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Abstract—The current growth of interest in the field of
eXplainable Artificial Intelligence has led to the rise of multiple
explanation generation techniques to bridge the gap between the
algorithmic complexity of the most powerful algorithms and their
end users, who are expected to take advantage of them.

In addition, explanations can assist with other tasks, such
as explaining the algorithm to a model designer, who can use
that information to fine-tune the system that implements such
an algorithm. This gives the model designer some insight into
the inner workings of the system to guide design decisions as
well as identify and prevent potential errors, resulting in a
myriad of improvements regarding model properties such as
accuracy, explainability, trustworthiness, coherence with existing
knowledge, etc. In this paper, we introduce a method to enrich
local explanations of fuzzy decision tree classifications with
context information. The goodness of the proposed method was
validated with a user study in which 26 participants had to detect
classification errors made by a fuzzy decision tree. Reported
results show that enriched explanations allowed the participants
to be more accurate in detecting errors in the classification
system, albeit taking longer to solve the task with respect to
participants who were shown regular local explanations.

Index Terms—Explainable AI, Trustworthy AI, Interpretable
Fuzzy Systems, Fuzzy Decision Trees, Factual Explanations,
Error Analysis

I. INTRODUCTION

In recent times, we have experienced a massive rise in the
amount of available data, which has led to new, more complex
models to be developed to tackle a wide range of tasks [1]–[3].
The problem arises when these new models are accompanied
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by a decrease in interpretability [4]. In certain critical fields,
e.g., medicine, aviation, law, etc., users may need to trust the
models before deploying them, given the consequences of the
decisions such models can promote.

The omnipresence of this increase in the use of models
has even caused legislation to appear to regulate it. The
General Data Protection Regulation (GDPR) [5] is a European
regulation that, among other things, contemplates the right to
explanation, which is not only applicable to humans but also
to machines and Artificial Intelligence (AI) techniques. The
European AI Act1 goes a step forward, paying special attention
to high-risk applications when regulating the development of
human-centric Trustworthy AI, which is demanded to be well
aligned with European values.

All of this motivates the rise of a new research field, eX-
plainable AI (XAI) [6], [7], intending to push interpretability
and explainability into AI models so as to gain an understand-
ing of their inner working, which can enable them to be used
in sensitive applications. XAI research into the generation of
new explanation techniques is gaining a lot of popularity, to
the point where there are multiple taxonomies [6], [8] that
divide these techniques into groups, depending if they are
model agnostic or model specific, if they are local explanations
or global explanations, if they are ad-hoc or post-hoc, etc.
These different techniques are also tested through human
evaluation [9], [10] to determine the best way of explaining
the model to end users.

We can push the usefulness of explanations even further.
There is a possibility of using explanations for error analysis
[11], and XAI techniques can help to detect false predictions
[12]. Indeed, the so-called Error Analysis can help data sci-
entists get a deeper understanding of machine learning model
errors. Accordingly, this paper focuses on using context-aware
local explanations to detect errors made by a fuzzy white
box classifier, in this case, a Fuzzy Decision Tree. The main
contributions of the paper are:

1https://artificialintelligenceact.eu/
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• First, we propose a novel way of extracting context
information automatically from a Fuzzy Decision Tree.

• Second, we propose a novel method for generating a
context-aware local explanation for each data instance
classified by a Fuzzy Decision Tree.

• Third, we carry out a user study in which we survey a
group of experts in fuzzy systems with the aim of vali-
dating the utility of context-aware local explanations for
assisting in the error analysis task. Half of the participants
interact with context-aware local explanations. The rest of
the participants interact with regular local explanations.

The rest of the paper is structured as follows. Section II
describes the current state of the art. Section III introduces
some necessary concepts and notation. Section IV illustrates
which are the research questions we are trying to answer and
how the survey has been designed. Section V explains the ma-
terial employed, how the context information and explanations
are generated, and includes an illustrative example. Section VI
describes and discusses the survey results. Finally, Section VII
provides readers with concluding remarks and points out some
future lines of work.

II. RELATED WORK

Fuzzy classifiers [13] are a specific kind of fuzzy model
which can predict a discrete (crisp) target variable, i.e., the
class. Fuzzy rule-based classifier systems (FRBCS) are a
specific type of fuzzy classifier defined by a set of rules
with the class variable as consequent and a subset of the
predictive fuzzy variables as antecedent. Fuzzy Decision Trees
(FDT) [14] are a knowledge representation for fuzzy rule-
based classifiers. We focus on FDT as the fuzzy rule-based
model to be explained, since it is a widely employed algorithm
in cases where the knowledge needs to be induced from data.
However, the proposed method can be generalized for other
types of FRBCS. The implementation used in this paper is
the Fuzzy Multiway Decision Tree described in [15], using
the aggregated vote process to compute the class value.

Regarding explanations, one important distinction within
XAI taxonomy is whether the method generates a local or
a global explanation. A local explanation is a particular type
of explanation that focuses on a single instance and the neigh-
borhood around it, while global explanations aim to explain
the entire behavior of the model. Factual explanations [16],
[17] are a common type of local explanations, which can be
defined as an answer to the question about why a particular
instance is classified into a certain class value.

A well-established method of extracting factual explanations
for decision trees is by using the path from the tree’s root to the
leaf that classifies the instance as a decision rule. This method
is simple enough to extract an explanation from a crisp tree,
where only a single leaf node is activated. In addition, there
are different ways of extracting a local explanation from a
fuzzy tree where multiple leaf nodes can be activated. One
such option is to use the path with the maximum activation
degree as the factual explanation, which works best together

age 15 25 45

teen young adult

Fig. 1. Illustrative example of Ruspini Partition for age.

with trees that use maximum matching to determine the output
of the class value [18].

The FDT chosen in this paper uses aggregated vote, which
considers all the fired leaf nodes. This is why the factual
explanations for this tree are extracted using the mr-factual
method described in [16]. This method considers all the rules
that have been used for the classification and selects one or
multiple rules to explain an instance. The added activation
degree of all the rules with the classified class value with
respect to the added activation degree of the rest of the class
values is the metric by which the rule or rules are then selected.

Finally, it is worth noting that the idea of enhancing
local explanations by using global knowledge has already
been discussed in the literature. In [19], the authors turn
local Shapley values into global explanations by means of
functional decomposition. Other publications propose merging
local and global explanations, for example, through feature
importance [20], concept relevance [21], saliency maps [21]
or strategy summaries [22].

III. PRELIMINARY CONCEPTS

In this section, let us begin with the revision of some
related concepts. In a classification problem, an instance
x = (x1, . . . , xn) ∈ X1 × · · · × Xn, where X1, . . . ,Xn are
n sets of input variables, is mapped to a decision y ∈ Y =
{y1, . . . , ym} by a function (classifier) f : X1×· · ·×Xn → Y .
We write f(x) = y to denote the classification y given
to x. Let us assume that, associated with each continu-
ous input variable Xi, there is a fuzzy (linguistic) variable
Fi = {vi,1 . . . , vi,ki} defined through a Ruspini partition [23]
(Strong Fuzzy Partition, SFP) of ki ordered fuzzy sets (see
Figure 1), where F is the set of all fuzzy (linguistic) variables.
We use vi,zi to denote both the fuzzy set and its corresponding
associated linguistic label, indistinctly. Notice that a triangular
fuzzy set is defined by a triple of real-valued points (start,
modal point, end). For example, in Figure 1, we have teen =
(15, 15, 25) and young = (15, 25, 45).

Given a value δ ∈ dom(Xi), let µi(δ) =
(µi,1(δ), . . . , µi,ki

(δ)) be the vector of membership degrees
of δ to the ki fuzzy sets of Fi. In other words, µi,zi(δ) is the
membership degree of δ to the set vi,zi .

Let e = {r1, . . . , re} be an explanation formed by one (or
more) fuzzy decision rules. Each rule r = P (r) → y(r)
consists of a set of premises in conjunctive form P (r) =
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ps1 ∧ · · · ∧ psr and an outcome y(r) ∈ Y . Each premise
pi = ⟨Fi, vi,zi⟩ is an attribute-value pair where Fi is a fuzzy
variable and vi,zi is one of its corresponding fuzzy sets.

One property of multi-rule explanations is that, given an
explanation e that explains the instance x, then y(r) = b(x)
for all r ∈ e. Fuzzy rules differ from crisp rules in that, while
a crisp rule has a binary (0 or 1) match with an instance x, a
fuzzy rule r has a matching degree with the instance, md(r, x),
defined as:

md(r, x) = min
i∈{s1,...,sr}

{µi,zi(xi)} ∈ [0, 1].

Let t() be a Fuzzy Decision Tree (FDT) whose decision-
making process needs to be explained, learned from a training
dataset TR = {(xt

1, . . . , x
t
n, y

t)}Tt=1. Each leaf node h of the
FDT is formed by multiple class values with a weight each,
meaning each branch can be written as the set of rules with the
premise formed by each decision node and one of the classes
in h. Let Rt be the ruleset composed by all the rules extracted
from t. Each rule r ∈ Rt has a weight w(r) that is used to
compute the activation degree of the rule and an instance x,
AD(r, x), defined as:

AD(r, x) = md(r, x) · w(r)

For a given set of instances X and a ruleset Rt, let us denote
X(r) = {x ∈ X | AD(r, x) > 0}, Ry

t = {r ∈ Rt | y(r) = y}
and Rt(vi,zi) = {r ∈ Rt | vi,zi ∈ P (r)}.

We define the mean of the activation degrees of a rule r
for a dataset X as the sum of the activation degrees of that
rule and each instance of the dataset, divided by the number
of instances that r fires, i.e.:

mAD(r,X) =

∑
x∈X(r) AD(r, x)

|X(r)|
.

In addition, the mean of activation degrees of a fuzzy set
vi,zi for X in a ruleset Rt is defined as the sum of the mean of
the activation degrees of each rule that has vi,zi in any premise,
divided by the number of rules with vi,zi in any premise, i.e.:

mAD(vi,zi , X,Rt) =

∑
r∈Rt(vi,zi )

mAD(r,X)

|Rt(vi,zi)|
.

We also define the weighted mean of activation degrees
of a fuzzy set vi,zi for X in a ruleset Rt as the product of
mAD(vi,zi , X,Rt) and the number of times each rule in Rt

is fired, i.e.:

wAD(vi,zi , X,Rt) = mAD(vi,zi , X,Rt) ·
∑

r∈Rt(vi,zi )

|X(r)|.

The intuition behind wAD(vi,zi , X,Rt) is as follows. It
represents the average activation degree related to a certain
fuzzy set vi,zi weighted by the number of times it is relevant
in X . Therefore, the more times it appears (as we count any
rule with vi,zi in any premise), the higher the relevance degree
associated with that fuzzy set.

Let us now introduce the context information which includes
the most important fuzzy sets needed to infer a class from a

dataset. Moreover, we define the importance I(vi,zi , X,Ry
t )

for the fuzzy set vi,zi , the dataset X , the ruleset Rt, and the
class value y as:

I(vi,zi , X,Ry
t ) =

wAD(vi,zi , X,Ry
t )∑

Fj∈F
∑

vj,zj∈Fj
wAD(vj,zj , X,Ry

t )
.

where the importance I ∈ [0, 1] and it comes out as result of
dividing the weighted mean of activation degrees of a fuzzy
set by the sum of all weighted means of all fuzzy sets.

Accordingly, we define the important sets of a fuzzy vari-
able Fi and a class y, computed for a dataset X and a ruleset
Rt, IS(Fi, X, y,Rt), as the set of fuzzy sets which have
importance I greater than a threshold th:

IS(Fi, X, y,Rt) = {vi,zi |vi,zi ∈ Fi, I(vi,zi , X,Ry
t ) > th}.

Finally, the context information of a class y, computed for
a dataset X and a ruleset Rt, Ctx(X, y,Rt), is defined as:

Ctx(X, y,Rt) = {⟨Fi, IS(Fi, X, y,Rt)⟩ ∀ Fi ∈ F}

IV. EVALUATION METHODOLOGY

We follow the evaluation methodology introduced in [24],
which consists of two stages: Planning and Execution, in
agreement with the best practices described in [10]. The first
stage determines what will be evaluated, while the second
stage focuses on how the evaluation is carried out.

A. Planning Stage

During the planning stage, we carry out the following steps:
(i) we determine the goal of the evaluation, (ii) we establish
the type of research, and (iii) we set the sample of participants.

The goal of the evaluation is answering to the following
research question:

• RQ1: Does presenting context-aware local explanations
help detect errors of the classifiers better than presenting
regular local explanations?

In order to answer RQ1, we first define the following
hypotheses:

• H1: Users presented with context-aware local explana-
tions will be more accurate in determining if the model
is right or wrong.

• H2: Users presented with context-aware local explana-
tions will be faster in determining if the model is right
or wrong.

There are two types of evaluations we can perform for
testing H1 and H2:

• Qualitative Evaluation focuses on improving the sys-
tem, usually gathering non-numerical data [25], indicat-
ing how the users perceive the system. These evaluations
often employ open-ended questionnaires and free-text
comments.

• Quantitative Evaluation focuses on aggregating numer-
ical data into categories, ordering or measuring data into
appropriate units [26]. These evaluations often employ
close-ended questionnaires.
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Given the nature of our two hypotheses, a Quantitative
Evaluation where we ask the participants to solve several
close-ended tasks and then aggregate the collected data to
validate the hypothesis is the most suitable type of evalua-
tion. However, we also include open-ended questions so the
participants can express their opinions on each task.

The last step of the planning stage is to determine the sample
of participants. In other words, we have to define the target
audience. Given the constraints of our hypotheses, the target
audience is made up of researchers with a background in
fuzzy sets and systems, who can evaluate the result of the
classification of an FDT. Accordingly, we look for a small
but well-focused sample of participants. Therefore, to gather
participants, we submitted the survey to the email distribution
lists of EUSFLAT2, NAFIPS3, and the IEEE-CIS Task Force
on Explainable Fuzzy Systems.

B. Execution Stage

During the execution stage, we carry out the following steps:
(i) we develop the consent form and debriefing statement, (ii)
we develop the survey questionnaire, (iii) we distribute the
link to the questionnaire by email distribution lists, and (iv)
we analyze the collected data. In the next section, we will go
into depth about how the execution stage is implemented.

V. IMPLEMENTATION DETAILS

To address the research question, we need to implement the
specific details of the methodology defined in the previous
Section. For that, the following elements must be specified:
(i) the material used, (ii) the generation of the explanations,
and (iii) the generation of the survey.

A. Material

As a use case, we have selected a beer-style classification
task using the dataset4 first introduced in [27] and later used in
[23] for the design and validation of an explainable fuzzy beer
style classifier. The task consists of identifying one out of the
eight beer styles (Blanche, Pilsner, Lager, IPA, Barleywine,
Belgian Strong Ale, Porter, and Stout) in terms of three
attributes (Color, Bitterness, and Strength). Color is translated
into a number in terms of the Standard Reference Method
(SRM5). Bitterness is measured on the International Bittering
Units (IBU6) scale. Strength is measured in terms of Alcohol
content by Volume (ABV7).

Regarding the model, we make two assumptions: (i) the
model to be explained is already learned, and (ii) the data for
learning the model, extracting the context information, and the
instances to be explained are independent. For that, the dataset

2European Society for Fuzzy Logic and Technology (https://www.eusflat.
org/)

3North American Fuzzy Information Processing Society.
4We have taken the dataset in ARFF format from https://gitlab.citius.usc.

es/jose.alonso/xai
5https://beerandbrewing.com/dictionary/xizZHSE4me/
6https://www.thebrewenthusiast.com/ibus
7https://alcohol.org/statistics-information/abv/

is divided into a training set (TR) to learn the model, a vali-
dation set (V AL) to extract the context information, and a test
set (TEST ) to explain the instances. The context information
used in the survey (Ctx(V AL, y,Rt)) is described in Table I.

TABLE I
CONTEXT INFORMATION (th = 0.2)

Class value Context information

Blanche
⟨Color, {Pale, Straw}⟩

⟨Bitterness, {Low,Low-medium}⟩

Pilsner
⟨Color, {Straw}⟩

⟨Bitterness, {Medium-high}⟩

Lager
⟨Color, {Straw,Amber}⟩

⟨Bitterness, {Low-medium}⟩

IPA
⟨Color, {Straw,Amber}⟩

⟨Bitterness, {Medium-high}⟩

Barleywine ⟨Color, {Amber}⟩

Belgian-Strong-Ale
⟨Color, {Brown}⟩

⟨Strength, {High, V ery high}⟩

Porter
⟨Color, {Brown}⟩

⟨Strength, {Session, Standard}⟩

Stout
⟨Color, {Brown,Black}⟩
⟨Strength, {Standard}⟩

As fuzzy classifier, we use the Fuzzy Multiway Decision
Tree described in [15]. We apply the aggregated vote process
to compute the class value. The variables are partitioned
according to fuzzy sets previously defined by experts, which
are described as triangular SFP in Table II.

For the evaluation platform, we have considered Qualtrics8.
It is an online questionnaire generation tool with a user-
friendly interface. Qualtrics manages multiple types of ques-
tions, a timer for each question, an enriched text editor
to format the questions properly, and a powerful database
filter tool from which to extract the relevant data to analyze
results. After generating the questionnaire, Qualtrics produces
a general link that has been shared via email distribution lists.

8https://www.qualtrics.com/

TABLE II
FUZZY SET DEFINITIONS

Variable Fuzzy Sets Definition

Color

Pale (0, 0, 5.25)
Straw (0, 5.25, 13.25)
Amber (5.25, 13.25, 24)
Brown (13.25, 24, 45)
Black (24, 45, 45)

Bitterness

Low (7, 7, 26.75)
Low-medium (7, 26.75, 40)
Medium-high (26.75, 40, 250)

High (40, 250, 250)

Strength

Session (0.035, 0.035, 0.06)
Standard (0.035, 0.06, 0.07875)
High (0.06, 0.07875, 0.136)

V ery High (0.07875, 0.07875, 0.136)
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Finally, it is worth noting that all the required code has
been developed using Python 3.10. The implementation of
the multi-rule local explanations is supported by open-source
code, which has been taken from the GitHub9 associated with
[16]. Moreover, all the code used for the preparation of the
survey, including the extraction of the context information, as
well as the (anonymized) results and processing of the survey,
are open-source and available in GitHub10.

B. Generation of explanations

1) Context information: To write the context information
for the validation set, a class value y and the rules extracted
from the Fuzzy Multiway Decision tree Rt, Ctx(V AL, y,Rt)
(in short, Ctx) as natural text, the following template is
followed:

(T1) [y] beer usually has [Ctx1] and · · · and [Ctxn].

where each element of the context information Ctxi =
⟨Fi, {vi,1, . . . , vi,zi}⟩ is written as:

(T2) a [vi,1] or · · · or [vi,zi ] [Fi]

2) Regular local explanations: Given an explanation e =
{r1, . . . , re}, we group the fuzzy sets by their corresponding
fuzzy variables:

G(e) = {⟨Fi, {vi,zi}⟩,∀Fi ∈ F , vi,zi ∈ P (r1)∨· · ·∨vi,zi ∈ P (re)}

Then, we write the local explanation as:

(T3) The instance belongs to the family of [y] beer

because it has [G1] and · · · and [Gn].

Where each Gi = ⟨Fi, {vi,1, . . . , vi,zi}⟩ is written as:

(T4) a [vi,1]/ · · · /[vi,zi ] [Fi]

3) Context-aware local explanations: To enrich explana-
tions with context information, we structure a sentence that
summarizes the expected behavior for the class value. For that,
we add a first sentence with the expected behavior of the fuzzy
sets and a second sentence with the unexpected behavior of
the fuzzy sets.

For the first sentence, we define the expected behavior EB
as the set of fuzzy sets that appear in the factual explana-
tion and the related context information. Then, we write the
sentence using the following template:

(T5) As usual for this family, the beer has

[EB1] and · · · and [EBn].

where each EBi is written using Template (T2).
For the second sentence, we define the unexpected behavior

EB′ as the group of fuzzy sets that appear in the factual

9https://github.com/Kaysera/teacher
10https://github.com/Kaysera/knowledge-extraction

explanation but not in the related context information. Then,
we write the sentence using the following template:

(T6) However, it is not usual for this beer to have

[EB′
1] and · · · and [EB′

n].

4) Illustrative example: Let us suppose a class value y =
Stout with context information:

Ctx = {⟨Color, {Brown,Black}⟩, ⟨Strength, {Standard}⟩}

According to Templates T1 and T2, the context information
for that class is written as:

(E1) Stout beer usually has a Brown or Black color

and a Standard strength.

Let us suppose a factual explanation e = {r1, r2} with rules:

r1 = ⟨Color,Brown⟩ ∧ ⟨Strength, Standard⟩ → Stout

r2 = ⟨Color,Black⟩ ∧ ⟨Strength, Session⟩ → Stout

We group the sets and variables as follows:

G(e) = {⟨Color, {Brown,Black}⟩,
⟨Strength, {Standard, Session}⟩}

According to Templates T3 and T4, we write the explana-
tion as follows:

(E2) The instance belongs to the family of Stout beer

because it has a Brown/Black color and a

Session/Standard Strength.

Finally, we compute the expected behavior EB as:

EB = {⟨Color, {Brown,Black}⟩,
⟨Strength, {Standard}⟩}

and the unexpected behavior EB′ as:

EB′ = {⟨Strength, {Session}⟩}

According to Templates T5 and T6, we write the context-
aware local explanation as follows:

(E3) The instance belongs to the family of Stout beer

because it has a Brown/Black color and a

Session/Standard Strength. As usual for this

family, the beer has a Brown/Black color and

a Standard strength. However, it is not usual

for this beer to have a Session strength.

C. Generation of the survey

The survey participants are randomly divided into two
groups (with a 50% chance of belonging to each group) in
terms of the type of explanation they will interact with: reg-
ular local explanations or context-aware local explanations.
Participants do not know which group they are assigned to.
Moreover, they do not know that there are different groups.

The structure of the questionnaire developed with Qualtrics
is as follows:
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1) Welcome: A text that explains the purpose of the survey,
shows information about the research groups involved
in the development of the survey and provides contact
information to the lead researcher for any questions
and/or issues.

2) Consent: A consent form that consists of several items
that confirm that the participant has reached the age of
majority, knows the participation in the survey is vol-
untary, has enough information to proceed, and knows
that the data collected is anonymous and properly treated
according to the GDPR.

3) Instructions: A text explaining the use case under study.
It also includes some information regarding the dataset,
the model, and the test instances. In addition, the format
of the tasks presented during the rest of the survey is
described together with some important notes.

4) Comprehension Check: The participant is shown an
illustrative task (with the same structure as the tasks
that she/he will have to solve later) to verify if she/he
understood the previous instructions properly.

5) Tasks: There are four groups of tasks, and one task from
each group will be presented to each participant:

a) High Confidence Hit: The tree correctly classifies
the test instance with high confidence (i.e., there is
a big difference in activation degree between the
correct class and the second-best possible class).

b) Low Confidence Hit: The tree correctly classifies
the test instance with low confidence.

c) High Confidence Miss: The tree incorrectly classi-
fies the test instance with high confidence.

d) Low Confidence Miss: The tree incorrectly classi-
fies the test instance with low confidence.

Figure 2 shows one example of a task. The picture
includes five main elements:

a) Context information: It includes a piece of text re-
lated to each class, and it is generated as described
in Section V-B.

b) Tree activation: An image with the Fuzzy Decision
Tree represents graphically the most relevant infor-
mation that is required to understand the inference
process (see further details in Fig. 3 where the tree
is zoomed in). The image includes (in the top-right
part) the numerical values of the test instance along
with the range of possible values for each feature.
In addition, all nodes and leaves in the tree (with
the weight of each class in each leaf) are printed.
Moreover, the nodes activated by the test instance
are highlighted in green, with their corresponding
membership degrees and final match printed below.

c) Explanation: Depending on the group the partic-
ipant has been assigned at the beginning of the
survey, she/he will see a regular local or context-
aware explanation in natural language below the
image of the tree.

d) Close-answer question: The participant is asked if

Fig. 2. Example of a task from the survey (Context-aware group).

(according to the context information, the image
with the tree activation details, and the related
explanation) she/he believes the classification is
correct, incorrect, or doubtful.

e) Open-answer question: Participants can justify
their answer in a free text if they believe it neces-
sary.

6) Global Satisfaction: Participants can indicate the help-
fulness of the given explanations and context informa-
tion on a 5-point Likert scale.

7) Demographics: Two general questions to determine the
region and education level of the participant.

To sum up, each participant must complete a comprehension
check, do four tasks, answer a global satisfaction question, and
answer a couple of demographic questions.

VI. RESULTS OF THE USER STUDY

The survey was available for 15 days, during which a total
of 26 participants took part. Most of the participants were
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Fig. 3. Representation of a Fuzzy Decision Tree.

European (88.4% vs. 11.6% of American participants), and all
of them were Computer Science majors with a post-graduate
level (76.9% of the participants had a Ph.D. while 23.1% had
a master’s degree). They were equally distributed into the two
groups (13 participants in each group). Participants in the first
group interacted only with regular local explanations, while
participants in the second group interacted only with context-
aware explanations. For short, the two groups will be referred
to as local and Ctx-A, respectively.

Table III contains the survey results. As we can see, most
people answered the comprehension check question correctly,
but some of them expressed doubts regarding the result of
the classification. We considered all answers valid since no
participant declared the classifier’s result incorrect. It can also
be observed that the comprehension check took longer than
the subsequent tasks. This was expected, as participants must
understand what the task to solve is about and familiarize
themselves with the survey format.

TABLE III
SURVEY RESULTS: REGULAR LOCAL EXPLANATIONS (LOCAL) VERSUS

CONTEXT-AWARE EXPLANATIONS (CTX-A).

Correct Doubtful Incorrect Time

Comp.
Check

Ctx-A 0.77 0.23 0 03:16
Local 0.85 0.15 0 02:45

Task 1 Ctx-A 0.92 0.08 0 01:24
Local 1.00 0 0 00:59

Task 2 Ctx-A 0.62 0.23 0.15 01:06
Local 0.54 0.31 0.15 00:50

Task 3 Ctx-A 0.62 0.23 0.15 01:11
Local 0.62 0.31 0.07 01:06

Task 4 Ctx-A 0.62 0.15 0.23 01:22
Local 0.62 0.31 0.07 00:29

Regarding Group 1 (High Confidence Hit), we can see that

all local participants (and most Ctx-A participants) were able
to identify the answer correctly. There is a minimal difference
between groups, in which it seems that when the classifier has
a very clear hit, showing less information that can distract the
participant is beneficial.

Regarding Group 2 (Low Confidence Hit), we can see that
more Ctx-A participants can identify the solution correctly.
Nevertheless, Local participants were more prone to doubt the
classifier’s validity in this context. Notice that rule activation
degrees are closer in Group 2, which is likely to make the task
harder.

Regarding Group 3 (High Confidence Miss), the same num-
ber of participants in both groups identified the answer incor-
rectly. Still, more Ctx-A participants could correctly identify
the answer as Incorrect in this case, while local participants
were less confident.

Regarding Group 4 (Low Confidence Miss), we can see
a behavior that is very similar to the observed for Group
3. However, in this case, a greater percentage of Ctx-A
participants can identify the answer correctly.

We can see that overall, a context-aware local explanation
favors the error detection (or lack thereof) in the classifier in
all but the clearest hits. In contrast, a local explanation is more
prone to cause doubts in less clear-cut cases. This supports H1
as expected.

Regarding the time taken to solve the different tasks, we can
see that the comprehension check took around 3 minutes. At
the same time, once the general procedure was understood,
participants needed only about 1 minute to do each task.
It is noticeable that local participants are faster than Ctx-A
participants, possibly due to being shown less information
to process before answering the question. This rejects H2,
indicating that less information does not mean more time to
think about the answer (although it does result in somehow
smaller accuracy).
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Finally, regarding satisfaction, most participants believe that
the information shown is useful for solving the task (3.9%
Strongly Agree, 61.5% Agree, 23.1% Neutral, and 11.5%
Disagree).

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we have developed a new algorithm for
extracting context information from a Fuzzy Decision Tree,
and we have carried out a user study to validate the goodness
of local explanations enriched with such information, what
we call context-aware local explanations. The new algorithm
exploits the underlying structure of a Fuzzy Decision Tree in
which each node represents a fuzzy set that has a matching
degree for each classified instance. We use matching degree
as a starting point from which to determine the importance of
each fuzzy set with respect to a dataset, which we then use to
extract context information.

In addition, we have shown in a use case related to beer style
classification how context-aware local explanations can assist
data scientists in detecting errors made by a Fuzzy Decision
Tree. Namely, we have empirically validated the goodness of
our proposal with a user study that is implemented in the
form of an online survey. We distinguished two groups of
participants: a first group where participants only interacted
with regular local explanations and a second group where
participants only interacted with the new context-aware local
explanations. A total of 26 subjects took part in the survey
(13 participants assigned randomly to each group). In light
of the reported results, we can conclude that the research
question proposed is correct, given that an improvement in
error detection for those participants in the second group is
observed, albeit taking more time to fulfill the tasks due to
the greater amount of information that they had to process.

Future lines of research can take advantage of the algorithm
proposed in this paper to enhance other explanation generation
approaches. We use multi-rule factual explanations in this
work, but the proposal can be easily applied to single-rule
factual explanations that are extracted with different methods.
Moreover, we use Fuzzy Decision Trees as the classifier to be
explained. Still, the algorithm can also be expanded to other
Fuzzy Models with similar characteristics, such as Fuzzy Rule-
Based Classifiers. Finally, we test the error analysis detection
with these explanations, but they can have more classic XAI
uses, such as helping a final user better understand the decision
taken by a classifier.
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