine learning specialists Kaggle [24]. Each record has the following parameters: age,
sex, type of chest pain (four values), resting blood pressure, serum cholesterol in mg/dL,
fasting blood sugar, resting ECG results (value of 0, 1, or 2), achieved maximum heart rate,
etc. There is also information for each entry about whether the patient has a heart condition
(0 or 1). The set consists of 303 records. For classification purposes, this set was divided
into a ratio of 90% and 10% into training records and test records, respectively. An example
of such data is presented in Table 3.

Table 3. Second set of data.

Age Sex Cp Trestbps Chol Fbs Restecg Thalach Exang Oldpeak Slope Ca Thal Target

63 1 3 145 233 1 0 150 0 2.30 0 0 1 1
37 1 2 130 250 0 1 187 0 3.50 0 0 2 1
56 1 1 120 236 0 1 178 0 0.80 2 0 2 1
57 0 0 120 354 0 1 163 1 0.60 2 0 2 1
57 1 0 140 192 0 1 148 0 0.40 1 0 1 1
56 0 1 140 294 0 0 153 0 1.30 1 0 2 1
44 1 1 120 263 0 1 173 0 0.00 2 0 3 1
52 1 2 178 199 1 1 162 0 0.50 2 0 3 1
57 1 2 150 168 0 1 174 0 1.60 2 0 2 1
54 1 0 140 239 0 1 160 0 1.20 2 0 2 1
48 1 1 130 266 0 1 171 0 0.60 2 0 2 1
64 1 3 110 211 0 0 144 1 1.80 1 0 2 1

The test was repeated 25 times on both samples. The following are the averaged results
and the results of one test are shown as an example.
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5. Testing the Classification Approach Based on Mathematical Statistics

In this section, the results of testing two methods of object classification are considered.

5.1. Testing on the Mobile Phone Data Set

For the first set, the average values, SD, and value ranges for each individual were
calculated. Table 4 shows the obtained mean values, SD, and value ranges, respectively.
Table 5 shows the results obtained by the first method.

Table 4. Average values (AV), standard deviations (SD), and values ranges (VR).

Class Speed of Typing Deletion Rate Accuracy of KEY Hitting Number T9

AV SD VR AV SD VR AV SD VR AV SD VR

A 2.384 119.611 (117.227–121.995) 0.833 9.833 (9–10.666) 6.455 69 (62.545–75.455) 8.043 48.611 (40.568–56.654)
B 2.071 123.1 (121.029–125.171) 2.071 5.10 (3.029–7.717) 9.615 80.55 (70.935–90.165) 9.935 30.70 (20.765–40.635)
C 4.011 123.263 (119.252–127.274) 6.783 10.789 (4.006–17.572) 14.567 70.10 (55.533–84.667) 20.432 71.684 (51.252–92.116)
D 3.776 117.947 (114.171–121.723) 6.783 19.947 (13.164–26.73) 12.59 79.263 (66.673–91.853) 14.745 60.053 (45.308–74.798)

Table 5. Results obtained by the first method.

Record
Number

Number of Units Output
A B C D

1 2 2 4 2 C

2 1 2 3 3 C with a probability of 0.5 or D
with a probability of 0.5

3 0 2 2 0 B with a probability of 0.5 or C with
a probability of 0.5

4 0 1 3 1 C

The results obtained using fuzzy logic and trapezoidal identity function for each
interval are shown in Table 6.

Table 6. The results obtained by improving method 2.

Record
Number

Number of Units Output
A B C D

1 2 2 4 2 C

2 1 2 4 2 C

3 0 2 2 0 B with a probability of 0.5 or C with
a probability of 0.5

4 0 1 3 1 C

The probability of a record belonging to a certain class is calculated by the following
formula: P(x) = 1/m, where m is the number of elements equal to the maximum value of
parameters. Table 7 uses this formula to calculate the probability of belonging to class C for
record number 3.
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Table 7. Example of weight calculation for parameter A.

Class A

Speed of Typing Deletion Rate Accuracy of Key Hitting Number T9

0 0 0 0
0 1 0 0
0 1 0 0
0 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1

55% 72% 66% 66%

Table 7 shows an example of the weight calculation for parameter A. Table 8 shows
the found weights (probabilities) for each parameter of each class.

Table 8. Weights in all parameters of the four classes.

Class Speed of Typing Deletion Rate Accuracy of Key Hitting Number T9

A 55% 72% 66% 66%
B 70% 70% 70% 70%
C 63% 100% 63% 68%
D 63% 63% 63% 68%

Table 9 shows the results obtained after using the weights.

Table 9. The result obtained by improving method 1.

Record Number
Number of Units Output

A B C D

1 0.345 0.35 0.6425 0.3275 C
2 0 0.35 0.6425 0.3275 C
3 0 0.175 0.3275 0.25 C
4 0 0.175 0.485 0.3275 C

According to the results obtained, we can confidently say that all the test records
belonged to class C. The advantages of the method with two improvements were its
simplicity and the relatively short time needed to calculate the necessary parameters. The
disadvantages included the possible problem of classifying two or more objects with the
same values (number of units or sum of products). This problem did not arise in this set. In
addition, as with any other classification algorithm, prediction accuracy depended strongly
on the amount of training data. On this set, the prediction accuracy was 100%.

5.2. Testing an Approach Based on a Set of Heart Disease Data

For the second set, the same steps as for the first set were performed. Table 10 shows
the obtained value ranges, respectively.

Table 10. Range of values.

Class Border Age Sex Cp Trestbps Chol Fbs Restecg Thalach Exang Oldpeak Slope Ca Thal

0 bottom 48.6 0.43 −0.4 115.5 205 −0.208 −0.118 115.7 0.01 0.281 0.6 0.145 1.9
0 upper 64.3 1.20 1.4 153.4 302 0.520 0.970 162.1 1.01 2.887 1.7 2.265 3.2
1 bottom 42.8 0.08 0.4 113.4 186.5 −0.208 0.060 139.1 −0.20 −0.209 0.99 −0.512 1.6
1 upper 61.8 1.07 2.4 145.5 295.4 0.513 1.080 178.2 0.50 1.377 2.2 1.201 2.6
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Table 11 shows the found weights (probabilities) for each parameter of each class.

Table 11. Weights of parameters.

Class Age Sex Cp Trestbps Chol Fbs Restecg Thalach Exang Oldpeak Slope Ca Thal

0 0.680 0.820 0.828 0.721 0.697 0.844 0.598 0.664 0.516 0.623 0.664 0.541 0.934
1 0.623 0.576 0.662 0.689 0.762 0.848 0.556 0.709 0.854 0.815 0.947 0.921 0.775

As there are a lot of training data, Tables 12 and 13 show only part of the results obtained.

Table 12. Part of the results obtained without improvements.

Record Number
The Sum of the Products of Weights

Output
0 1

1 8 6 0
2 8 10 1
3 6 11 1
4 10 11 1
5 13 7 0
6 9 7 0
7 9 4 0

Table 13. Part of the results obtained after improvements.

Record Number
The Sum of the Products of Weights

Output
0 1

1 0.443 0.329 0
2 0.458 0.599 1
3 0.373 0.650 1
4 0.575 0.638 1
5 0.702 0.396 0
6 0.497 0.400 0
7 0.447 0.234 0

The accuracy of the results obtained after the method improvements was 90% and 77%
without improvements. The results confirm that the application of fuzzy logic methods
and the addition of weights could improve the quality of classification.

The confusion matrix of the results for a given data set after applying the method with
improvement is shown in Figure 3.

According to this matrix, the main indicators were calculated as follows:

Accurancy =
TP + TN

TP + TN + FP + FN
=

27
30

= 0.9

Precision =
TP

TP + FP
=

16
17

= 0.94 (1)

Fscore =
TP

TP + FN
=

16
18

= 0.89 (2)

The calculated values show the high accuracy and efficiency of the method.
To evaluate the quality of the proposed method and its improvement, we compared

the results of its work with the known methods k-means and k-medoids, since the number
of classes in our case is known in advance and is equal to 4 for the first test set and 2 for the
second. The results of the methods are shown in the Table 14.
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Figure 3. The confusion matrix of the results.

Table 14. Results of the comparison of methods.

The
Proposed
Method

Improving the
Method by

Adding Weights

Improving the
Method by

Applying Fuzzy
Logic

k-Means k-Medoids

Data set 1 0.75 1 1 0.75 1
Data set 2 0.9 0.77 0.91 0.89 0.91

The results confirm the quality of the methods and their application to the classification
of objects.

5.3. Testing an Approach Based on Boolean Logic

This method applies only to the first set of data. For example, the normal form for
class C looks like this:

ClassC =
¯
X1

¯
X2

¯
X3

¯
X4 V

¯
X1

¯
X2 X3 X4 V X1 X2

¯
X3 X4 V X1 X2 X3 X4

The result of the classification of test data using these functions is presented in Table 15.

Table 15. The result of a normal form.

Record Number
The Result of a Normal Form Output

A B C D

1 0 0 1 0 C
2 0 0 1 0 C
3 0 0 1 0 C
4 0 0 1 0 C

According to the results, it is possible to conclude that all records belong to class C.
This has its own disadvantages:

• Too cumbersome notation of the resulting function with a large number of parameters,
and a quadratic dependence of the size of the truth table, which with a large enough
number of parameters (such as images) can occupy a lot of memory.

• If in the first method under uncertainty the result can be obtained that the object with
different probability belongs to three or more classes, in this method, it is always only
one or two classes.
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The advantage of this method is that it is always possible to tell why an object belongs
to a given class. For example, object 2 belongs to class C because it has a low typing speed,
high accuracy of hitting keys, frequent use of T9, and rare erasing. Object 3 belongs to class
C because it has a high typing speed and this parameter defines everything. The set of
explanations for this will be limited. However, these explanations are more significant than
just the presence of the fact of hitting the interval.

6. Conclusions

As a result of the study, the task of classifying objects of two different sets by methods
of mathematical statistics and boolean logic with fuzzy logic was solved, and the accuracy
of the obtained solutions was compared. For classification using two methods on the basis
of mathematical statistics, on the first set of data accuracy for prediction was 100% in both
cases, and on the second set was 90% and 77%.

The method based on boolean logic showed a higher accuracy for the first data set.
However, as the parameters in the set grow and the amount of data grow, the formula
for determining the object to a certain class will become very complicated and most likely
show a decreasing quality. This requires additional research in the future.

These results indicate the possibility of using these methods in practice, but it should
be understood that the results are highly dependent on the amount of input data. When
classifying with boolean-based methods, it is possible to explain more precisely on the
basis of which parameters a decision is made. Explanation is achieved by the fact that it is
possible not just to say which parameters with what probability influenced the decision,
but also which parameters’ absence influenced the decision. This can be important, for
example, in the diagnosis of Parkinson’s disease, when according to medical methodology,
some parameters must be present and three specific parameters must be absent in order to
rule out another disease.
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