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Abstract

Understanding the decisions taken by machine learning systems is instru-
mental in their deployment in real-world systems, as it enables responsible
decision-making, fosters trust, and facilitates debugging and improvement.
The research field devoted to studying the techniques that explain and il-
lustrate those decisions is called explainable AI. Fuzzy logic, with its in-
terpretable fuzzy rule-based inference, has emerged as a popular tool for
Explainable AI because of these interpretable classifiers. However, current
fuzzy logic libraries provide limited inference capabilities and integration to
machine learning or are only available in the Java or R language, which makes
their integration with the standard machine libraries in Python challenging.
This paper describes a software library that contains a Python implemen-
tation to perform fuzzy inference using different kinds of fuzzy sets, with
a special focus on result visualization. This library follows the scikit-learn
programming interface, enabling researchers to utilize it with minimum fuzzy
logic background seamlessly. This toolkit unveils novel tools for programming
fuzzy systems that are learnable using machine learning methods, leading to
data-powered systems that maintain full transparency and accountability,
accessible to virtually anyone without specialized AI training. The inter-
pretability of these systems makes them highly valuable in industries like
healthcare, law, and security.
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1. Introduction

Fuzzy logic is one popular tool used in the field of AI to solve classi-
fication and regression problems [1]. The basis of fuzzy logic consists of
giving real numbers as degrees of truth instead of the classic true or false
values used in classical logic. This formalization naturally models concepts
whose boundaries or definitions are not always exact and can lead to am-
biguities [2]. One of the most important concepts in fuzzy logic is the idea
of a linguistic variable, which consists of mapping an imprecise term that
appears in natural language to a fuzzy membership [3]. For example, when
we say “the submission date was late”, we are implying that the “submission
date” variable took a linguistic value as “late”. Using linguistic variables,
we can model the imprecise reasoning that people use. They can also be
used to build explainable classifiers, which usually take the form of Fuzzy
Rule-Based Classifiers (FRBC) because they detect patterns that take the
form of a series of antecedents and one consequent:

IF x1 is aj1 . . .xn is ajn THEN class j for j = {1, . . . , c} (1)

where x is a multidimensional vector, j is the consequent class, aj is an
antecedent linguistic value for class j, and c is the number of different classes
to discriminate.

However, besides the popularity of fuzzy logic, a consensus library for a
widespread implementation does not exist. Previous research in FRBCs has
led to a wide range of algorithms implemented in Java, which is not easily
integrated with other tools used in scientific programming, such as numpy or
sci-kit learn [4, 5, 6]. In the same way, fuzzy libraries written in Python lack
important functionalities, like missing a proper FRBC implementation [7].
MATLAB fuzzy toolbox is also a popular library used in fuzzy developments,
but it only implements the Adaptive-Network-based Fuzzy Inference Systems
(ANFIS), which is very different from the evolutionary algorithms that are
used in the state-of-art FRBCs up to this day. Although there is some
software to implement them [8], they lack a coherent interface with other
standard scientific libraries.

To solve these problems, we present the “ex-Fuzzy” library in this paper.
This is a library written in Python that follows a similar interface to other
machine learning libraries, which should ease its use for users who are non-
familiar with fuzzy logic. It provides the necessary tools to implement an
FRBC using a genetic algorithm to optimize its parameters. It also provides
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different tools to visualize the rules and linguistic variables obtained in order
to help explain the decisions taken by the FRBC computed. It also supports
the use of different kinds of fuzzy sets: classical, interval-valued, general type
2 and temporal fuzzy sets.

The rest of the paper is as follows. In Section 3, we describe the software
and show various examples of use cases. In Section 4, we compare our soft-
ware module with other fuzzy implementations publicly available. Finally,
in Section 5, we give our conclusions for this work.

2. Motivation of an XAI toolbox based on Fuzzy Logic

Explainable Artificial Intelligence is a hot topic nowadays in artificial in-
telligence as many intelligent systems aim to be transparent and accountable.
There are toolboxes out there that present to distil or posthoc interpretation
of the output of deep neural networks (purely black model models) [9, 10, 11]
or analyzing gradients [12]; however, there’s an important area of research
which is purely explicit machine learning methods, such as those powered by
human-understandable nested structures like graphs of threes, and of course
simple propositional rules that link symbolic linguistic representations. Fuzzy
sets are capable of encapsulating symbolic conceptual information about a
domain, while fuzzy logic provides a significant methodological approach for
artificial intelligence and machine learning, requiring total transparency in
their reasoning process. Fuzzy logic has been successfully employed with
competitive performance in areas such as neuroscience [13], human-computer
interaction [14, 15], intelligent environments [16]. There are a few compelling
libraries that can help the development of fuzzy systems [17, 18, 19, 20].
However, this ’ex-Fuzzy’ fills a specific niche that the initial library missed,
allowing for the development of fuzzy systems that are learned from data
where explainability is the core focus. This library was crafted in Python
to seamlessly integrate with machine and deep learning libraries, as well as
data science stacks.

3. Software description

3.1. Software architecture

The ex-fuzzy library is formed of a series of modules containing Python
classes and functions to implement the core ideas of approximate reasoning.
An overview of the different functions and modules implemented can be seen
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in the online documentation available. The three key modules implemented
are:

• fuzzy sets.py: this module contains the classes to implement fuzzy sets
and fuzzy variables. An object of the FS() (fuzzy set) class consists of
a fuzzy membership, a name and a domain. This library supports both
Type 1 (T1), Interval-valued (IV), and General Type 2 (GT2). Fuzzy
variables are objects that contain a list of fuzzy sets that represent the
distinct linguistic variables present in that fuzzy variable.

• rules.py: this module implements fuzzy rules and fuzzy rule bases.
Each Rule() object consists of a series of antecedents, which are fuzzy
sets and a consequent. This consequent can be another fuzzy set or
a class. Another form to represent rules is the RuleSimple() class,
which is a list of integers that corresponds to the linguistic variables
in a fuzzy variable. RuleSimple() objects are used within RuleBase()
objects, in order to avoid redundant computations. When dealing with
a classification problem, we also use MasterRuleBase() which consists of
a list of RuleBase() objects, one per each consequent class. Depending
on the type of fuzzy set used, we have implemented a different class,
RuleBaseT1(), RuleBaseT2() and RuleBaseGT2(), which inherit from
the RuleBase() class.

• evolutionary fit.py: this module implements the BaseFuzzyRulesClas-
sifier() class, which is an FRBC classifier that uses a genetic algorithm
to optimize the rules obtained for the classification problem. Some con-
strains like the number of rules or the maximum number of antecedents
can be specified. In order to compute the genetic optimization, we use
the Pymoo library [21]. The class FitRuleBase() implements an object
of the class Problem() in the Pymoo library, which enables the use of
this library to solve this problem.

• utils.py: contains a series of utilities to compute fuzzy partitions using
quantiles extracted from empirical data for all the different fuzzy sets
supported. It also contains a series of functions to operate with tempo-
ral data, like discretizing a continuous temporal variable and assigning
each sample to a different time moment.

• classifiers.py: this module implements different types of fuzzy rule clas-
sifiers based on the BaseFuzzyRulesClassifier class. There are three of
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these. RuleMineClassifier, which first computes all the possible rules
with a minimum of support, confidence and lift measures, and then
looks for the optimal subset [22, 23]. FuzzyRulesClassifier performs a
two step genetic optimization, first it computes a large set of good
rules, and the optimizes them within the number of rules and an-
tecedents constraints. RuleFineTuneClassifier combines the previous
approaches. First, it computes the rules with minimum support, confi-
dence, and lift and then performs the two-step optimization described
in FuzzyRulesClassifier.

• temporal.py: shows an example of how to extend the ex-fuzzy library.
In this case, to support temporal fuzzy sets [23], which also requires
the addition of temporal fuzzy variables and temporal fuzzy rule bases.

The rest of the modules contain methods to compute the centroid of
IV datasets (centroid.py); evaluate and FRBCs metrics like support, confi-
dence and dominance score (eval rules.py); evaluate classification in general
(eval tools.py); persistence of the rules obtained (persistence.py); mine rules
with minimum values of support, confidence and lift (rule mining.py) and
visualize the results and patterns discovered (vis rules.py).

3.2. Software functionalities

Ex-Fuzzy implements a wide set of tools to analyze fuzzy rule systems
and visualize its results. Additionally, it also provides with functions to
generate and optimize fuzzy partitions from the data and to evaluate the
results obtained using the classifiers (Figure 1). The library includes support
for different types of fuzzy sets: T1, T2, GT2 and temporal fuzzy sets.

Fuzzy classification is supported using a genetic algorithm to search for
the rules obtained for each dataset (Figure 2). This optimization process
is implemented using the Pymoo library [21]. The fitness function is the
Matthew Correlation coefficient:

MCC =
(TP × TN)− (FP × FN)√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(2)

where TP is true positive, TN means true negative, FP is false positive, and
FN is false negative. We also add two conditions to regularize the size of
the rule bases. One for minimizing the number of rules, and another one to
minimize the number of antecedents per rule:
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l1 =
1

R

R∑
i=1

nAnts(ri)

maxAnts
, (3)

l2 =
1

R

R∑
i=1

ds(ri) > h, (4)

where ds(r) is the dominance score of the rule r, h is the minimum dominance
score threshold, and R is the number of rules in the rule base.

We combine them using a convex combination between the MCC and the
sum of these two additional losses, so that the final fitness function f is:

f = 0.95 ∗MCC + 0.05 ∗ (l1 + l2). (5)

The library also supports optimizing the linguistic variables in the opti-
mization process and using a custom fitness loss.

Once an FRBC has been trained, we can visualize the rules obtained by
printing them (Figure 3) or exporting them to latex tabular format (Figure
4). We can also show the importance of each rule (For more details about this,
see reference [23]) and plot the antecedents in a network structure (Figure
5). This network structure can also be exported in the gexp format used in
the Gephi library [24].

Ex-Fuzzy can also easily export and import rules from plain text using
the format displayed in Figure 3. This can be especially useful to reuse rules
without using binary formats. Besides, it can also be used to create rule
bases manually.

The library comes with a series of demos so that users can easily famil-
iarize themselves with these functionalities.

4. Comparison with available modules

Most of the previous software regarding fuzzy rules has been developed
using Java. One of the most notable libraries in this sense is Juzzy [18]. Juzzy
contains the tools to model T1 and T2 fuzzy sets, focused on regression and
control problems. However, no classification algorithm is provided. It was
originally designed to be used in cloud/web applications, which is why it was
implemented in Java.
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Figure 1: Fuzzy variable visualization for three linguistic variables using three different
kinds of fuzzy sets.

One of the most popular pieces of software used for the development of
FRBC is Keel, which focuses on fuzzy evolutionary algorithms and its corre-
spondent online dataset repository [26]. A fair amount of research in fuzzy
evolutionary algorithms has used this tool as a basis for further developments
[4, 27, 22], but its Java implementation has made it difficult to add in the
same workflow as other scientific libraries, like Scipy. This has limited its
impact outside the fuzzy community. Besides, Java implementation presents
other problems, like the lack of a native interface for vectorized computing,
which is extremely important for scientific computation [28].

The most important fuzzy library in Python is scikit-fuzzy [7], which
consists of a series of tools to perform different kinds of fuzzy data mining.
It also supports different kinds of membership and fuzzy sets. Besides, one of
its most remarkable features is the implementation of the c-means algorithm
to perform fuzzy clustering [29]. Scikit-fuzzy is a popular library. However,
it is focused only on control and regression problems, which are less popular
problems in the literature than classification. So, its penetration outside the
fuzzy community has also been limited.

5. Conclusions

In this paper, we have presented the ex-Fuzzy library for Python. This
library contains the necessary functions to perform fuzzy inference using dif-
ferent kinds of fuzzy sets and supports both regression and classification
problems using genetic optimization. It also provides an interface compara-
ble to other scientific libraries (i.e. scikit-learn), so that users that are not
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1 import pandas as pd

2 from sklearn import datasets

3 from sklearn.model_selection import train_test_split

4

5 import ex_fuzzy.fuzzy_sets as fs

6 import ex_fuzzy.evolutionary_fit as GA

7 import ex_fuzzy.utils as utils

8 import ex_fuzzy.eval_tools as eval_tools

9

10 # Set hyperparameters

11 n_gen = 50

12 n_pop = 30

13 nRules = 15

14 nAnts = 4

15 vl = 3

16 tolerance = 0.01

17 fz_type_studied = fs.FUZZY_SETS.t1

18

19 # Load the iris dataset

20 iris = datasets.load_iris ()

21 X = pd.DataFrame(iris.data , columns=iris.feature_names)

22 y = iris.target

23 X_train , X_test , y_train , y_test = train_test_split(X, y,

test_size =0.33 , random_state =0)

24

25 # Train the FRBC

26 precompute_partitions = utils.construct_partitions(X,

fz_type_studied)

27 fl_classifier = GA.BaseFuzzyRulesClassifier(nRules ,

precompute_partitions , nAnts ,

28 vl, fz_type_studied , tolerance)

29 fl_classifier.fit(X_train , y_train , n_gen=n_gen , pop_size=

n_pop)

30

31 eval_tools.eval_fuzzy_model(fl_classifier , X_train , y_train ,

X_test , y_test ,

32 plot_rules=True , print_rules=True , plot_partitions=True)

Figure 2: Classification example. Code example required to run a FRBC in the Iris
dataset.
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Rules for consequent: 0

----------------

IF sepal width (cm) IS High WITH DS 0.06609379048467275

IF petal length (cm) IS Low WITH DS 0.33312911495032443

IF petal length (cm) IS Low WITH DS 0.33312911495032443

Rules for consequent: 1

----------------

IF petal length (cm) IS Medium AND petal width (cm) IS Medium

WITH DS 0.8615857305145669

Rules for consequent: 2

----------------

IF sepal width (cm) IS Medium AND petal length (cm) IS High

WITH DS 0.39182329323731413

IF sepal width (cm) IS Low WITH DS 0.10615268772642006

IF petal length (cm) IS Medium WITH DS 0.018046949473796342

IF sepal width (cm) IS High AND petal length (cm) IS High

WITH DS 0.19932835296119167

Figure 3: Rules output example. Some of the rules obtained as a result of executing
the code in Figure 2.

Consequent sepal length (cm) sepal width (cm) petal length (cm) petal width (cm) DS Acc

1
0.23 0.86
0.45 1.00

2 0.23 0.94

3
0.11 0.67
0.25 0.67

Figure 4: An example of a rulebase exported for tabular format in latex. → low,
→ medium, → high, → irrelevant. DS stands for dominance score, and Acc. for the

accuracy obtained by each rule in the samples where it fired. Colors are only supported
when using three linguistic labels.
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Figure 5: Network visualization of the antecedents of the rules obtained in Figure 3
using the Gephi tool [24]. It is also possible to use the networkx library to visualize the
network, but the creators of this library do not recommend using it for visualization [25]

Table 1: Code metadata

Nr. Code metadata description Please fill in this column

C1 Current code version 1.0.4
C2 Permanent link to code/repository used of this code version https://github.com/Fuminides/ex-fuzzy

C3 Legal Code License GPL
C4 Code versioning system used Git
C5 Software code languages, tools, and services used Python
C6 Compilation requirements, operating environments & dependencies Python 3
C7 If available Link to developer documentation/manual https://fuminides.github.io/ex-fuzzy/
C8 Support email for questions j.fumanal-idocin@essex.ac.uk

familiar with fuzzy logic can easily train a FRBC just as any other kind of
machine learning classifiers. Besides, we also provide a series of tools to eas-
ily compute fuzzy partitions, save and visualize results and rules, and export
them to other tools such as network or Gephi.

We believe that ex-Fuzzy can be particularly useful to fuzzy researchers
interested in classification problems and non-fuzzy researchers interested in
the explainable properties of FRBCs.

6. Required metadata

See Table 1.
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