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Abstract. Consumer reviews are a vital aspect of the decision-making
process for both buyers and companies in the era of e-commerce and
online shopping. However, the helpfulness of reviews varies widely, and
the abundance of available information can make it difficult to identify
the most informative ones. Therefore, categorizing product reviews based
on their helpfulness is a critical task. Review helpfulness can be deter-
mined by considering several features, such as readability, sentiment,
word count, and coherence between the sentiment and score of a review.
This article proposes a method for categorizing review helpfulness based
on readability and coherence. Our approach employs abstract dialectical
frameworks (ADFs), which use interpretation-based semantics to eval-
uate the acceptability of arguments. We tailor a specific ADF to each
review to assess its helpfulness and provide clear explanations for our
labeling decisions. We use the grounded semantics of ADFs, which pro-
vides information that no one can argue against, to justify our labels and
enhance the value of our process. Our method can also be used as a sys-
tem to give feedback to the review authors on why their reviews may not
be helpful and how they can improve them in the future by considering
readability and coherence factors. Moreover, our method can work on
both small and large data-sets, which may not be feasible with machine
learning methods that require a lot of training data.

Keywords: Online reviews · Abstract dialectical frameworks ·
Explainable artificial intelligence

1 Introduction

In today’s world, we are inundated with an enormous amount of online reviews
that play a critical role in shaping the opinions of new readers. Product reviews
are invaluable sources of information for both customers and companies. Com-
panies can use reviews to gain insight into what their customers want and need
in a product, while customers can use reviews to make informed purchasing
decisions.
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However, there are significant challenges in utilizing online reviews, includ-
ing inconsistency and difficulty in determining credibility. In order to extract
valuable insights, structuring online reviews is essential. These challenges have
motivated our approach, which aims to evaluate the helpfulness of reviews. While
metrics such as verified purchases, reviewer reputation, and platform reliability
are commonly used to evaluate the source of the reviews, there is still a large
area of unexplored territory in categorizing reviews based on their helpfulness.

To evaluate the helpfulness of reviews, we employ formal argumentation,
specifically Abstract Dialectical Frameworks (ADFs) [3–5]. ADFs provide a
framework for modeling different relationships among arguments, including con-
flicts. The semantics of ADFs offers a systematic and rigorous approach to assess-
ing the quality and credibility of arguments. ADFs can also be used to elucidate
the reasons behind the acceptance of arguments.

In this study, we examine reviews that include both text and a score. In
different works, different factors, such as readability, word count, sentiment, and
number of sentences, are considered to indicate the helpfulness of the reviews.
However, the importance of these factors may vary in different data-sets. We
choose the Amazon Fashion 5 reviews data-set by McAuley et al. (2015), which
contains some reviews that are voted by other users. We consider the voted
reviews as helpful ones, because they have attracted attention from the readers.
After running different classifiers on this data-set, we find that readability is the
most important feature for classifying the reviews, and the second most impor-
tant feature is the sentiment of the review. However, the correlation of these
factors and voted reviews is not very high. Therefore, we consider readability as
a crucial factor for indicating the helpfulness of a review, not only because it
is the most influential feature based on the classifiers, but also because a good
review should be understandable and easy to read. Additionally, we expect the
text of a review to support its score. For example, a 5-star review should pro-
vide sufficient evidence of the positive aspects of a product that justify the high
score. While it is acceptable to mention a few negative points, the focus should
be on highlighting the strengths of the product that lead to the 5-star rating.
We introduce the concept of coherence in a review, which means that the text
should match the review’s score. A 4 or 5-star review is coherent if the text
emphasizes the positive aspects of the product, while a 1, 2 or 3-star review is
coherent if the text highlights the negative aspects of the product.

We have three levels to determine the helpfulness of a review: very helpful,
helpful, or unhelpful. Our goal is to assign a review to one of these categories
based on its features. To achieve this, we use formal argumentation to establish a
connection between the features of a review and its associated label. We consider
arguments for each feature and label, as well as auxiliary arguments to link
the review features to its label. Although it is possible to categorize reviews in
these three categories with the use of a table, we choose to do so by formal
argumentation for several reasons. By constructing an ADF associated with a
given review, we can visualize the connections between a review’s features and
its label. The semantics of ADFs are then used to assess the acceptance of
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arguments, specifically label arguments, i.e., label of the review. The ADF is not
only used to label reviews but also to provide an explanation for the model’s
decision. Furthermore, in this work we only consider two factors for labeling
reviews, but if we have n factors and want to use a table for the labeling, we
would need a table with 2n rows to indicate the label of a given review.

Labeling reviews based on their helpfulness can enhance the precision of sta-
tistical results by filtering out unhelpful reviews. A transparent labeling process
achieved through a dialogue argumentation can explain the rationale behind
each label choice. This can also provide valuable feedback to writers of reviews.

The remainder of the paper is organized as follows. Section 2 discusses the
related work with our proposal. We give an overview of abstract dialectical frame-
works in Sect. 3. In Sect. 4.1, we outline the characteristics of helpful reviews.
In Sect. 4.2, we discuss the use of the Abstract Dialectical Framework (ADF)
as a model for labeling reviews. Section 5 presents a statistical analysis of our
data set. Additionally, this section describes the implementation of the method
presented in Sect. 4.2 for labeling the reviews in this data set. Section 6 presents
a formal argumentation dialogue aimed at addressing the explanation gap in
establishing the relationship between a review’s features and its assigned label.
We conclude the paper and present outline the future work directions in Sect. 7.

2 Related Work

The quality evaluation of online opinions, specifically analyzing reviews, has
received significant attention in recent years. A number of studies have been
conducted in this area, including research on detecting review spam [19] and
identifying deceptive reviews [10]. Formalisms of argumentation have been pro-
posed as a tool to model the relationship between reviews and to assess their
quality [7]. Additionally, argumentation formalisms have been employed to assess
the different aspects of a review [15]. In our work, we leverage argumentation
formalisms to evaluate the helpfulness of reviews, taking into consideration two
critical features, namely readability and coherence between the review text and
the assigned score. We believe that labeling reviews based on their helpfulness is
a critical step for verifying their trustworthiness and is a necessary prerequisite
for identifying a set of consistent reviews.

With the increasing interest in explainable artificial intelligence (XAI), the
use of argumentation has become prevalent in generating explanations for auto-
mated systems’ decisions [17]. Dialectical explanations for argument-based rea-
soning have been formalized in [14], while [21] has developed an argumentation-
driven recommender system that provides explanations extracted from argumen-
tation frameworks. Dialogical argumentation, represented by qualitative argu-
mentation frameworks (e.g., [11,20]) or quantitative argumentation frameworks
(e.g., [8,9]), has been explored in various settings, including fake news detection
[8] and exchanging explanations with users [9]. In our context, we also utilize
dialogical argumentation to provide explanations supporting the review’s label.

The quality of a text can be assessed using readability measures [16]. A good
product review should be concise, clear, and offer relevant information. We link
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review helpfulness to comprehension ease. Readability measures are widely used
for text quality assessment. In [6], various readability measures were evaluated
on our dataset, and we chose the Dale-Chall measure [12] due to their similarity.
We consider the coherence of the reviews as another factor of helpfulness and
define coherence as a measure of how well a review supports its score.

3 Preliminary: Abstract Dialectical Frameworks

We summarize key concepts of abstract dialectical frameworks [3,5].

Definition 1. An abstract dialectical framework (ADF) is a tuple D = (A,L,C)
where:

– A is a finite set of arguments (statements, positions);
– L ⊆ A × A is a set of links among arguments;
– C = {ϕa}a∈A is a collection of propositional formulas over arguments, called

acceptance conditions.

An ADF can be represented by a graph in which nodes indicate arguments
and links show the relation among arguments. Each argument a in an ADF is
labeled by a propositional formula, called acceptance condition, ϕa over Par(a)
such that, Par(a) = {b | (b, a) ∈ L}. The acceptance condition of each argument
clarifies under which condition the argument can be accepted. An argument a is
called an initial argument if Par(a) = {}.

Furthermore, acceptance conditions indicate the set of links implicitly. Thus,
in a concrete example of ADFs, we oftentimes only define acceptance conditions
explicitly and implicitly define links via the variables of the propositional for-
mulas. That is, for the reason of brevity we avoid presenting the set of links of
ADFs in our examples.

A three-valued interpretation v (for D) is a function v : A �→ {t, f ,u},
that maps arguments to one of the three truth values true (t), false (f), or
undecided (u). Given an interpretation v (for D), the partial valuation of ϕa by
v, is ϕv

a = ϕa[b/� : v(b) = t][b/⊥ : v(b) = f ], for b ∈ Par(a). Semantics for
ADFs can be defined via the characteristic operator ΓD, presented in Definition
2.

Definition 2. Let D be an ADF and let v be an interpretation of D. Applying
ΓD on v leads to v′ such that for each a ∈ A, v′ is as follows:

v′(a) =

⎧
⎪⎨

⎪⎩

t if ϕv
a is irrefutable (i.e., ϕv

a is a tautology) ,

f if ϕv
a is unsatisfiable ,

u otherwise.

An interpretation v is the grounded interpretation of D iff v is the least fixed
point of ΓD.
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Example 1. An example of an ADF D = (S,L,C) is shown in Fig. 1. To each
argument a propositional formula is associated, the acceptance condition of the
argument. For instance, the acceptance condition of c, namely ϕc : ¬b∧d, states
that c can be accepted in an interpretation where b is denied and d is accepted.
The interpretation v = {a, b,¬c,¬d} is a unique grounded interpretation in D.

Fig. 1. ADF of Examples 1

4 Labeling of Reviews

The objective of this section is to categorize reviews based on their helpfulness.
In Sect. 4.1, we introduce the characteristics of a helpful review that we aim to
analyze. Then, in Sect. 4.2, to label a given review, we first construct an ADF D
that corresponds to the review (r, n). Using the grounded interpretation of ADFs,
we evaluate the truth values of the arguments, including the output arguments.
Finally, we apply the label-function, as defined in Definition 7, to assign a label
to the review.

4.1 Characters of a Helpful Review

The characteristics of a helpful review may differ, but the most typical feature is
clarity, that is, The review should be easy to comprehend, utilizing simple and
concise language [22].

To evaluate the clarity of reviews, we use the Dale-Chall readability for-
mula [2], as defined in Definition 3.

Definition 3. Let r be a review. The read() function takes a review r as input
and returns its readability score, which is calculated using the Dale-Chall read-
ability formula [2]. The readability score is a real number between 0 and 10,
where a higher score indicates that the review is easier to read.

In our work, we propose the concept of a coherence review, which aims to ensure
that the content of a review is in line with its assigned score. Our definition,
presented in Definition 5, is based on the intuitive idea that a review should
include specific details and reasoning that support its assigned score. To estab-
lish the concept of coherence review in Definition 5, we adhere to the following
guidelines.

– A good 5-star review emphasizes the positive aspects of a product or service,
with any negative aspects mentioned being of minor importance.
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– A 4-star review is generally positive, but with some reservations or criticisms.
A good 4-star review should highlight the positive aspects while also men-
tioning areas for improvement.

– A 3-star review is considered neutral or mixed. A good 3-star review should
provide an overall evaluation that takes both positive and negative aspects
into account.

– A 2-star review typically has a negative assessment of the product, while
allowing for minor positive aspects to be mentioned.

– The aim of a 1-star review is to warn others about a product. Therefore, the
review should provide sufficient details and evidence to support the overall
negative evaluation. However, it may also present some positive aspects to
maintain balance.

Before introducing the concept of coherence review, the first step is to deter-
mine whether a review expresses a positive, negative, or mixed point of view
about a product. This involves evaluating the sentiment of the content, and in our
work, we use the terms ‘polarity’ and ‘sentiment’ interchangeably. Specifically,
polarity refers to the orientation of the sentiment, such as ‘positive’, ‘negative’,
or ‘mixed point of view’.

In our study, we utilized Flair for sentiment analysis of the Amazon prod-
uct review dataset. Flair is an open-source natural language processing (NLP)
library that provides a simple and efficient way to develop state-of-the-art NLP
models, including models for sentiment analysis [1]. Flair models are based on
a combination of deep neural networks and traditional machine learning tech-
niques, and are trained on large amounts of annotated data to achieve high
accuracy and performance. The ease of use and versatility of Flair make it a
valuable tool for researchers and practitioners in the field of NLP.

Definition 4. Let r be a review. The pol() function takes review as input and
returns its sentiment, which is calculated using Flair

pol(r) =

⎧
⎪⎨

⎪⎩

1 if r has a positive sentiment
0 if r has a negative sentiment
1
2 if r is mixed

Since our goal is to define the coherency of a review based on its polarity, we
have divided the level of coherency into two categories: positive coherency and
negative coherency, as defined in Definition 5.

Definition 5. Let r be a review, let n be the assigned score of r, and let pol(r)
be the sentiment of r.

– A review r is positive coherent if n ∈ 4, 5 and r has a positive polarity, i.e.,
pol(r) = 1.

– A review r is negative coherent if n ∈ 1, 2 and r has a negative polarity,
i.e., pol(r) = 0. Alternatively, if n = 3 and r has a mixed polarity, i.e.,
pol(r) = 1

2 .

a review is coherent if it is positive or negative coherent.
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Definition 5 is based on the intuitive notion that a review should be coherent
with its assigned score, meaning that the language used in the review should
align with the sentiment conveyed by the score.

4.2 Associated ADF

The objective of this section is to categorize reviews into three classes based on
two features: readability and coherence between the review text and the assigned
score. The goal of this labeling problem is to determine the helpfulness of a
review based on these two factors. We assign each review to one of the following
categories: very helpful (denoted by H2), helpful (denoted by H1), or unhelpful
(denoted by H0). In this task, we utilize Abstract Dialectical Frameworks as a
means for categorizing reviews. By using ADFs, we can graphically depict the
relationship between the features of a review and the label nodes. Since our goal
is to categorize the reviews into one of three categories,i.e., H0,H1,H2, we have
created three output variables, i.e., AH0, AH1, AH2, respectively.

In labeling review, we consider two categorical features: readability, and
coherence. We transform each feature into an argument, with readability trans-
formed to Aread, and coherence to Acoh. We have introduced additional variables
to show coherence between the review and the assigned score. These variables
include Apol to indicate the polarity of the review. For the assigned score, we
have introduced variables As.

The aim of the classifier presented in Definition 6 is that if a review meets
all criteria, i.e., readability and coherency, it belongs into category H2. If it
meets any of the criteria, it belongs into category H1. If it fails to meet any
of the criteria, it is in category H0 and is considered to be of unhelpful. Let
Aout = {AH0, AH1, AH2} be the set of output arguments associated to the labels.

Definition 6. Given review (r, n). The ADF (review labeling) associated with
(r, n) is D = (A,L,C), where:

– A = Aout ∪ {Apol, As, Acoh, Aread}
– The acceptance condition of any of the input arguments can be either � or ⊥

w.r.t. the given review (r, n).
• ϕAs

≡ � if s is either 4 or 5. Otherwise, it is ⊥.
• ϕApol

≡ � if pol(r) = 1, and ϕApol
≡ ⊥ otherwise.

• ϕAread
≡ � if μ − σ < read(r) < μ + σ, where μ is the the mean and σ is

the standard deviation of the readability reviews;
• ϕAcoh

≡ (Apol ∧ As) ∨ (¬Apol ∧ ¬As).
• ϕAH0 ≡ ¬Acoh ∧ ¬Aread, ϕAH1 ≡ (Acoh ∧ ¬Aread) ∨ (¬Acoh ∧ Aread), and

ϕAH2 ≡ Acoh ∧ Aread.

A review labeling ADF is depicted in Fig. 2

Note that in the ADF associated with a given review, the acceptance condi-
tions indicate the set of links, so there is no need to explicitly present the set
of links and their specific type. For instance, the acceptance condition of Acoh,
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Fig. 2. A review labeling ADF

which is Apol ∧ As ∨ ¬Apol ∧ ¬As, implies that Acoh is acceptable if the given
review has either a positive sentiment and is rated 4 or 5-star, or a negative
sentiment and is rated 1/2 or 3-star. Thus, to construct ADF D corresponding
to review (r, n) there is no need of learning the type of links between arguments.
All that is required is to specify the acceptance condition for the input argu-
ments, which includes checking the sentiment and readability of a given review,
as well as using the review score.

After constructing the ADF D associated with a given review (r, n), we eval-
uate its grounded semantics, denoted by grd(D). The use of grounded semantics
is justified by the following reasons: 1. In general, every ADF has a unique
grounded interpretation. 2. Moreover, the grounded interpretation accepts argu-
ments that cannot be rejected, rejects those that cannot be accepted, and does
not take a stance on other arguments. 3. Specifically, Proposition 2 states that
any output argument is either accepted or rejected in grd(D), where grd(D)
is the grounded interpretation of the ADF D associated with a given review.
Additionally, Proposition 3 asserts that only one output argument is accepted
in grd(D).

Proposition 1. An argumentation framework (ADF) is considered acyclic if its
corresponding graph does not contain any cycles. For a review (r, n), let D be its
corresponding ADF. It holds that D is acyclic.

Proof. Let (r, n) represent a review and let D be its corresponding ADF. The
corresponding graph of D is denoted by G, which takes input arguments to
indicate the readability, sentiment, and score of the review. Each of the input
arguments is an initial argument, that is, it has no parents. The purpose links
in D is to connect input arguments to output arguments, so edges in G can only
be directed to deeper layers. Therefore, the associated graph G is acyclic.

Proposition 2. Let (r, n) be a review, and let D be its corresponding ADF with
the grounded interpretation grd(D). In grd(D), every output argument, namely
AH0, AH1, and AH2, is assigned either t or f . That is, any output argument is
either accepted or rejected grd(D).

Proof. Proposition 1 proves that the ADF D corresponding to a review (r, n)
is acyclic. According to [13], any acyclic ADF has a grounded interpretation
in which each argument is assigned either t or f . Therefore, in the grounded
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interpretation of D, every argument must be assigned either t or f , including
every output argument.

Proposition 3. Let D = (A,L,C) be an ADF corresponding to a review (r, n).
In the grounded interpretation of D, exactly one of the output arguments is
assigned to t.

Proof. Proposition 1 shows that D is an acyclic ADF. Therefore, according
to [13], each argument in grd(D) is either accepted or rejected. Specifically, Acoh

and Aread are assigned either t or f .
Based on the truth table, there are four combinations of any truth values for

Acoh and Aread where exactly one row has the value t and all other rows have f .
On the other hand, the acceptance condition of each argument AH0 , AH1 , and
AH2 is a logical combination of its parents. Thus, the truth value of each AH0 ,
AH1 , and AH2 , corresponds to one line of the truth table. Hence, exactly one
output argument is assigned t and all other output arguments are assigned f .

After assessing the grounded interpretation of ADF D corresponding to review
(r, n), we introduce a label function in Definition 7 to label a given review based
on its helpfulness.

Definition 7. (label-function) Let (r, n) be a review, and let D = (A,L,C) be
the associated ADF of (r, n). The label of (r, n) is the output of label-function
LF(r, n), where the function LF(−,−) is as follows:

LF(r, n) =

⎧
⎪⎨

⎪⎩

H0(i.e., unhelpful) if grd(D)(AH0) �→ t
H1(i.e., helpful) if grd(D)(AH1) �→ t
H2(i.e., very helpful) if grd(D)(AH2) �→ t

We need to show that the label-function is a well-defined function. Theorem 1
says that function LF is well-defined function.

Theorem 1. Let (r, n) be a review, and let D = (A,L,C) be the associated
ADF of (r, n). Let LF(−,−) be a label-function, as Definition 7. It holds that
LF(−,−) is a well-defined function.

Proof. To demonstrate that LF(−,−) is a well-defined function, we need to
establish that for any input (r, n), the function LF assigns it to exactly one of
the outputs, namely H0,H1, or H2. We leverage Proposition 3, which asserts that
only one of these output arguments is acceptable in the grounded interpretation.
In other words, either AH0, AH1, or AH2 is assigned to t in the grounded inter-
pretation of D. Therefore, we can confirm that LF(r, n) has at least one output.
Moreover, if LF(r, n) were to have more than one output, it would contradict
Proposition 3. Thus, we conclude that LF is indeed a well-defined function.

In the labeling of the reviews we make two assumptions here, one is that the
features are independent. That is, if the review is readable, it does not necessarily
mean that the there exist a coherency between the text and the score. Another
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assumption made here is that both of the features have equal effect on the
outcome. That is, readability of the review does not have more importance in
deciding the helpfulness of the review. We use bottom-up approach for assessing
the label of the review in the associated ADF and we use top-bottom approach
to explain the reason behind the chosen label.

Example 2. Let r be a 4-star review that says ‘Largely my fault for not reading
carefully, but the high synthetic fiber content made the shirt uncomfortable to
the touch. Not the manufacturers fault, of course.’ To construct the associated
ADF for (r, 4) as defined in Definition 6, we only need to specify the acceptance
conditions of input arguments, as the acceptance conditions of other arguments
are fixed. Since r expresses a negative sentiment and is a 4-star review, we have
ϕApol

≡ ⊥, ϕAs
≡ �. Additionally, considering the mean and standard deviation

of the readability scores in the reviews, we have decided to set a threshold of
4.5. This means that if the readability of a review, denoted as read(r), is less
than 4.5, we define ϕAread

≡ ⊥.
The associated ADF D = (A,L,C) for r is depicted in Fig. 3 (on the left).

After indicating the acceptance conditions of all input arguments, we can assess
the grounded interpretation of D. In the grounded interpretation of D, As, and
AH0 are assigned to t, and all other arguments to f . In Fig. 3, the arguments
that are assigned to t in the grounded interpretation are colored blue, and the
arguments assigned to f are depicted in gray.

Note that in the grounded interpretation of D, Acoh is also assigned to f in
grd(D) because ϕAcoh

is equivalent to (Apol ∧As)∨ (¬Apol ∧¬As). Furthermore,
since ϕAH0

is equivalent to ¬Acoh ∧ ¬Aread, AH0 is assigned to t in grd(D).
After evaluating the grounded interpretation of D, we apply the label-

function, as defined in Definition 7, to determine the label of (r, 4). Since AH0

is assigned to t in the grounded interpretation, the result of LF(r, n) is H0,
indicating that (r, 4) is labeled as unhelpful.

Fig. 3. The ADFs corresponding to the label evaluation of (r, 4) (on the left) and (r′, 1)
(on the right) in Example 2. The arguments that are assigned to t in the grounded
interpretation are colored blue, while the arguments assigned to f are depicted in gray.
(Color figure online)

Here is an example of our labeling method assigning a “very helpful” label
to a 1-star review. The review in question is r′ : ‘After using this shoes seven
times for regular activities like walking or dancing the sole came out. I am very
disappointed. I don’t recommend this product at all. The worse part is that I
can not return this item because the return window closed 4 days ago.’
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The acceptance conditions for the input arguments in the associated are
as follows: ϕAneg

≡ ⊥ because the review has a negative sentiment, ϕA1 ≡
⊥ because r is a 1-star review. Furthermore, ϕAread

≡ � because read(r) =
4.566721. Based on the acceptance conditions specified in the associated ADF,
the grounded interpretation assigns the following arguments to the t, namely,
Aread, Acoh, and AH2 . All other arguments are assigned to the f . Therefore, the
output label of LF(r′, 1) is H2, indicating that the review r′ is labeled as ‘very
helpful’ according to our labeling method.

Fig. 4. Performance Metrics and Comparison of Classification Models without Incor-
porating the Outcomes of Sect. 4 as features.

5 Statistical Analysis and Experimental Results

We evaluated our proposed method using the Amazon Fashion 5 reviews dataset
by McAuley et al. [18]. This dataset comprises a collection of fashion product
reviews. After eliminating duplicates, we were left with a total of 371 reviews.
Among these, only 35 received votes from readers. We consider these voted
reviews to be valuable indicators of helpfulness due to their resonance with
readers.

Our primary objective was to assess how our labeling methods affect clas-
sifier performance. To achieve this, we initially evaluated the impact of various
statistical measures, such as readability, sentiment analysis, and polarity scores,
on review classification. The results are illustrated in Fig. 4, revealing that all
classifiers performed poorly when classifying voted reviews.
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Subsequently, we introduced two new features, “helpful reviews” and “coher-
ent reviews”, as they are presented in this work, to the classifiers. Our inves-
tigation, depicted in Fig. 5, indicated that by incorporating these features, the
classifiers exhibited improved performance in labeling helpful reviews.

Fig. 5. Performance Metrics and Comparison of Classification Models with Incorpo-
rating the Outcomes of Sect. 4 as features.

6 Explanation in the Form of Dialogic Argumentation

Explanation involves the process of providing clarification or elucidation for a
concept or argument. While an expert in formal argumentation can swiftly grasp
the logic behind the labeling through the structure of the associated ADF, the
labeling method may prove intricate for agents unfamiliar with it.

Our approach to labeling reviews involves utilizing a bottom-up approach to
construct the associated ADF of a given review while taking a top-down approach
to explain the decision. ADFs serve as the underlying structure for generating
dialogical explanations. In each ADF the acceptance condition of each argument
is presented using a propositional formula, which provides a powerful approach
for explanation. However, it is important to present the explanation process in a
clear and understandable manner for users who may not be familiar with ADFs.
One of the main reasons for explaining the reasoning behind a labeling decision
is to provide feedback to the review writer.

In order to address the explanation gap in connecting review labels to their
features, we have defined explanation function. A user can interact with the
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system by requesting an explanation about the label of a review. To help illus-
trate our explanation method before presenting formal definitions, we provide
an example in Example 3.

Example 3. Consider the review (r, 4) presented in Example 2, where r is
‘Largely my fault for not reading carefully, but the high synthetic fiber con-
tent made the shirt uncomfortable to the touch. Not the manufacturers fault,
of course.’ The labeling function assigned an unhelpful label to (r, 4). A dialogic
argumentation to explain the reason behind the labeling is as follows.

Agent: Why was (r, 4) labeled as unhelpful?
System: The labeling function assigned the label H0 to (r, 4) because AH0 ,

referring to unhelpful reviews, was accepted in the grounded interpretation of
the associated ADF of (r, 4).

Agent: Why was the argument AH0 , referring to unhelpful reviews, accepted
for (r, 4)?

System: The acceptance condition for AH0 is ¬Acoh ∧¬Aread, which means
that AH0 is acceptable if and only if the review is neither readable nor coherent.
In this case, (r, 4) was neither readable nor coherent, hence argument AH0 was
accepted for (r, 4).

Agent: Why was r considered not readable?
System: r was considered not readable because its readability score was

below the chosen threshold, which in this case was lower than the mean mineus
standard deviation of the readability score of the reviews.

Agent: Why was (r, 4) considered not coherent?
System: (r, 4) was considered not coherent because it expressed a negative

sentiment while being a 4-star review, which implies that the review should focus
on the positive aspects of the product. Therefore, the review did not meet the
coherence criterion set by the labeling function.

Note that an unfamiliar agent may not be interested in the intricate details
of the formal framework that leads to the system decision. Instead, they may
be more interested in understanding the factors that influence the system’s final
decision. To address this, we introduce two different functions: the Parents Expla-
nation Function and the Factors Explanation Function.

The Parents Explanation Function provides detailed information about each
step of the decision-making process, as demonstrated in Example 3. On the other
hand, the Factors Explanation Function focuses on presenting the specific factors
that play a role in the final labeling decision.

The purpose of the parents explanation function is to elucidate the connection
between the label of review r and the truth value of its parents. Additionally,
the following function can be employed to explain the truth value of the parents
of Acoh. This means that an agent can utilize the parents function to inquire
about the rationale behind the labeling of a given review, as well as to inquire
about the coherence of the review.

Note that, in the following Par(a) is the set of parents of a as it is presented
in Sect. 3, and grd(a) indicate the truth value of a in the grounded interpretation.
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Definition 8. (parents explanation) For any review (r, n) with corresponding
ADF D = (A,L,C) and label LF(r, n), an argumentation dialogue can be ini-
tiated to explain the label of the review or the coherence of the review. This
dialogue involves a user requesting an explanation using Q(a), to which the sys-
tem responds with an explanation Xa, where a ∈ {AH0 , AH1 , AH2 , Acoh}. The
request takes the form of, Q(a) = { Why is grd(a)?}

The label explanation XLF (a) clarifies that {a is grd(a) because grd(Par(a))}.
As an agent, it may seem vague to hear about the truth value of the argument

in the grounded interpretation of D. An agent may ask about the factors that
has effect on the labeling by using factor explanation function, presented in
Definition 9.

Definition 9. Let LF(r, n) be the label of review (r, n). The inquiry can be
formulated as QF(LF(r, n)) = {Why is (r, n) labeled as LF(r, n)?}
The factor explanation FLF (LF(r, n)) clarifies that {(r, n) is labeled as LF(r, n)
because grd(Apol), grd(As), and grd(Aread)}.

7 Conclusion and Future Work

The vast number of online reviews can significantly impact a user’s decision-
making process. However, utilizing online information presents challenges, par-
ticularly in determining which reviews are genuinely helpful. In this study, we
address this challenge by employing formal argumentation, specifically Abstract
Dialectical Frameworks (ADFs), to identify helpful reviews. The labeling of a
review as helpful is based on two key features: the coherence between the review
and its score, and the readability of the review. We show that our labeling
method has a demonstrably positive effect on the performance of the classifiers.

One of the advantages of ADFs is their ability to incorporate additional argu-
ments and associated relations easily. For our future work, we aim to incorporate
additional features of a review, such as text complexity, to enable more precise
labeling of reviews. Moreover, in the current study, we classify reviews into three
categories: very useful, helpful, and unhelpful. By considering further features
of the reviews, we can potentially introduce additional categories of helpfulness
or even present the degree of helpfulness in a continuous manner. However, it is
important to acknowledge that a more precise labeling entails a more complex
combination of the input factors.

Furthermore, in our current work, we employ the Flair library to determine
the sentiments of the reviews. We are specifically interested in splitting the
reviews into smaller chunks and evaluating the sentiment of each chunk within
a review. This approach enables us to utilize the sentiment of each chunk as an
input argument. By doing so, we can define the notion of coherence between
the review and its assigned score more precisely. Additionally, this allows us to
provide a more detailed and vivid explanation of the labeling process to agents,
enhancing their understanding of how reviews are labeled.
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*We have chosen ADFs as the formalism to model the relationship between
review features and their corresponding labels. ADFs offer the advantage of rep-
resenting various types of relations between arguments. Unlike other formalisms,
ADFs do not require explicit indication of argument relations. Instead, these
relations can be implicitly represented by attaching acceptance conditions to
arguments in the form of propositional formulas.

In Definition 6, we present the extended form of ADFs specifically tailored
for reviews. For a given review, we only need to specify the acceptance conditions
of input arguments based on the sentiment, readability, and score of the review,
while the rest of the model remains fixed. By using the grounded semantics of
ADFs, we can evaluate the label arguments.

We used propositional formulas attached to the arguments in ADFs to pro-
vide an explanation of the label of a given review. This explanation can serve
as feedback to a writer, especially when their review is labeled as unhelpful in
our setting. In Example 3, we provide an explanation for a 4-star review that is
labeled as unhelpful in out setting.

While we employed a bottom-up reasoning approach to assessing the label of
a review based on the grounded interpretation of the associated ADF, we used a
top-down approach to explain the reasons behind the labeling. Labeling reviews
can be the first step in assessing the trustworthiness of reviews. After excluding
unhelpful reviews, we aim to use formalisms of argumentation to identify the
set of consistent reviews. Additionally, we are interested in evaluating product
strengths and weaknesses using argumentation frameworks.

As our current research has focused on labeling online product reviews, we
are interested in investigating whether the same methods can be applied to other
types of online information such as tweets.
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