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The aggregation of online reviews is one of the dominant methods of quality control for
users in various domains, from retail to entertainment. Consequently, explainable aggregation
of reviews is increasingly sought-after. We introduce quantitative argumentation technology
to this setting, towards automatically generating reasoned review aggregations equipped with
dialogical explanations. To this end, we define a novel form of argumentative dialogical agent
(ADA), using ontologies to harbour information from reviews into argumentation frameworks.
These agents may then be evaluated with a quantitative argumentation semantics and used to
mediate the generation of dialogical explanations for item recommendations based on the reviews.
We show how to deploy ADAs in three different contexts in which argumentation frameworks
are mined from text, guided by ontologies. First, for hotel recommendations, we use a human-
authored ontology and exemplify the potential range of dialogical explanations afforded by
ADAs. Second, for movie recommendations, we empirically evaluate an ADA based on a bespoke
ontology (extracted semi-automatically, by natural language processing), by demonstrating that
its quantitative evaluations, which are shown to satisfy desirable theoretical properties, are
comparable with those on a well-known movie review aggregation website. Finally, for product
recommendation in e-commerce, we use another bespoke ontology (extracted fully automatically,
by natural language processing, from a website’s reviews) to construct an ADA which is then
empirically evaluated favourably against review aggregations from the website.

1. Introduction

In an age in which e-commerce, social media and streaming platforms are dominant markets for consumers, items’ online reviews
are fast becoming the preferred method of quality control for users. Given the sheer quantities of users, items and reviews in these
domains, websites providing these services almost universally aggregate reviews so that the information is cognitively manageable by
users. Such websites include (among many others): Trip Advisor," which aggregates users’ reviews of hotels and other travel services;

3

Rotten Tomatoes> (RT), which aggregates critics’ (and, more recently, fans”) reviews of movies; and Amazon,® an e-commerce website
which provides users’ reviews of its products of many kinds. Indeed, it is becoming more and more difficult to find websites providing
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Fig. 1. An overview of ADAs, demonstrating their capacity for extracting aggregated review scores with dialogical explanations.

some catalogue of items to users without some form of reviewing capacity and aggregation thereof. These review aggregations are
very valuable to these websites, due to increased user interest that they facilitate [15]. A possible explanation for this increase is the
fact that they foster trust in users, since they provide a somewhat independent arbitration mechanism for quality, separate to the
provider (and any conflict of interests). Such is the importance of this trust that some popular review aggregations have even been
integrated in other websites, e.g. RT’s Tomatometer Score (TS) in streaming sites such as Apple TV and search engines such as Google.

This phenomenon is not without problems. Consider RT in the movie domain: numerous stakeholders have bemoaned RT’s ap-
parently detrimental effect on the movie industry,* with one of the more plausible claims being that the ubiquitous TS score (defined
in terms of the percentage of critics who believe a movie is fresh rather than rotten) oversimplifies a movie’s aggregated review and
“hacks off critical nuance”.> Another issue is the fact that the TS score represents the percentage of critics who felt anywhere from
mildly to wildly positively about a given movie, blurring away differences between critics with mixed, slightly positive views and
critics with rave, strongly positive views. Further, the TS score hides away critics’ preferences and factors which decrease the TS score
but may not have any relevance in a user’s personal selection criteria, meaning movies may be overlooked when they may actually
be perfectly suited to a user’s tastes. These issues are not confined to the movie domain, and result from the widespread opacity of
review aggregation sites, which make little effort to explain the reasoning behind the aggregations they provide. That being said,
simple numerical measures, such as the TS score, are useful and intuitive indicators for users of all backgrounds. In this paper, we
aim to alleviate the issues mentioned above while maintaining the existing advantages, by proposing a novel methodology for review
aggregation to complement simple numerical measures with dialogical explanations, which are drawn from the reviews underlying
the systems and empower users to interact with these systems. Our choice of such dialogical, and thus human-like, explanations is
influenced by the findings of [62], notably that explanations should be social, selective and contrastive.

Our methodology leverages techniques from computational argumentation, as understood in Al (see [6,9] for overviews). Generally,
this comprises formal models for representing and reasoning with knowledge to identify and resolve conflicts therein. While structured
argumentation frameworks (e.g. see [13]) rely upon a fine-grained representation for arguments and dialectical relations between
them based on the arguments’ components, we focus on a more abstract view of arguments, as in abstract argumentation [36]. Here,
arguments, linked by a dialectical relation of attack in a graph, are evaluated by means of a semantics. In our setting, arguments
abstractly represent the “goodness” of items and/or their features. Note that our use of unstructured arguments allows us to distill
the views expressed in reviews, rather than spelling out the structure of arguments therein, which may be enthymemes [46], i.e.
with missing premises. For example, a reviewer may state the view that the acting in a specific movie was great/poor without stating
why, e.g. in terms of which actors’ performances specifically led to this conclusion: we represent this view as a positive/negative vote
(respectively) on an unstructured argument about the acting’s goodness in the movie.

4 https://www.theatlantic.com/amp/article/543090/.
5 https://nyti.ms/2xcXS0Y.
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Our methodology makes use of quantitative bipolar argumentation frameworks (QBAFs) [10], which include, in addition to the
attack relation, a dialectical relation of support, as well as base scores for arguments, obtained in this paper from positive and negative
votes drawn from reviews. Using these QBAFs we define the novel concept of argumentative dialogical agents (ADAs), overviewed
in Fig. 1. Rather than simply aggregating reviews on an item using averaging techniques and the like, as is commonly the case on
leading websites, an ADA, equipped with an ontology, first employs natural language processing (NLP) to break down the reviews
into a feature-based review aggregation. This ontology may be given manually (as is the case for all illustrations until and including
Section 7) or automated to various degrees (as we will demonstrate in Section 8), allowing rich, feature-based representation of the
reviews to be obtained in a number of settings. Then, the ADA extracts a QBAF corresponding to the feature-based review aggregation,
and then applies argumentative semantics to obtain a quantitative strength for arguments/items corresponding to the other measures
in the literature. Our theoretical contributions then highlight how certain semantics satisfy properties which are particularly desirable
in this domain. Finally, the ADA complements the argumentative strength with dialogical explanations detailing to users how the
score, amounting to the quantitative strength of items, was obtained, thus guaranteeing that the ADA is explainable.

The paper is structured as follows. After considering related work (Section 2) and giving the necessary background (Section 3),
we begin by defining the extraction process underpinning ADAs from reviews and an ontology to a feature-based review aggregation
via NLP techniques, where each feature is weighted by votes extracted from the reviews (Section 4). We then define the process of
abstracting QBAFs from review aggregations, proving several properties of the resulting QBAFs which are desirable in this setting
(Section 5). Following this, we undertake a formal analysis of three argumentative semantics in this setting specifically, evaluating
their suitability here based on properties from the literature in order to select the most appropriate method for generating an argu-
mentative strength (Section 6). We then define the final step, from the QBAF to the dialogical explanations (Section 7). Throughout
these sections, we illustrate ADAs’ components with a running example as a first case study in the hotel review setting, mimicking
information from a website such as Trip Advisor, with a human-authored ontology. Next, we detail two case studies (Section 8). The
first demonstrates an ADA being applied to movie reviews (Section 8.1), based on a bespoke ontology, extracted semi-automatically
via NLP, and compare it with the TS score from RT, the aforementioned movie review aggregation website. The second case study
demonstrates an ADA for product recommendation in e-commerce (Section 8.2). Here, we use a further bespoke ontology, this time
extracted fully automatically via NLP using reviews on Amazon’s website. Finally, we conclude, looking ahead to future work (Sec-
tion 9).

This paper builds upon and expands [30] in a number of ways (in addition to fixing typographical errors and simplifying notation):

We generalise the ADA framework so that it works in any domain where an ontology is available or can be extracted, besides
and beyond movies with the application-specific ontology we used in [30].

This general framework provides a more accurate representation of the argumentation involved, e.g. giving arguments an explicit
polarity.

We undertake a comprehensive analysis of the properties of ADAs in general, as well as of the properties of argumentative
semantics which may be used to obtain an argumentative strength here.

We exemplify ADAs’ potential in new contexts, i.e. in the hotel and e-commerce domains. For the latter, we use a novel method
for automatically generating an ontology in the e-commerce domain first sketched in [65].

We adapt the dialogical explanations from [30] to a different context, demonstrating its generality.

2. Related work

2.1. Review aggregation and argumentation

With regards to argumentation-based review aggregation, our method bears some similarities with [23,22,21]. These works define
a rating system to represent a collection of reviews as an abstract argumentation framework [36], with each review as an argument
and weighted attacks extracted between those which concern a similar topic and contradict one another w.r.t. the rating. The authors
show how their method affords explainability, but do not use any support relation or gradual evaluation in their approach and,
furthermore, do not envisage that multiple arguments may be drawn from the same review, as we do, driven by ontologies. Another
related work, [19], uses a semantic network of topics manually associated to arguments in abstract argumentation frameworks with the
help of labels (hashtags), to obtain multi-topic argumentation frameworks analysed in terms of a variant of classical acceptability [36]
defined in terms of a notion of distance of arguments in the semantic network. While this work shares with our proposal the use of
semantic information (a semantic network in [19] and an ontology in our ADA framework), again they do not use any support relation
or gradual evaluation in their approach and, furthermore, they do not envisage or support the mining of arguments and relations
from reviews.

Meanwhile, [95] utilise argumentative reasoning in this domain by mining arguments from reviews, but they deploy a different
form of argumentation framework to that considered here. Specifically, the authors use argumentation schemes [93], i.e. pre-determined
templates of argumentative dialogues, to highlight argumentative patterns in reviews for users. Argument schemes were also used
in [63] to model the reliability of reviews. While our approach is more constrained than these argument schemes in the types of
arguments we allow, we introduce an end-to-end pipeline for explainable review aggregation driven by gradual semantics. Cross-
fertilisations between the approaches, which we believe could be fruitful, are left to future work.
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Other relevant research on review aggregation concerns the evaluation of the linguistic quality of reviews, e.g. [42,94,48,35], but
none of these existing works consider the quality from an argumentative viewpoint. However, evaluating our approach on metrics
such as the helpfulness to users, as is considered in all of these approaches, would be interesting future work.

2.2. Argument mining

Argument mining is a well studied field (see [51,50] for recent overviews). It can be seen as an advancement of sentiment analysis
and opinion mining (as indicated in [44,51]). Whilst the goal of sentiment analysis and opinion mining is to identify what users
think, the goal of argument mining is to understand the reasons why users think the way they do, not limiting to opinions and their
sentiment polarity. In our setting, one can see opinions as arguments as to why users should or should not choose an item (e.g. a
movie).

Amongst several views on argument mining, the one we use is closest to the one referred to as relation-based argument mining
in [20] and used, e.g., in [16], where attack and support relations are mined from tweets, i.e. texts which are similar in size to the
review snippets we consider in this paper. In our experimental evaluations in Section 8, we use two different techniques for supporting
relation-based argument mining: one adapting feature-based sentiment analysis and the other based on deep learning [31].

Several works with applications in the movie setting make use of (feature-based) sentiment analysis and machine learning tech-
niques. Related works include those proposing aggregation methods for recommending movies [97] and document-level sentiment
analysis in the movie setting [59,14,84,88,25]. Other works focus on extracting important features from reviews using machine
learning techniques [99,66,47].

Our dialogical explanations can be seen as an argumentation-based summary of reviews. [38] propose a general summarisation
framework based on abstract argumentation to select sentences from text. This summarisation extracts the most relevant information
(arguments) from reviews. We use the mined arguments and relations to generate votes that are used to obtain argumentation
frameworks.

2.3. Explainable AI and argumentation

The ability of argumentation to represent and reason with knowledge while transparently resolving conflicts has proven useful to
support various forms of explainable Al (see [33,91] for recent surveys), e.g. in computational optimisation, where schedules can be
explained by means of argumentation frameworks [32], and in recommender systems, where human-like, interactive explanations
can help to increase transparency of the models’ internal functionalities [71]. More generally, argumentation can be used to explain
Al models’ processes in generating outputs and managing conflicts, e.g. between two mutually exclusive options, in a manner which
may be seen as being much more amenable to humans than the AI methods. For example, it has been argued that the majority of
statements in explanation [4], and in fact all reasoning performed by humans [58], are argumentative. Further, many of the desirable
features of explanation, notably that they should be social, selective and contrastive [62], may be supported by argumentation, as
we will discuss in Section 7. AI models which have been explained argumentatively include neural systems commonly seen as “black
boxes” [43], e.g. [1,83,8] provide argumentation-based explanations for the workings and outputs of neural classifiers. Our focus in
this paper is on providing a transparent, argumentation-based method for explainable review aggregations, with the help of black-box
techniques to support the mining of argumentation frameworks.

2.4. Conversational Al

Conversational Al systems have become extremely popular as the technologies behind speech recognition and NLP have allowed
machines to converse in an ever more human-like manner, as exemplified by the widespread use of virtual assistants, e.g. Ama-
zon’s Alexa, Microsoft’s Cortana, Google Assistant and Apple’s Siri. Such conversational Al systems have been shown to be useful in
numerous settings: information retrieval and search [98]; preference elicitation in recommender systems [29]; and explanations of
predictions or classifications [72]. Our dialogical explanations can be seen as a template-driven form of conversational Al, driven by
the argumentation frameworks resulting from review aggregations.

Recently, earlier forms of conversational Al technologies have been somewhat upstaged by the meteoric rise of large language
models (LLMs) such as in [18,87,28]. These multi-billion parameter models are trained on enormous datasets to produce incredibly
rich and realistic conversational interactions with humans across a wide range of tasks. While these LLMs could in principle be applied
to review aggregation, they lack explainability. Indeed, as is often the case with data-driven approaches [79], while the outputs
delivered by LLMs may be remarkably convincing, these models are “black-boxes”, in that the reasoning for their outputs is often
not only difficult to explain but completely uninterpretable to humans. Further, LLMs are known to be prone to “hallucinations”
[781, i.e. outputs which may be spoken in the utmost confidence and sound convincing but are, in fact, completely false. These
issues are particularly problematic in review aggregation on commercial websites, where the trust between stakeholders, e.g. the
reviewers, the producers/purchasers of the items or the owners of the website, is critical but also precarious. Hallucinations, or even
just outputs without justification via the model’s reasoning, could immediately render a review aggregation useless from a user’s
perspective since the aggregation would be seen as being unfair. Some attempts have been made to use LLMs to provide explanations
for recommendations in the literature [53,76]. However, to the best of our knowledge, they have not yet been proven to be faithful
to the method for generating the recommendations: whether the LLM itself is providing the recommendation or not, we have no
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Fig. 2. Graphical representation of a simple QBAF (A, L™, L%, 7) where A = {a,,a,,a3}, L™ = {(a5,a))}, LY = {(a3,a))}, 7(a;) = 0.5, 7(a,) = 0.8 and 7(a3) =0.2.
Here, the arguments are represented by nodes in the graph and the attack and support relations are represented by red edges labelled — and green edges labelled +,
respectively. (The base scores are not visualised in the graphical representation.) (For interpretation of the colours in the figure(s), the reader is referred to the web
version of this article.)

guarantees that it is in fact explaining this process. In fact, it has been shown that the explanations offered by LLMs for their outputs
across different settings are not always faithful [89].

There is, therefore, a need for review aggregation systems which utilise the immense power of Al but are, critically, faithfully
explainable, in that their reasoning process is completely transparent to users in order to maintain their trust. Our ADA framework
aims at filling this gap: while we focus on showing how it can support template-driven dialogues, we believe it could be naturally
enriched with the power of LLMs. This enrichment could occur at different points on the pipeline in Fig. 1, e.g. mining our specific
form of ontology using fine-tuned LLMs, as overviewed in [96] for different settings, or generating more natural interactions with
humans, such as by rephrasing the template-based responses, as we will discuss in Section 7. We leave the exploration of these
interesting directions of study for future work.

2.5. Dialogical argumentation

Dialogical argumentation has been studied in various settings, e.g. dialogue games for argumentation [69], persuasion dialogue
[70] and strategic argumentation [45]. Similarly, argumentation has also been used to support dialogical agents in games [7], negoti-
ation [57] and decision making with goals [37]. Argumentation-based chatbots have also risen to popularity recently, with a number
of goals such as supporting debate [81], persuasion [24] and explanation [80]. We focus on this final use, for supporting the exchange
of explanations with users, which has been attempted for a number of tasks other than review aggregation, e.g. in explaining rein-
forcement learning models [55] or knowledge-based systems [5]. Meanwhile, the advantages of argumentation in driving (dialogical)
explanations have also been exploited in the recommender systems domain, which is closely related to that we consider here. The
argumentation-based explanations for recommendations in the system of [72] are generated automatically from data without any
need for knowledge to be manually incorporated. This system provides argumentation explanations of recommendations that support
conversational interactions with a user, both aiding the transparency of the system and guaranteeing that recommendations are im-
proved based on the elicited feedback from the user. Some [27,17,85] use defeasible logic programming (DeLP) [40], another formal
argumentation model, to enhance recommendation technologies with argument-based analysis. The movie recommender system of
[171] relies on a set of predefined postulates describing the conditions under which a movie should be recommended to a given user
and which can be translated into DeLP rules. Our dialogical explanations are extracted from a form of quantitative argumentation
mined from reviews with the help of NLP techniques.

3. Background

Asin [10], a QBAF is a quadruple (A, £, L, 7) consisting of a set .A of arguments, a binary (attack) relation £~ C A X A, a binary
(support) relation Lt C A X A and a total function 7 : A — [, for [ a set of values, where, for any g; € A, 7(a;) is the base score of a;.
For any argument a; € A, we use L7 (q;) = {a; € Al(a;,a;) € L7} to refer to a;’s attackers and Lt (a;) = {a; € Al(aj,a) € Lt}
to refer to a;’s supporters. Also, for any arguments a;,a; € A, we let a path from g; to a; via a relation £ C A X A be defined as a
sequence (ag,a,), ...,(a,_;,a,) for some n> 0 where ay = g;, a, = a; and, for any 1 <k <n, (a;_;,a;) € L. Then, we say that a QBAF

(A, L7, LY, 7) is a tree iff Ja; € A (called the root) such that i) E(aj,-,aj) € L™ U LT; ii) Va, € A\ {qg;}, there is a path from g, to g;
via £~ U L*; and iii) Aq; € A with a path from g, to g;.

QBAFs can be equipped with a number of gradual semantics [10], which are total functions ¢ : A — [ and which, for any a4, € A,
assign a strength o(a;) to a;. For any set of arguments S C .A, we denote o(.S) a sequence (in any order) of all elements of the set
{o(a;)|a; € S} (thus 6(S) € I*, where [* is the set of all sequences of elements of [). When comparing two sequences ¢(S;) and 6(.5,),
for S, S, C A, we will treat the sequences as multi-sets. Throughout this paper, we will use [ = [0, 1].

In our theoretical and experimental evaluation, we will consider three gradual semantics for QBAFs:the Quantitative Argumentation
Debate algorithm (QuAD, indicated in the remainder with crq) [11], the Discontinuity-Free Quantitative Argumentation Debate algorithm
(DF-QuAD, indicated in the remainder with ;) [75] and the Restricted Euler-based semantics (REB, indicated in the remainder with
6,) [3]. We briefly recap them below, for a given QBAF (A, L™, L",7), and exemplify them in the case of the QBAF given in Fig. 2.

In QuAD, the strengths of an argument’s attackers and the strengths of its supporters are first combined (separately) with the
argument’s base score, before these two combined scores are aggregated to give an overall strength for the argument. Formally,
for a; € A, o,(a;) = g(v(ay), Fo(r(a;),0,(L™(a)))), Fy(z(ay), cq(£+(ai)))) where, if (ay,...,a,) is an arbitrary permutation of the (n >
0) attackers in L7 (a;), 6, (L7(a) = (o,(ay), ..., 6,(a,)) (similarly for supporters). The operator g : | X 1 U {nil} X 1 U {nil} — [ is
defined, for vy,v,,v; €1, as: if v, = nil and v, # nil, g(vy,v,,0,) = v,; if v, = nil and v, # nil, g(vy,v,,0,) = vg; if v, = v; = nil,
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————-p

[ fo - view ] [ ft - transport ] [ fiw - walking ] fp - personnel

Fig. 3. Graphical representation of the item ontology for the running hotel illustration. A child feature is related to, but more specific than, its parent feature, e.g. f,
is more specific than f;.

g(vg, v, Us) = vy; otherwise g(vg, v,,v) = U"Tﬂ): Letting X stand for either a or s, the operator F is defined as 7, : I — [, where
for S = (vy,...,v,) €I¥, (Wy,...,w,) is an arbitrary permutation of the non-zero elements in S:® if n = 0: F, (v, S) = nil; if n = 1:
Fy(vg,S) = fy(vg, w); if n> 1: Fy(vg, (wy, ..., w,)) = fy(Fy(vg, (Wy, ..., w,_1)), w,); with the base expressions f, : 1 x1— [ defined,
for vg,v €1, as: f,(vy,v) =vy - (1 —v) and f((vy,v) = vy + v — vy - v. For the QBAF in Fig. 2, for both a, and aj; it holds that
v, = nil and v, = nil, and thus o,(ay) =1(ay) = 0.8 and o,(a3) = t(az) =0.2. Then, for a;, we obtain v, =0.5- (1 -0.8) =0.1 and
v, =05+0.2-(0.5-0.2) =0.6, and thus o,(a;) = 322 =0.35.

In DF-QuAD, discontinuities in the strengths given by QuAD are avoided by first combining the strengths of an argument’s attackers
and the strengths of its supporters (separately), before the argument’s strength is calculated as either decreasing or increasing the base
score depending on which of the attackers or supporters, respectively, are stronger. Formally, for any g; € A with 7(a;) =vgand n >0
attackers with strengths vy,...,v, and m > 0 supporters with strengths Ul, ,u:n, o4(a;) =C(vy, F(vy,...,0,), T’(v’l, ,u:n)), where
the combination function, C, is defined as follows, for v, = F(vy,...,v,) and v, = F(v’l, vl ) if v, = v then C(vg, v, v5) = vy; else
if v, > v, then C(vy, v,, ;) = vy — (Vg - |V — v,|); otherwise C(vy, v, v,) = vy + (1 —vy) - |[vg — v,]). Given n arguments with strengths
U1y Uy, if =0 then F(vy,...,v,) =0, otherwise F(vy,...,v,) =1 —[]_ (|1 = v;]). For the QBAF in Fig. 2, for both a, and a5 it
holds that v, = v, =0, and thus 6,(a,) = 7(a,) = 0.8 and o,(a3) = v(a3) = 0.2. Then, for a;, we obtain v, =1— (|1 —0.8]) =0.8 and
vy=1-(]1-0.2])=0.2. Thus, v, > v, and 64(a;) =0.5—-(0.5-]0.2 - 0.8]) =0.2.

The REB semantics is such that the difference between the summated strengths of an argument’s attackers and the summated
strengths of its supporters is calculated, before this is combined with the argument’s base score to give an overall strength for the

argument. Formally, for a; € A, 0,(q;)) =1 — 1-c(a)” + where E = Za er+a) 0r(a;) = Zakeﬂ_(a[)ﬁr(ak). For the QBAF in Fig. 2, for

1+7(a;)-e
both a, and a; it holds that E =0, and so ¢,(a,) = 1 — =% 8 =08 and 0,(a;) =1 — 1”%222 =0.2. Then, for a;, E=02-08=-0.6
and 50 o,(a;) = 1 — 1:&% —0411.

Note that, even in this simple example, the three gradual semantics we consider give different strengths for a;, and so it is critical
to assess theoretically their suitability for review aggregation: we will do so in Section 6.

4. ADAs: from item ontologies to review aggregation frameworks

In this section we introduce the first component in the pipeline of argumentative dialogical agents (ADAs), our formalism for
explainable review aggregation (as overviewed in Fig. 1). This component relies upon the association of votes, expressed in reviews,
with components of an ontology. The ontology serves as a feature-based characterisation of the items being reviewed, which may be
hotels, movies or products, for example.

Definition 1. An item ontology for an item x is a tree (N, £) such that:

« N ={x}UTF where F is a non-empty set of features for the item x;
« £CFX({x}UF)is a directed acyclic relation such that Vn; € N\ {x} (equivalently, Vn; € F), dln; € N where (n;, n;) € &; we
say that n; is the (unique) parent of n; and that n; is a child of n;; with an abuse of notation, we let £(n;) = n;.

Note that, given that we do not impose that x has a parent, necessarily it is the root of the tree.

Intuitively, an item ontology represents a reviewed item along with its features, organised in a tree. Typically, any parent feature
is more general and less specific than its child features, which is nonetheless related to the parent. For example, in the hotel domain,
a feature about transport is more specific than one about location, as location is characterised by transport, amongst other features.
Also, in the movie domain, a feature representing the specific actor Ralph Fiennes may be the child of the feature representing acting
in general.

Here and up to Section 8, we will exemplify our approach using a running example in the context of hotel reviewing, as an
illustration of our proposed methodology. A simple item ontology (for a generic hotel x;,) is graphically represented in Fig. 3.

Item ontologies may be obtained in a number of ways with varying levels of automation: they may be manually constructed based
on human judgement, as in the case of our running hotel example; they may be semi-automated, in that a subset of the features

6 This formulation is a modification of the original formulation of ¥, in [11], in which (wy, ..., w,) was not used.
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are given by hand before the others are obtained from reviews using NLP techniques (as we shall do in Section 8.1); or they may
be fully-automated, in that they are entirely extracted from reviews by NLP techniques (as we shall do in Section 8.2). These item
ontologies facilitate the extraction of QBAFs from reviews, as we will see.

Once an item ontology has been obtained (from human input and/or NLP techniques), ADAs use votes (on the item or the features)
drawn from reviews as a basis for aggregating the reviews in an orderly and convenient argumentative structure.

Definition 2. A review aggregation framework for an item x is a triple (O, R, V) where:

« O=({x}UF,&) is an item ontology for x;
+ R is a finite, non-empty set of reviews;
* V:RX({x}UF)— {—,+} isa (possibly partial) function, with V(p, n;) representing the vote of the review p€ R on n; € {x}UF.

Straightforwardly, a positive/negative vote from a review on a feature of the item signifies a positive/negative, respectively,
review of that feature and a positive/negative vote on x signifies a positive/negative, respectively, review of the overall item. Note
that we assume that each review expresses at most one opinion (vote) about each node (item or feature) of the ontology. In doing so,
we require that nodes for which there are multiple possible votes, e.g. where multiple contradictory opinions on a node are present,
are characterised here by the “predominant” vote, the selection of which will depend on the application. For illustration, in the hotel
example, consider a review which contains three comments concerning the hotel’s food (f r ), two of which are positive (i.e. that, at
breakfast, the eggs are great and, at dinner, the pancakes are spectacular) and one is negative (i.e. that the room service offers very
limited choice of food). In this case we opt to extract one positive vote on f, only from this review, given that this represents the
majority and thus the predominant vote. We impose this restriction for simplicity only: accommodating other, more complex voting
mechanisms would not be problematic (but may exhibit different behaviour to what we describe in this paper). Note that we assume
here that votes are given, as our focus is on illustrating the machinery we are introducing rather than deploying it. We will explore
ways to obtain votes automatically from reviews and ontologies, with the support of NLP techniques, in the case studies in Section 8.

Given that reviews may not explicitly contain all of the information useful to review aggregation, we allow review aggregation
frameworks to be augmented by exploiting the parent relation in item ontologies.

Definition 3. Given a review aggregation framework (O, R,V) for an item x, where @ = (N, £), an augmented review aggregation
framework for x (corresponding to (O, R,V)) is a review aggregation framework (O, R, V') for x such that for any p € R and n; € N:

+ if n; is a leaf then:
- if V(p,n;) is defined, then V'(p,n;) = V(p,n;); else
- V'(p,n;) is undefined.

+ if n; is not a leaf then:
- if V(p,n;) is defined, then V'(p,n;) = V(p,n,); else
- if [{n; e N|Em)) =n, V' (p,n)) = +}| > [{n, € N|Emy) = n;, V' (p, ny) = —}| then V' (p,n;) = +; else
- if |[{n; € N'|Em) = n;, V' (p,n;) = +}| < |{n € N'|E(my) =1, V' (p, ) = —}| then V' (p,n;) = —; else
- V'(p,n;) is undefined.

Intuitively, in augmented review aggregations, any positive or negative augmented vote can only be the result of positive or
negative, respectively, votes for child nodes outnumbering those which are negative or positive, respectively. Thus, in augmented
review aggregations, we allow a positive or negative vote for an argument to be seen as a positive or negative vote, respectively, for
the argument’s parent.

Augmented review aggregation frameworks are well-defined, in the following sense:

Proposition 1. Any augmented review aggregation framework (O, R, V) for x, where O = (N, ), is such that for any p € R and n; € N,
V(p, n;) takes exactly one value in {—,+} or is undefined.

Proof. Follows directly from the fact that O is a tree. []

Proposition 2. For any review aggregation framework (O, R, V) for x, where O = (N, E), there exists exactly one augmented review
aggregation framework (O, R, V') for x.

Proof. By Proposition 1, any n; € N takes exactly one value in {—,+} or is undefined. Then, it can be seen from Definition 3 that,
if n; is a leaf, whether it takes one value or is undefined is determined by its votes. Further, Definition 3 also shows that if n; is not a
leaf, whether it takes one value or is undefined is determined by its own votes and those on its children. Thus, there can only be one
unique augmented review aggregation framework (O, R,V’). []

For illustration, consider the reviews in Table 1, and let R = {p{, p,, p3,p4, p5}. Then, Table 2 shows possible votes V in the hotel
setting, making use of the nodes in the ontology in Fig. 3, as well as V’ in the augmented review aggregation framework, drawn from
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Table 1
Example hotel reviews for the running example.

Review p,; This hotel is absolutely beautiful. Our room was gorgeous. The service was great and the food was good as well. I do have one complaint. The
hotel is located in a hard to find location in Chicago and it takes more than one hour walking to reach any tourist attraction.

Review p, I stayed at this hotel when I had to attend a conference in Chicago. I'm truly glad that I will never have to stay here again. The website does a
great job of creating an illusion. The hotel is terrible. The view is non-existent, all I could see was the bricks from the neighbouring building. The
location was not great either as there were no close transport links. On the bright side, the internet was very fast and the service was good.

Review p; I have stayed in hotels all over the world, and this is probably the worst that I've ever experienced. The personnel were unaccommodating, in
particular the guy at the front desk was condescending and not even remotely helpful. If you’re here to visit, then the location of the hotel is not
good, there are no transport links nearby.

Review p, The room was not too clean but there are many nice cafes within walking distance, the internet is fast, and my room had a nice view.

Review ps The location is good, walking distance to the office I visited. The internet was reliable. I found the room to be incredibly dusty and the food
not to my liking.

Table 2

Votes for the ontology in Fig. 3 from the reviews in Table 1 (where +
and — indicate a positive and a negative, respectively, vote), as well
as augmented votes (where @ and © indicate a positive and a nega-
tive, respectively, augmented vote in the augmented review aggregation
framework).

N R S R T R TR )
noo+ o+ o+ - + -
no- -+ o+ - -

P - = S} - -
Py 52} = (7] + + +
Ps - -+ ¥ +

V and from the edges of the ontology. To illustrate the augmentation process here, consider the votes from p,: despite the fact that
the review gave more positive than negative votes for the child nodes of x,,, this does not override its negative vote on x;,. However,
if we consider p3, we can see that it has not given a vote for f, but has voted negatively for f,, and so we augment a negative vote
for f,. Meanwhile, for p, we can see that a positive vote is augmented for f;, which then leads to a positive vote being augmented
for x,,. After these augmented votes have been added, no more augmentation is possible, e.g. no vote is augmented for x;, from p5 as
the number of positive and negative votes for its child nodes are equal, and so the process is complete.

The augmented review aggregation is final in that no further votes can be augmented after the process has been completed once:

Proposition 3. Let (O, R, V) be an augmented review aggregation framework for x, where © = (N, £). Then, the augmented review aggre-
gation framework (O, R, V') for x is such that V' = V.

Proof. Consider any n; € N If n; is a leaf, we can see from Definition 3 that if V(p, n;) is defined, then V'(p,n;) = V(p, n;), and if
V(p,n;) is undefined, then V'(p,n;) is undefined. If »; is not a leaf, let us assume that {n; € Nlé’(nj) =n;, V' (p, nj)=+}={n; €
NIE®m)) = n, V(p,n;) = +}| and |{n, € N'|E(ny) = n, V' (p,my) = =}| = |{n, € N'|E(ny) = n;, V(p,n;) = =}|. Then, in all cases in
Definition 3, if V(p, n;) is defined then V'(p,n;) = V(p,n;), and if V(p, n;) is undefined then V'(p, n;) is undefined. Thus, given the fact
that O is a tree, we can see that the assumption holds and V' =V. []

In the remainder, unless specified otherwise, we will assume as given a review aggregation framework (O, R, V) for an item x,
where O = (N, €) and N = {x} UF, assuming that it is already augmented.

5. ADAs: from review aggregation frameworks to QBAFs

We now define how to obtain QBAFs from (augmented) review aggregation frameworks, with the purpose of representing the
information in the reviews for an item argumentatively so to calculate the strength for the item, according to a suitable gradual seman-
tics, and allow explanations to be produced for the “goodness” of the item, in line with its strength, according to the argumentative
analysis of the aggregated reviews.

In order to do so, we first introduce our notion of arguments corresponding to entities within the review aggregation framework.
Here and onward, for any n; € N, we let aggregations of the positive and negative votes on n; be V*(n;) = |{p € R|V(p,n;) = +}|
and V™ (n;) = |{p € R|V(p,n;) = —}|, respectively. We note the following, straightforward, result.

Proposition 4. For any n; € N:

< if V¥(n;) =|R|, then V= (n;) =0;
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- if V=(n;) = |R|, then V*(n;) =0.
Proof. Follows from the definitions of V* and V~. [J

Definition 4. The set of arguments corresponding to (O, R, V) is A = {a(n;)|n; € N'} for some argument mapping a which is a bijection
a : N — A. We will use bipolar argument mappings assigning a (positive or negative) polarity to arguments in .4 as follows:

« a(x) has positive polarity;
- for any f; € F, a(f;) has positive polarity iff V¥(f;) >V~ (f});
- for any f; € F, a(f;) has negative polarity iff V*(f,) < V= (f;).

Note that we see arguments as abstract entities, in the spirit of abstract argumentation [36]. They are matched with elements
of the ontology (by ) and can be read succinctly as stating that the matched elements have been positively or negatively reviewed
(depending on the polarity), but without explicitly providing evidence from the reviews in the form of premises for the arguments.
We leave to future work instantiations of our method to accommodate structured arguments. Note also that the choice of argument
mapping is somewhat arbitrary, other than requiring that there is a one-to-one mapping with the item and features in the ontology.
Note also that the argument corresponding to the item is always positive so as to align with the many review aggregation methods,
e.g. products on e-commerce websites or movies on streaming platforms are reviewed on a single (positive) scale. Furthermore, note
that, for the case of V*(f;) = V™ (f;), we arbitrarily choose a positive polarity to lean towards positive aggregations.

We will use superscripts + and — to denote positive and negative polarity, respectively, and superscript * for unspecified polarity
(amongst + and —). We will also refer to any argument a:' = a(f;) with positive polarity as a positive argument (corresponding to f;)
and to any argument with negative polarity a; = a(f;) as a negative argument (corresponding to f;). Intuitively, a positive argument
represents the reviews being generally positive on the item or one of its features (that to which the argument corresponds), while a
negative argument represents that the reviews are generally negative.”

For illustration, in the running hotel example, the argument corresponding to x,, is a/, i.e. a positive argument for the hotel (as
is always the case for items), the argument corresponding to f, is a}, i.e. a positive argument for the view since, as per Table 2,
V*(f,) = V~(f,), and the argument corresponding to f; is a, i.e. a negative argument for the location since V*(f;) < V= (f)).

In order to formulate QBAFs, in addition to the arguments we must also determine their base scores and attack and support
relations. We use votes to define base scores and argument polarity for defining the relations, as follows:

Definition 5. Let ¥ = { f}, ..., f,}. Then, the QBAF corresponding to (O, R, V) is (A, L™, L, 7) where:

s A={ax),a(f)),....,a(f)} = {aar,a*, ...,ay} is the set of arguments corresponding to (O, R, V) (for some «);
* LT CAXA is such that Vn;,n; € ,N‘, where a? = a(n;) and a;f =a(n)), (al’.‘,a;f) € L™ iff n; = &(n;) and

7, or
T
* LT C AX A is such that Vn;,n; € N, where a; = a(n;) and a;f =a(n;), (a;*,a;f) € L* iff n; = E(n;) and
- af =af and a; =a;’, or
s - £ g
-a'=a andal=a’;
1 1 J J
v+(a;)—v-(aar)
IR

- a=af and a} =a
—-a'=a anda*=a
i i J

+ —V(f:
and, Vi € {1,...,n}, (a’) = LYV UL

. +y — .
2(a?)=0.5+05 T

Proposition 5. Given any QBAF (A, L™, LT, 1) corresponding to (O, R, V), for any a; € A, t(a;) €0, 1].

Proof. Follows directly from Definition 5. []
Note that the base score of the argument ag corresponding to the item has been adapted from [74], where several useful properties
thereof are shown. Intuitively, r(ag) =1 represents all reviews voting positively for the item while ‘r(a;) = 0 requires universally
negative votes. Note also that even when all reviews vote negatively towards an item, the corresponding argument is still positive
(with a significantly weakened base score), in order to align with industry standards, e.g. on Trip Advisor, Rotten Tomatoes and
Amazon. This differs from arguments corresponding to features, which may be positive or negative depending on the majority of the
votes. Here, the base score of an argument a; corresponding to a feature f; is such that z(a}) = 0 requires equal positive and negative
votes from the reviews on f; while 7(a}) = 1 requires universally positive (negative) votes on f; if a; = a;r (a; = a7, respectively).
As regards the definition of the attack and support relations, we impose that there is some form of disagreement between arguments
for an attack to be present and only agreement for a support to be present. Thus, an attack is defined as being between a negative
argument and a positive argument, while a support is between two positive arguments or two negative arguments. Note also that we
exclude that £~ = A X A and Lt = A X A as the QBAF reflects the graphical structure of the ontology and thus, in particular, the

7 Note that we depart here from the original formulation in [30] in that positive and negative arguments are not defined explicitly in [30].
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Fig. 4. Graphical representation of the arguments (positive and negative arguments in green and red, respectively), attack relation (labelled —) and support relation
(labelled +) for the QBAF in the hotel example.

Table 3
Base scores () and strengths by the QuAD (¢,), DF-QUAD (o,) and REB (o,) gradual
semantics for the hotel example.

ay a}' a; a; af at al  a; a; a
T 0.5 0 0.2 0.2 0.8 0.2 0 0.6 0.4 0.2
o, 0.578 0 0.2 0.4 0.8 0.16 0 0.6 04 0.2
o, 0.672 0 0.2 0.36 0.8 0.16 0 0.6 0.4 0.2
o, 0.598 0 0.2 0.228 0.8 0.175 0 0.6 0.4 0.2

argument corresponding to the item can never attack or support any arguments. For the arguments’ base scores we use an intuitive
aggregation of reviews’ votes, which differs for arguments corresponding to the item or otherwise, since the former is always a positive
argument, whereas the latter may also be negative arguments.

A graphical representation of the QBAF for the running hotel example is shown in Fig. 4 and base scores for the arguments are
given in Table 3 (the strengths given by each gradual semantics we consider, shown here, will be discussed in the next section).

In the remainder, unless specified otherwise, we will use (A, L™, L%, 7) to indicate the QBAF corresponding to (@, R, V) as per
Definition 5.

We posit that Lemmas 6-9 below demonstrate the intuitive behaviour of the base scores and the relevance and clarity of the
QBAFs in this setting.

The first lemma considers the cases where the maximum, minimum and midpoint are returned as base scores for the argument
corresponding to the item. They occur when the votes from reviews are universally positive, universally negative and equally balanced,
respectively, which we believe is intuitive here, given that the base score can be considered as a “starting point” for the strength
function.

Proposition 6. The following statements hold:
« t(af)=1iff V¥(x) = |R| (and thus V~(x) =0);
. r(ag_ =0iff V™ (x) =|R| (and thus V*(x) =0);
* (ag)=05 VT (x) =V (x).

Proof. Follows directly from Definition 5 and Lemma 4. []

Differently, for the arguments corresponding to the features, the maximum base score occurs when the votes from reviews are
universally positive for positive arguments and universally negative for negative arguments, while the minimum base score occurs
when they are equally balanced, which, again, we deem intuitive given the role of the base score in the gradual semantics.

Proposition 7. For any a} € A with af = a(f}), f; €T
s (@) =1iff:
- =+ and V*(f;) = |R| (and thus V~(f;)=0), or
- x=—and V" (f;) = |R| (and thus V*(f;) =0);
. T(a;f) =0iff VY(f)=VY(f).

Proof. Follows directly from Definition 5 and Lemma 4. []

The next proposition implies that attacks and supports are mutually exclusive, that all arguments have a path to the argument
corresponding to the item and that the QBAF is acyclic. The first means that there is no ambiguity between how one argument affects

10
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another, while the second enforces that all arguments are relevant to the item. Meanwhile, the last is due to the fact that the extracted
argumentative reasoning follows the parent-child relation £ from Definition 1, a core tenet of our approach, which, we argue, allows
for intuitive modes of interaction between the item and its (hierarchical) features, as we will demonstrate in Section 7. We leave to
future work the study of different forms of argumentation framework, e.g. QBAFs similar to ours but allowing for relations between
sibling arguments, as in [12], or less hierarchical, such as cyclic, representations, as in [23].

Proposition 8. The following statements hold:

s LTnLt=¢;

« for any a* € A with a* = a(f,), f; € F, there exists a path from a* to at via L~ U L¥;
Ly i i i i i 0

« for any a* € A, there does not exist a path from a* to a* via L~ U L*.
y 1 p 1 1

Proof. Follows from Definition 5 and the fact that (A, £, L%, 7) is a tree. []

The final lemma considers the case where no votes are present, ensuring that: the arguments are assigned the base scores corre-
sponding to the neutral points (as per Lemmas 6 and 7); and no attacks are present. In this situation, if the base score is considered
as a “starting point” for the strength function, arguments will affect one another minimally, as we would hope for with no votes from
the reviews.

Proposition 9. If Vn; € N, Vp € R, V(p, n;) is undefined, then:

. ‘r(aar) =0.5 and Va;.‘ €A\ {a(J)r 1 T(a;f) =0;
cLT=¢
* Vg, € N, where ai = a(ny), af = a(n;) and n) = E(ny), (a;,a)) € L*.

Proof. Follows directly from Definitions 4 and 5. []

Once QBAFs have been obtained, gradual semantics can be applied to calculate the strength for item and features. In an ADA,
the item’s strength (which depends on that of the features in turn) serves as both a quantitative evaluation of the item (see the next
section), resulting from the review aggregation, and to support the generation of dialogical explanations (see Section 7) for the item’s
evaluation based on this review aggregation.

6. ADAs: from QBAFs to item evaluation

In general, the choice of argumentative semantics for an application is based on the desirable behaviour it should exhibit in the
context of that application, which can be defined in the form of properties the semantics should satisfy. In this section, we examine
how the three different gradual semantics for QBAFs detailed in Section 3 (QuAD, DF-QuAD and REB) behave in the context of
review aggregation, assessing theoretically how well the semantics satisfy a number of properties, while arguing in what sense they
are desirable in our setting. We select these three semantics as they satisfy different combinations of these properties, but note that
we could have used other semantics, e.g. that introduced in [68]; we leave the analysis of other semantics to future work. We use
this analysis to select the most appropriate gradual semantics, amongst the three we consider, for the experimental analysis in the
case studies (Section 8).

We begin with an illustration, demonstrating how the three gradual semantics can be used in the hotel example to compute the
strength of argument a; in order to evaluate the item x, (see Table 3).®

« For QuAD, we first aggregate the strengths of the attackers, obtaining 7,(0.5,0.4,0.2) = F,(f,(0.5,0.4),0.2) = F,(0.5 - (1 —
0.4),0.2) = 7,(0.3,0.2) = £,(0.3,0.2) = 0.3 - (1 — 0.2) = 0.24. Similarly, we then aggregate the strengths of the supporters, giv-
ing 7,(0.5,0.8,0,0.16) = F,(f,(0.5,0.8),0,0.16) = F,(0.54+0.8 — 0.5 0.8,0,0.16) = 7,(0.9,0,0.16) = F,(£,(0.9,0),0.16) = F (0.9 +
0-0.9:0,0.16) = F,(0.9,0.16) = £,(0.9,0.16) =0.9 + 0.16 — 0.9 - 0.16 = 0.916. Finally, we combine the aggregated strengths of
the attackers and supporters with the base score to obtain the overall strength aq(aZ) =g(0.5,0.24,0.916) = 0.24+0916 _ () 578.
For DF-QuAD, we first calculate the aggregated strengths of a;’s attackers v, = 7(0.36,0.2) =1 — (|1 = 0.36]) - (|1 = 0.2]) =
1-0.64-0.8=0.488 and of a;l”s supporters v, = F(0.8,0,0.16)=1— (|1 —=0.8])- (|1 = 0])- (|1 - 0.16])=1—-0.2-1-0.84 =0.832.
Then, as in QuAD, we combine the aggregated strengths of the attackers and supporters with the base score to obtain the overall
strength ad(a;) =((0.5,0.488,0.832) = 0.5+ ((1 — 0.5) - |0.832 — 0.488]) = 0.672.

+ For REB, we first calculate the exponent E = 0.8+ 0+ 0.175 —0.228 — 0.2 = 0.547. Then, this is combined with the base score to

1-0.52
05057 = 0-598.

obtain the overall strength or(a;) =1-

8 Note that the arguments’ polarities make no difference to the semantics’ calculations.

11
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As this example shows, different gradual semantics may give rise to different item evaluations drawn from exactly the same
reviews. Thus it is important, towards deciding which semantics to adopt, to identify desirable properties for the review aggregation
context guaranteed by semantics.

In the remainder of this section, we adapt to our context the properties of (strict) balance and (strict) monotonicity given in [10] and
assess how they may or may not be useful for review aggregation. We also give a novel property (Property 3 below) which expresses
a desirable requirement for gradual semantics of QBAFs both in the context of review aggregation and elsewhere. We define the
properties w.r.t. a generic gradual semantics o. Then, we use the properties to undertake a theoretical analysis of the suitability of
the three aforementioned semantics in our setting. Note that, although strictly speaking we only define one novel property in this
section, compared to [10], our instantiation for the existing properties is novel, as is the proof of property satisfaction/violation for
the QBAFs specific to our review aggregation context.

In [10], a wide range of properties from the literature are shown to be implied by, or be instances of, a small set of parameterised
properties. Thus, for these properties to be deployed here, they need to be suitably instantiated w.r.t. the configurable parameters
in [10]. To this end, we will use the notation £5 = {(a;*,a;.‘) € L7 |o(a;) # 0} and £; = {(a], a;‘) € £+|a(a:?) # 0} to represent the
attackers and supporters, respectively, with a non-zero strength. We call arguments with a zero (non-zero) strength rejected (non-
rejected, respectively) arguments: we make this distinction because we believe that the former should not have an effect on the
arguments they attack or support, respectively. For illustration, in the hotel example we posit that it is intuitive that, since the
reviews of the feature “view” were neutral overall, its corresponding positive argument a? is rejected (as is the case for all considered
semantics, see Table 3) and has no effect on the strength of the argument a;, the negative argument concerning the location.

For the second choice of parameters in [10], i.e. that of <<, governing the strictness of the inequalities used to compare arguments’
base scores and strengths, we select <<=<t, where for m,n € [0,1], m <t n denotes m <nor m=n=1 or m=n=0, since this is
the strictest setting which differentiates the semantics we consider. It also makes sense in our setting of review aggregation, where
there are clear maximum and minimum values. We also make use of the comparison measures used to define the properties in [10],
whereby, for A, BC A: A is as strong as B w.r.t. ¢, denoted A =, B, iff 6(A) = 6(B), where we refer to the multiset of the strengths
of arguments in any X C A, i.e. {o-(a;.“)la;k € X}, as 0(X); A is at least as strong as B w.r.t. ¢, denoted A > B, iff there exists an
injective mapping f from o(B) to o(A) such that Va; € B, 6(f(a;)) > o(a;); and A is stronger than B w.r.t. o, denoted A >, B, iff
A>,Band B¥, A.

The first two properties, balance and strict balance [10], state that an imbalance between the strengths of an argument’s attackers
and supporters must correspond to a difference in its strength and its base score. They can be formulated as follows in our setting:

Property 1. A strength function o is:

* balanced iff for any a} € A:
1. If £5(af) =, E%’(a:‘) then o(a;) = (a}).
2. If Ea(a;*) >, E;'(al’.*) then o(a;) < 7(a)).
3. If Ea(af) <s E;(af) then o(a;) > 7(a}).
+ strictly balanced iff ¢ is balanced and for any a; € A:
4. If o(a}) < (a) then £a(a;.") > Ea'(a;.").
5. If o(a}) > 7(a]) then Ea(af) <y E;’(a;‘).

We believe that balance represents desirable behaviour for review aggregation because the base score gives the intrinsic strength
of an argument, and thus the item or feature it corresponds to, before it is affected by attackers and supporters, i.e. its child features,
so it makes sense to take this as the argument’s strength if none are non-rejected. This means that for our evaluation of each item or
feature, we start from an aggregation of the votes on that item or feature, respectively, before we consider the argumentative reasoning
on its children. We then posit that it is natural to assume that attackers (supporters), i.e. more specific child features which disagree
(agree, respectively) on the polarity of the more general parent item or feature do not increase (reduce, respectively) the strength
w.r.t. the base score of their parent, given the nature of these relations and how they are obtained as per Definition 5 to represent
disagreement (agreement, respectively). For illustration, in the hotel example we would expect that o-(aj)’) = ‘r(a:j) =0 since the base
score is the only information available to us and there is no argumentative reasoning for or against the argument a*. Meanwhile, we
believe it is only natural for a user to expect that the strength of a: is not greater than its base score, i.e. a(a;r) < r(a;r), since the
only argumentative reasoning affecting a} is the attack from a; .

However, strict balance states that any difference in the base score and strength of an argument must correspond to the specific
form of dominance between the sets of attackers and supporters characterised by <,. For example, given an argument with two
attackers, both with strength 0.1, and a single supporter with strength 0.9, strict balance prevents the possibility that the argument
has a strength higher than its base score (see [10] for more details). In this setting, we do not necessarily want this to be the case,
since an argument concerning a very positive feature supporting an item should be able to “overpower” two only slightly negative
features which attack it, for example. (Indeed, in a way strict balance somewhat mimics the discussed issues with the TS score.) For
illustration, in the hotel example, suppose we were to keep adding attackers to ag, i.e. features with mostly negative reviews, each
of which has a strength lower than the strength of the strongest supporter, a(af) = 0.8 (by all semantics). In this case, strict balance
does not allow that ag ’s strength ever becomes lower than its base score, since one of their strengths must be at least as strong as the
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strongest supporter for it to be the case that La(af) > £;(a;‘). For this reason, we believe that this is not a desirable property in this
setting.

The further two properties, of monotonicity and strict monotonicity, require that the strength of an argument depends monotoni-
cally on its base score and on the strengths of its attackers and supporters, so that their strengthening/weakening will do likewise to the
argument. Before defining these properties, following [10], we let, for any a} € A, the shaping triple of a be (z(a}), £+(a;“), L7(a})),
denoted ST(a;.“). Then, given af,a;f EA, ST(a;) is said to be:

+ as boosting as ST (a}), denoted ST (a}) = ST (a}), iff 7(a) = 7(a)), E;(a;‘) =, Eg(a;f), and Ea(al’.‘) =, [lg(aj);
« at least as boosting as ST(a;*), denoted ST (a}) < ST(a;?), iff 7(a}) < r(a;f), £+(a;*) <s £+(a;f), and E‘(a;?) <¢ L7(a).
+ strictly more boosting than ST (a}), denoted ST (a}) < ST(a;‘.‘), iff ST (a}) < ST(aj) and ST(a;f) *ST(a).

Property 2. A strength function o is:

« monotonic (w.r.t. boosting) iff for any a;.*, a;f EA, ifST(a;‘) ~ ST(a;f) then a(a;*) = a(a;f) and ifST(a;.*) < ST(aj*.) then a(al’.‘) < o-(a}f);
* strictly monotonic (w.r.t. boosting) iff o is monotonic and for any a;, a;.‘ EA ifST(a)<S T(a;‘) then o(a;) <t o-(a;'.‘).

Monotonicity makes sense in our setting as one would expect that, all being equal, two arguments (item or features) are evaluated
equally, which is an important characteristic for ensuring fairness amongst factors contributing to review aggregations. Further,
when one shaping triple is more boosting than the other, we also posit that the prescribed behaviour is intuitive in our setting due
to the nature of attackers and supporters as per Definition 5. Specifically, we would like an increase in the number of more specific
child features which disagree (agree), in polarity, with their more general parent item or feature, to be restricted from increasing
(decreasing, respectively) the strength of the latter. Also, this behaviour requires that, all else being equal, increasing the proportion
of positive to negative reviews on an item or feature cannot reduce its overall strength. Note that we do not impose that the strength
is necessarily increased or decreased here.

If we consider a, and a, in the hotel example: both have equivalent non-rejected attackers, non-rejected supporters and base
scores, i.e. Ea(ar’) = £a(a;) and E;(ar’) = Eg(a;), and z(a;) = r(a;) and so we would naturally expect that ¢(a,) = a(a;). However,
if we were to increase the number of positive votes on the personnel (represented by a;) with all else remaining equal, we believe it
is intuitive that o(a;) < a(a;). Further, we would expect that adding the attacking argument a; against a;, i.e. introducing a new
child feature to location, on which the reviews were mostly negative, to obtain the QBAF in Fig. 4 from an identical QBAF except for
the absence of 4}, cannot increase the strength of a.

Meanwhile, strict monotonicity imposes a strict increase or decrease in the strength in the case of one shaping triple being more
boosting than another, so long as the arguments’ strengths are not already at the top or bottom values. We believe that this is also an
intuitive property in the setting of review aggregation, given that it gives stronger guarantees on the effects of positive or negative
votes as they propagate up the tree.

The final property is novel and defines the attainability of a semantics, which equates to: all strength values are attainable for any
given base score with a certain set of attackers or supporters.

Property 3. A strength function o is attainable iff for any af € A, Vv €[0,1], 35, T € [0, 1]* such that if o(L™(a})) = S and o(L* (a})) =
T, then o(a}) = v.

We believe that this property is intuitive in our context since users would naturally expect that all values in a review scale are
attainable in a review aggregation (given sufficient attackers/supporters). For illustration, in the hotel example we would expect that
there is some combination of a; ’s attackers’ strengths, a(£‘(a2)) € [0, 1]*, and supporters’ strengths, a(£+(a;)) € [0, 1]*, such that
any specified a(a;) € [0, 1] can be achieved.

We conclude by assessing the behaviour of the specific semantics we consider as concerns the properties defined earlier. Table 4
summarises the results.

Proposition 10. o, satisfies monotonicity and attainability but violates balance, strict balance and strict monotonicity.
Proof. The proofs and counterexamples for balance, strict balance, monotonicity, strict monotonicity can be found in [10]. For the

proof of attainability, we have three cases: i.) 7(a}) = v, ii.) 7(a}) < v and iii.) 7(a}) > v. For case i, we let L7(a}) = £+(ai*) =0
and then, by the definition of QuAD (see Section 3), o,(a}) = 7(a}) = v. For case ii, we let £7(a}) = @ and £+(a;‘) = {a;f} where

aq(a;‘) = T::Z;; Then, it can be seen from the definition of QuAD that aq(af) = v. Analogously for case iii, we let £+(a;‘) =@ and
L7(a})= {a}?} where oq(a;f) = T(Ta(’;l_)v. Then, it can be seen from the definition of QUAD that o (a;) = v. Thus, aq(a;.*) = in all cases

and o, satisfies attainability. []

QuAD does not satisfy balance, indicating that it may not be suitable in some contexts, where it is desirable that attackers do
not increase and supporters do not decrease an argument’s strength starting from the base score. We believe that this is a weakness
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Table 4
Gradual semantics and their satisfaction (v') or violation (-) of the assessed
properties.

Semantics Property

(Strict) Balance (Strict) Monotonicity Attainability

QuAD HO) 40) v

DF-QuAD v () /(O v

REB v () /() :

of QuAD in the review aggregation context. The fact that it does not satisfy strict balance is not a concern, however, since we have
established that this property is not desirable here.

Proposition 11. ¢, satisfies balance, monotonicity and attainability but violates strict balance and strict monotonicity.

Proof. The proofs and counterexamples for balance, strict balance, monotonicity, strict monotonicity can be found in [10]. For the
proof of attainability, the proof is the same as that for o, We have three cases: i.) r(a,.*) =v,ii.) r(a;‘) < v and iii.) r(al’.‘) > v. For case
i, welet £L7(a}) = £+(a;“) = ¢ and then, by the definition of DF-QuAD (see Section 3), o,(a;) = t(a]) = v. For case ii, we let L™ (a}) = 7]
v—‘r(a:*)

1-7(a;)

and [i*(a;*) = {aj} where ad(aj*,) = . Then, it can be seen from the definition of DF-QuAD that ¢, (a,.*) = v. Analogously for case

(%) — — (%) — [ £y o T
iii, we let L*(a’) =@ and L (a,.)—{aj}where o4(a}) = )

Thus, 6,(a’) = v in all cases and o, satisfies attainability. []

. Then, it can be seen from the definition of DF-QuAD that ¢,(a;) = v.

Thus, DF-QuAD satisfies the same properties as QuAD but adds balance, meaning its behaviour when comparing an argument’s
strength to its base score may be more intuitive than that of QuAD. It thus seems to be a particularly well-suited semantics for review
aggregation. However, both QuAD and DF-QuAD suffer from the disadvantage of not satisfying strict monotonicity, which is desirable
here.

Proposition 12. o, satisfies balance, monotonicity, strict monotonicity and attainability but violates strict balance and attainability.

Proof. The proofs and counterexamples for balance, strict balance, monotonicity, strict monotonicity can be found in [10]. For
the counterexample for attainability, let z(a;) = 0.5 and v = 0.1. We then express the definition of REB (see Section 3) in terms

1-7(a})? 15 _ L5 _ .
Tre@ e becomes E = ln(m -2)= In(m —2) =1n(-0.33). As such, there does not exist a value of

E= Za*eﬁ(a*) o-,(aj.‘) - Za*et-(a*) o-,(aj;), and thus a set of attackers and supporters, such that o(a])=v. []
j i k i

of E,ie.v=o0,(a)=1-

Thus, REB adds further guarantees on these effects from modifying the shaping triple, since it satisfies strict monotonicity. How-
ever, the fact that REB does not satisfy attainability highlights a problem in that there is a blind spot in its strength results. If we
1—7(a;)?
support), it holds that y = 1, while as x approaches —co (the balance of reasoning moves in favour of attack), it holds that y = 7(a;)?,
i.e. attackers cannot weaken the argument further than the square of its base score. This implies that as the votes on an item/feature
become stronger, the corresponding argument becomes increasingly resistant to the weakening effect of negative reasoning. This also
causes an asymmetry between attackers and supporters, inhibiting the attackers’ effect compared to the supporters’, which is not

intuitive in our context.

While we acknowledge that the lack of strict monotonicity in DF-QuAD could be seen as a weakness here, we believe that its
satisfaction of attainability makes it better suited than QuAD and REB for review aggregation. We will therefore use DF-QuAD in the
remainder, and use ¢ to stand for ¢;.

express the algorithm in the form y=1— we can see that as x approaches oo (the balance of reasoning moves in favour of

7. ADAs: from item evaluation to dialogical explanations

The problem of defining explanations for AI models is widely studied within the explainable AI (XAI) landscape. Many XAI
approaches provide static explanations for outputs of AI models in terms of their inputs, e.g. as in feature attribution methods such
as LIME [77] or SHAP [54], or as in counterfactual explanations such as in [92]. However, there is a growing trend in XAI towards
human-oriented explanations, favouring, in particular, contrastive, selective and social explanations [62] and explanations as model
reconciliation between AI models and humans [82]. Dialogical explanations drawn from argumentative structures have recently been
advocated as fitting within this trend, including for conflict-resolution [73], for model reconciliation [90], and for explaining image
classification [49]. We subscribe to this trend and propose, in this section, dialogical explanations as a natural form of explanation
for the review aggregation process underpinning ADAs, drawn from its argumentative backbone. Concretely, we demonstrate some
ways in which ADAs can use the QBAFs, extracted from the review aggregation process, and their gradual semantics, to generate
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dialogical explanations for item recommendations drawn from the reviews, prompted by natural questions by human users. Rather
than restricting attention to one particular form of dialogical explanation or another, we explore some options, leaving their empirical
analysis in concrete settings to future user studies. We continue to illustrate throughout the section with the hotel example.

First, we loosely define a dialogical explanation as a finite, non-empty sequence of pairs (each containing a request from the user
and a response from the ADA) as follows.

Definition 6. A dialogical explanation for the evaluation of an item x between an ADA and a user is a finite sequence (for 6 € N):

(S(x),(Q1,X)), ..., (Qs,X5))

where S(x) is a statement by the ADA about the evaluation of x and, for all i € {1, ...,8}, Q, is an explanation request from the user
concerning some a; € A and &; is an explanation response by the ADA including some excerpts from R or some R C A such that, for
each af ER, (a],a}) EL™ U LT or (aj,a)) €LV Lr.

Thus, we see a dialogical explanation as starting with a statement by the ADA, followed by an interleaving of questions by the
user (the explanation requests) and answers by the ADA (the explanation responses). These dialogical explanations are naturally
social [62], as they are conceived as exchanges between the ADA and human users. By focusing on just some arguments in A (given
by R), the dialogical explanations can be selective [62], but in such way that the responses are always relevant to the requests by
leveraging on (sets of) children or parents of the node concerning the requests. By allowing responses to include attacks (in £7) the
dialogical explanations can be contrastive [62]. Note that we choose not to impose further restrictions on the notion of dialogical
explanation in order to allow for different instances to be defined where different contexts have different dialogical requirements. We
also choose not to impose any restrictions on the format of explanation requests and responses. They could be in natural language,
as in the following simple illustration of a dialogical explanation for the hotel example:

ADA: The hotel was highly rated, I would recommend it.

User: Why was the hotel highly rated?

ADA: The hotel was highly rated because the internet was great, despite the fact that the location was poor.

User: Why was the location poorly rated?

ADA: The location was poorly rated because the public transport was poor, despite the fact that the walking routes were great.
User: Why was the public transport poorly rated?

ADA: A reviewer stated that “there were no close transport links”.

This dialogical explanation follows a top-down exploration of the QBAF. The following illustration follows a different, random
exploration with downward reasoning in the responses:

ADA: The hotel was highly rated, I would recommend it.

User: What did reviewers say about the service?

ADA: The service was highly rated, with one reviewer stating that “the service was great”, despite the fact that the personnel were poorly rated,
with one reviewer stating that “the personnel were unaccommodating, in particular the guy at the front desk was condescending and not even
remotely helpful”.

User: What did reviewers say about the internet?

ADA: The internet was highly rated, with one reviewer stated that “the internet was very fast” and another stating that “the internet was very
reliable”.

The following further illustration adopts a further different, vertical exploration with upward and downward reasoning (allowing
more scope for unseen information to be included in the responses):

ADA: The hotel was highly rated, I would recommend it.

User: How was the view rated?

ADA: The view was rated highly, which positively affected how the location was rated”.

User: How was the location rated?

ADA: Despite the fact that the walking routes were great, the location was rated poorly due to the transport links, which were poor.
User: Why were the transport links poorly rated?

ADA: A reviewer stated that “there were no close transport links”.

In the remainder of the paper we will focus on dialogical explanations following the top-down exploration as in the first illustration
above. This dialogical explanation can be drawn automatically from the QBAF in Fig. 4 together with the ¢, row in Table 3 as gradual
semantics, using the following simple dialogical templates, inspired by [30].°

9 To obtain the natural language dialogue above, when deploying these templates, each argument is replaced by its semantic meaning as per the ontology, e.g. a;
is replaced with “hotel” as per Fig. 3. Moreover, the user can select their contributions to the dialogues via pull-down menu or the like, e.g. as done in the case study
in Section 8.2, see Fig. 9a.
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Definition 7. A dialogical explanation (S(x),(Q;,&)),...,(Qs.X5)) between a user and an ADA is said to use the strongest attacker
and supporter template iff, for each i € {1,...,6}, there exists a} € A such that Q; concerns a;, with Q; concerning aar and 9Q,, for
i # 1, concerning arguments other than aa“, and (Q;, &) is as follows!©:
ifi=1ando-(a0+)20.5 ori#landa’=d :
S(x) = {(The) a;* was highly rated, I would recommend it. };
Q,; = {Why was (the) a} highly rated?};
if Elaj € L7(a}) U L*(a]) such that o-(a;f) >0:
X(a’) = {(The) a} was highly rated} + p,(max(L*(a}))) + py(max(L™(a})));
if Zlaj € L7(a}) U L*(a]) such that o-(a;f) >0:
X(a;") = {A reviewer stated that} + {[phrase from some p € R where V(p, n;) = + 1}
ifizlando(a;)<0.5 ori#landa’=a :
S(x) = {(The) a;“ was poorly rated, I would not recommend it.};
Q(a’) = {Why was (the) a; poorly rated?};
ifi=0and Haj € L7(d}) U L™ (a]) such that cr(a;f) >0:
X(a’) = {(The) a; was poorly rated} + p,(max(L™(a}))) + py(max(L*(a})))
if i #0 and Ela;f € L™(a}) U LT (a}) such that o(aj) >0:
X(a}) = {(The) a} was poorly rated} + pa(max(ﬁ*'(a:‘))) + pp(max(L™(a})))
if Zla;f € L7(a}) U L*(a}) such that a(a;f) >0:
X(a;‘) = {A reviewer stated that} + {[phrase from some p € R where V(p, n;) = - 1}
where, for any S C A:

« if S =0 we let max(S) =0 and p,(S) = p,(S)={};
- else, max(S) = {s} for some s € argmaxyg0o(s') and p, and p, are functions such that and for any a,*{ e A:

ekt
ifa,=a; :

pa(a,’:) = {because (the) aj: was/were considered to be great}

pb(a;i) = {despite the fact that (the) a,’; was/were considered to be great}
if ay = a; :

p.(ay) = {because (the) a; was/were considered to be poor}

pb(az) = {despite the fact that (the) a}i was/were considered to be poor}

According to this definition, then, a dialogical explanation is a (restricted) conversation between a user and an ADA in which
the user queries the strengths of arguments and the ADA responds with reasoning for their strengths in terms of their attackers’ or
supporters’ strengths or votes (from reviews). Specifically, the explanation of the reasoning for each argument’s strength consists of
its strongest attacker and its strongest supporter, if any, linked by because/despite the fact that connectives, depending on whether
attackers or supporters are available. Note that, when an argument is poorly rated, the selection of these arguments differs for the
item compared with the other arguments due to the different meaning of their strength evaluation ranges. If an argument has no
attackers or supporters, we use phrases from the review (which constitute the votes towards the argument’s base score) to explain its
strength and to ensure that the explanation response is not empty. Thus, this form of explanation is afforded by all components of
the QBAF (the attack and support relations and the base scores) and its gradual semantics.

Definition 7 imposes some restrictions on dialogical explanations, but still allows a high degree of freedom for ADAs, in that
different pairs in a dialogical explanation using the strongest attacker and supporter template may be about the same argument and
there is no requirement that later pairs follow-up on earlier ones. To limit and guide users’ and ADAs’ behaviour when deploying
these templates, we can impose additional restrictions, e.g. the following:

Definition 8. A dialogical explanation (S(x),(Q;, X)), ...,(Qs, Xs)) using the strongest attacker and supporter template is said to be:
10 We use “was” or “were” in the explanation responses here depending on whether the feature is singular or plural, respectively, and “the” where required.
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« non-repetitive iff, for any i,j € {1,...,6}, if Q; concerns a: € A and Qj concerns af € A, then ai = a;“ iff i = j;
« linear iff, for any j € {2,...,6}, there exists i < j,i € {1,...,6 — 1}, such that Qj concerns an argument included in X;.

Here, non-repetitiveness requires that a dialogical explanation does not allow users to repeat explanation requests, ensuring that
dialogical explanations are acyclic. Meanwhile, linearity requires that parents of arguments about which explanation requests are
concerned have already been included in explanation responses, ensuring that the reasoning in the review aggregation is stepped
through in turn. Note that neither of the restrictions will be suitable for every application, but they illustrate the generality and
flexibility of Definition 6. Note also that the earlier illustration of dialogical explanation uses the strongest attacker and supporter
template and is both non-repetitive and linear.

Proposition 13. A linear dialogical explanation (S(x),(Q;,&X)), ..., (Qs,Xs)) using the strongest attacker and supporter template is such
that, for any i € {2, ..., 6}, there exists a path (in the QBAF) from the argument that Q; is concerned with to ag.

Proof. Follows directly from the fact that the ontology and thus the QBAF is a tree, that each response includes attackers and/or
supporters for the argument that the request is concerned with, and by the non-repetitiveness and linearity requirements. []

Proposition 14. A non-repetitive and linear dialogical explanation using the strongest attacker and supporter template is always guaranteed
to exist.

Proof. By Definition 1, F # J, thus, by Definitions 2, 4 and 5, A D a:)r, and so it must be the case that Ela;f e A\ ag. Then, by

Proposition 8, we can see that there must be a path from a;? to aar via £~ U L. Thus, E‘(ag) V] £+(a8r) # ¢ and, trivially, an
explanation request for ag, Q,, results in an attacker and/or a supporter of ag being returned as part of an explanation response, X,
as per Definition 7. It is easy to see that the dialogical explanation ((Q;, X)) is non-repetitive and linear. []

Note that if we impose further restrictions, e.g. that each explanation request concerns an attacker or supporter in the explanation
response in the previous pair, if any, we can also enforce some bounds on 6 (amounting to the length of the longest path from the
item to the leaves — i.e. nodes without children - of the ontology).

We have focused here on providing illustrations of the flexibility of adopting dialogical explanations drawn from argumentation
frameworks, and leave to future work characterising how ADAs and users may decide to engage in these explanations, e.g. by adopting
strategies as in [73].

Even when dialogical explanations are as simple as those defined in this section, they allow to delve deep into the reasoning
represented by the QBAF as well as the reviewers’ comments which are used to generate the base scores. We envisage numerous
directions down which future work could be directed to develop ADAs, now that we have introduced the formalism’s foundations.
More complex dialogical explanations using bigger repertoires of language templates, more fine-grained labelling of strengths (e.g.
rather than only highly or poorly rated) and randomisation would improve the naturalness of the dialogue with only slightly more
complex definitions (we discuss and illustrate some of these directions in Section 8). Meanwhile, technologies such as generative NLP
models could be introduced to increase automation on either receiving requests from users or generating the text for the responses
which contain the information provided by the QBAFs.

8. Case studies

In this section, we present two case studies: the first concerns movie recommendation (Section 8.1) and uses a bespoke a semi-
automated ontology extraction process, while the second concerns product recommendation in the retail domain (Section 8.2) and
uses a bespoke fully-automated ontology extraction process. The two case studies deploy bespoke methods for mining votes from
text, ensuring that each review expresses at most one opinion (vote) about each item or feature of the ontology, as we discussed in
Section 4. For each of the case studies, we give examples of dialogical explanations obtained by applying (variants of) the templates
in Section 7. Overall, the main aim of this section is to show how to instantiate our abstract framework for review aggregation in
practice.

8.1. Case study 1: an ADA in the movie domain

We focus on reviews from Rotten Tomatoes ! (RT), a popular review aggregation website that aggregates critics’ reviews on any
movie into the movie’s Tomatometer Score (TS), amounting to the percentage of critics who like the movie, having reviewed it as fresh
rather than rotten. The TS is simplified to a binary classification for the movie, of fresh or rotten once again, based on whether at least
60% of critics review it as fresh or not, respectively. A short consensus is also written by a moderator to give a linguistic summary of
the reviews. The TS, the fresh/rotten classification and the consensus give RT’s users a simple way to determine whether a movie is
worth watching or not.

1 https://www.rottentomatoes.com.
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In this case study, we assess whether an ADA deployed in this setting is able to match the TS score in an automated and explainable
manner. We use a combination of previously defined features related to movies and movie metadata as well as features extracted
from the textual reviews to construct an ontology and votes, as discussed below. Then, the ADA framework can be used to obtain
QBAFs from which scores (via the DF-QuAD gradual semantics) for movies and dialogical explanations thereof can be generated
automatically. These scores can then be directly compared with the TS, with the additional benefit of being faithfully explained by
the ADA.

8.1.1. Generating the item ontology

We define the ontology in terms of a feature-based characterisation of movie reviews, obtained from metadata and the top critics’
snippets that appear on RT’s movie pages (e.g. see the movie Arrival’s reviews'?). This feature-based characterisation gives rise to
F = F' UF" where all elements of F/ are children of the item (movie) in the ontology, and all elements of 7"’ are children of elements
of F'. F' comprises features f ., fp. fw, fr, where f4 is acting, fp is directing, fy, is writing and fr is themes: other features, e.g.
cinematography, could be included but we opted for f,, fp, fy and fr only as they are the most frequently occurring in RT. The
elements of 7/ may be of different types, namely single (e.g. in the case of children of features fp, or fy,, if we only consider movies
with a single director or writer: for Arrival, Denis Villeneuve is the sole director) or multiple (e.g. for the children of f, since movies
will generally be associated with several themes, and for the children of f,, as movies will generally have more than one actor:
Arrival has Amy Adams, Jeremy Renner and Forest Whitaker as children of f,). Furthermore, the elements of 7" may be classified
as predetermined, namely obtained from meta-data (as for the children of f,, fp, fy/), or mined from (snippets of) reviews (e.g. for
Arrival the child sci-fi of f; may be mined rather than predetermined). To determine the mined features in 7 we can use semantic
information, e.g. in our experiments we use the semantic network ConceptNet'® to identify related terms for f. For example, for
Arrival, we identify, as children of fr, sci-fi (fr;) as several reviews mention the related terms sci-fi and alien, as in ‘It doesn’t pack
the punch you’d expect from an alien invasion movie; it aims higher, and in the end, it cuts deeper’.

8.1.2. Generating votes

Using this feature-based characterisation of a movie, we use sentiment analysis to generate votes from snippets from the movie
reviews written by critics. In order to guarantee that each node has a maximum of one vote from each review, we apply Algorithm 1.
Basically, we analyse each critic’s review independently, tokenising it into sentences, which are then split into phrases when specific

Algorithm 1: Pseudocode to determine votes.

Input:
Review p, Glossary G, Keywords K
neutrality_threshold < 0.6
SA; /* Sentiment analysis model that, given a text, returns the text’s polarity, i.e. a number in R «/
sentences < extract_sentences(p)
phrases < split_by_keyword s(sentences, K)
for (p,,p,) € phrases X phrases do
/* n is a term from the glossary G %/
if SA(p;)>0and ncC p, and SA(p,) <0 and n C p, then
| V(p.n)=max(abs(SA(p,), SA(p,)))
end
for p € phrases do
if | S A(p)| > neutrality_threshold then
if n; C p and n, C p and E(n,) = n, then
| V(p.n)=SAp).
if n C p or 3G(n) C p then
[ V(p.n)=SA(p).

end

keywords (in K ={but, although, though, otherwise, however, unless, whereas, despite}) occur. Each phrase may then constitute an
argument with a vote for the feature(s) mentioned. For illustration, consider the following review for Arrival:

p1: [Adams] delivers a heart-wrenchingly beautiful performance using her ability to communicate a half-dozen emotions just standing
still... But director Denis Villeneuve sometimes gets lost in repetition and blind alleys.

Here, Algorithm 1 extracts two phrases: p,: [Adams] delivers a heart-wrenchingly beautiful performance... and p,: But director Denis
Villeneuve sometimes gets lost in repetition and blind alleys. A review comprising a single sentence, e.g.

p>: What'’s remarkable about Arrival is its contemplative core - and, of course, Ms. Adams’s star performance, which is no less impassioned
for being self-effacing

12 https://www.rottentomatoes.com/m/arrival_2016/reviews?type = top_critics.
13 http://conceptnet.io/.
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Table 5
Glossary used for the movie domain.
n G(n)
m movie, film, work
o director
fa acting, cast, portrayal, performance

fw writer, writing, screenplay, screenwriter,
screenwriting, storyline, script, character

may be split into: p;: What’s remarkable about Arrival is its contemplative core and p,: Ms. Adams’s star performance, which is no less
impassioned for being self-effacing. Finally, consider the review

p3: Arrival is not a linear adventure of the mind, and it is a film probably best seen twice.

Here, Algorithm 1 extracts two phrases concerning Arrival: ps: Arrival is not a linear adventure of the mind and pg: a film probably best
seen twice.

Next, Algorithm 1 uses a glossary G of movie-related words to determine the (phrases on which the) votes are extracted. Table 5
shows the glossary for movies in general as well as for some of the features. When determining votes, children features take precedence
over parent features. E.g. a mention of “Amy Adams” (f,;) (with or without a word from G(f,)) connects with f,;, whereas a sole
mention of any word from G(f,) connects with f,. A text that contains two entities (a child feature and a word from the glossary
for the parent feature) results in two (phrases and) votes, one for each feature identified.

Once phrases have been identified, Algorithm 1 uses sentiment analysis to extract votes on them. For each phrase extracted, we
determine the sentiment polarity which translates into a (negative or positive) vote from the corresponding review. We impose a
threshold on the sentiment polarity to filter out phrases that can be deemed to be “neutral” and therefore cannot be considered to
be votes. Votes are then assigned to phrases based on occurrences of words from G. From our Arrival example, the ADA may extract
one vote for the feature Amy Adams (f4;) from p; with polarity 0.7, therefore giving V(p;, f4;) = +. If phrase p, is deemed to have
polarity —0.7 and to be assigned to fp, then V(p,, fp) = —. From review p,, Algorithm 1 may extract one vote for the movie in
general and one for the feature Amy Adams (f,;), e.g. p; gives sentiment 0.8 to m, and thus therefore V(p,,m) = +, while p, gives
sentiment 0.6 to f,;) therefore V(p,, f4;) = +. If the review of a single critic results in several phrases associated with a node in the
ontology with different polarities, Algorithm 1 takes that with the highest sentiment magnitude to determine the vote. We make this
design choice with the motivation that a stronger sentiment may override a weaker one, though this could lead to the loss of useful
information. Other options could have been taken, e.g. an average of the sentiments, which we leave to future work. For example,
given: ps: (—0.57, m) and pg: (0.63, m), pg supersedes and V(p3,m) = +. Here, the sentiment polarity for ps is incorrect but, if the
neutrality threshold is +0.6 as in our experiments, then the negative vote is ignored. Algorithm 1 can be used to determine the votes
for the mined feature in the same way as for the other features. For example, in the ase of f, given

p4: It doesn’t pack the punch you’d expect from an alien invasion movie; it aims higher, and in the end, it cuts deeper

leading to (0.6, f1), we obtain V(py, fr;) =+.

It can be seen that this method for extracting sentiment is not infallible, e.g. when identifying the general sentiment of a sentence
which contains multiple phrases of different polarity, but we believe that it presents a reasonable approximation of the sentiment
expressed a set of reviews distilled over the distinct relevant features, and thus a starting point for future work.

8.1.3. Experiments & discussion

We tested our proposed method on the aforementioned task of matching a movie’s argumentative strength with the TS. To do so,
we use DF-QuAD on the QBAFs obtained as per Section 5 with (augmented) aggregation frameworks drawn from the ontology and
votes given earlier in this section. The dataset we use consists of the box-office movies from January 2015 to August 2018 inclusive
and on the top 100 movies of all time on RT,'* giving a total of 1281 movies after removing those without reviews. We conducted
experiments to determine how well the strength of (arguments for) movies compare with their TS.'> In the experiments, we analysed
movies for which we obtain votes from at least 33% of the critics who reviewed the movies, removing those for which few votes were
mined. This results in approximately 900 movies and 35219 snippets, from which we analyse 33554 phrases/arguments.

To evaluate how closely our method mirrors the TS in a quantitative assessment, we modelled the problem as a rating prediction
task where we categorised the numerical scale 0-100 into groups 0-9 that represent the predicted “grade” of the movie. For example,
a movie grade of 7 represented scores in the range 70-79 and a grade of 9 represented scores in the 90-100 range. We then computed
the Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE) on the predicted grade. Our method achieved MAE of 1.527

14 https://www.rottentomatoes.com/top/bestofrt/.

15 Note that in [30] we considered other NLP techniques to mine votes (i.e. argument mining), but this did not yield any performance gains, hence we omit them
here. Also, in [30], we run experiments also with other gradual semantics (i.e. QuAD [11] and REB [3]), but we omit them here based on our theoretical analysis in
Section 6: we note, in any case, that the use of these other semantics did not yield any performance gains.
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Table 6
Examples of mined themes for movies.
Movie Theme Keywords
Lady Bird adolescence adolescence, coming of age
The Greatest Showman  entertainment  impresario, amusement park
A Quiet Place terror fright, terror, dread, taut, suspense
La La Land relationship rapport, intimacy
Moana melody riff, song
Phantom Thread clothing clothe, fashion, dress, designer

and RMSE of 1.927, in line with existing work [52], demonstrating that our method is able to mirror the TS reasonably accurately
when using complex, real-world data. We also evaluated our method on the more complex task of predicting the exact numerical
rating as opposed to the rating group and observed an expected drop in performance, MAE 15.978 and RMSE 19.329. These results
are also encouraging, demonstrating that ADAs could feasibly replace existing methods deployed for review aggregation in the real
world.

We also undertook a qualitative assessment in this task for error analysis. We obtain movie scores close to the TS, e.g. for RBG
(86 vs TS 90), exact scores, e.g. for ET The Extraterrestrial (97), and also results in contrast with the TS, e.g. for The Greatest Showman
(79 vs TS 36).'° While some discrepancy is expected, especially when the critics’ fresh/rotten assessment is not clearly argued for
in the review snippets, large discrepancies are undesirable. One reason for these large discrepancies is the errors which may occur
in extracting votes, e.g. from the review: The director, Michael Gracey, delivers quick doses of excitement in splashy scenes but has little
feel for the choreographic action we only obtain ...doses of excitement in splashy scenes, resulting in a positive vote. Another reason is
the failure to identify any votes from reviews such as the following (negative) text: In a broader sense, the mishmash does recall the
real Barnum, who once sewed half a fish to half an ape and called it a mermaid, as it does not mention any feature or opinion about the
movie itself. With further development of our method and of NLP techniques in general, we envisage that the frequency and impact
of these errors will be reduced.

In addition, we experimented with the use of mined features, i.e. children of the f; feature, as given in Table 6. These mined
features can modify a movie’s score (i.e. strength) significantly, e.g. for Call Me by Your Name from 77 to 88 (TS 98) and for The
Godfather from 78 to 90 (TS 95), demonstrating the importance of these features.

In addition to scoring movies, ADAs can provide dialogical explanations for the scores, based on the underpinning QBAFs, as we
discuss next.

8.1.4. Generating dialogical explanations

We provide several illustrations, for different movies in RT, of non-repetitive and relevant dialogical explanations we obtain using
the strongest supporter and attacker template given in Section 7.

Consider the QBAF in Fig. 5 for the movie Phantom Thread (TS =98). All four features in 7’ support the movie and thus represent
positive reasoning for its strength, with Daniel Day-Lewis (f 4, in F'') supporting the movie’s strongest feature, f 4, and clothing (fr;
in F'") supporting the next strongest, f;. A dialogical explanation between a user and an ADA may then be as follows:

ADA: The movie (Phantom Thread) was highly rated, I would recommend it.

user: Why was the movie highly rated?

ADA: The movie was highly rated because the acting was considered to be great.

user: Why was the acting highly rated?

ADA: The acting was highly rated because Daniel Day-Lewis was considered to be great.
user: Why was Daniel Day-Lewis highly rated?

ADA: A reviewer stated that “... Daniel Day-Lewis remains our greatest actor...”

user: Why were the themes highly rated?

ADA: The themes were highly rated because the clothing (theme) was considered to be great.
user: Why was the clothing (theme) being highly rated?

ADA: A reviewer stated that “...it’s set in an evocative ecosphere of haute couture fashion...”

This dialogue is fairly repetitive given this movie’s almost universally positive reviews (as well as our dialogical explanations’
fairly simple nature for illustration) but consider the QBAF for The Post (TS=91) in Fig. 6. This QBAF has a different structure from
that for Phantom Thread as no themes were mined for this movie (i.e. f; has no effect and so is not shown), there is an attack and it
has two children supporting f,. We can see that f, positively contributes very little and fy, is actually considered to be poor since
it attacks m. However, the acting from Tom Hanks (f 4, in 7' and, particularly, Meryl Streep (f,, in F'') contributed to the high
strength. The dialogical explanation may then be:

ADA: The movie (The Post) was highly rated, I would recommend it.
user: Why was the movie highly rated?

16 Here we report TS scores and use reviews available in the period of interest for the experiments, see the description at the beginning of Section 8.1.3.
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Fig. 5. Graphical representation of the QBAF for the movie Phantom Thread with positive arguments in green (no negative arguments were present here), support
relations labelled + (no attack relations were present here), base scores in normal font and DF-QuAD strengths in bold font.

0.79
0.16 0.85

0.07
0.07

Fig. 6. Graphical representation of the QBAF for the movie The Post with positive arguments in green, negative arguments in red, attack relations labelled —, support
relations labelled +, base scores in normal font and DF-QuAD strengths in bold font.

ADA: The movie was highly rated because the acting was considered to be great, despite the fact that the writing was considered to be poor.
user: Why was the acting highly rated?

ADA: The acting was highly rated because Meryl Streep was considered to be great.

user: Why was Meryl Streep highly rated?

ADA: A reviewer stated that “...Streep’s hesitations, rue, and ultimate valor are soul-deep...”

There are a number of ways in which more complicated dialogical explanations could be defined to give more interesting and
varied interactions in the movie domain in particular. For example, the strength scale could be separated to a greater degree and
attackers/supporters other than those with the maximum strength could be considered for different levels of sentiment, rather than
simply great/poor, e.g. the writing was considered to be okay but not great; functions giving phrases could depend upon the type of
argument for a more natural sounding phrase, e.g. for an actress: Meryl Streep put in an excellent performance; or arguments could be
considered in tandem, e.g. the acting was considered to be exceptional thanks to Tom Hanks and, particularly, Meryl Streep. We believe that
large language models, as in [18,87,28], could play an important role here, generating more natural-sounding dialogues while being
constrained to the information contained in ADAs, limiting their associated risks, such as hallucinations. We leave the exploration of
these likely fruitful variant of our dialogical explanations to future work.

8.2. Case study 2: an ADA in the retail domain

In the second case study, we focus on reviews from Amazon,'” an extremely popular site for retail.

To obtain a suitable ontology, we define a method for automatically extracting product ontologies from textual reviews in the
presence of little annotated data, using distantly supervised learning with masked BERT [34]. We use two BERT models, one to identify
aspects of products and one to determine part-of-relations between these aspects. We then use a further BERT model for aspect-based
sentiment analysis for generating votes. Then, the ADA framework can be used to obtain QBAFs from which scores (via the DF-QuAD
gradual semantics) for products and dialogical explanations therefor can be generated automatically.

8.2.1. Generating the item ontology

Manually extracting ontologies from reviews that would be representative of an entire set of products (such as those available on
Amazon) would be nearly impossible due to the large number of different product categories. Based on the observation that, in review
texts, certain grammatical constructs are similar irrespective of the product being reviewed, we manually created a small ontology
for a few (randomly) chosen categories of products'® to annotate data to be used in the ontology extraction. For example, consider
the following two sentences, where lens is a feature of camera and material is a feature of sweater:

17 https://www.amazon.co.uk.
18 In the experiments, we used an ontology with only 5 products, a maximum number of features per product of 54 and a maximum depth of the ontology of 5,
which took less than 2 hours to create.
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“I love the lens on this camera”;
“I love the material of this sweater”.

Masking the entities in bold in the sentences, we obtain:

“I love the el on this e2”;
“I love the el of this e2”.

Furthermore, given sentences:

“The camera housing is made of shiny plastic but it feels nicely weighted”, and
“It’s a lovely warm jumper that has a nice feel to it”,

when masking the entities in bold, the sentences still contain domain-specific terms such as shiny, weighted, and warm, that are common
to wider categories of products, such as electronics or clothing. Thus, we argue that a varied set of annotated reviews for few selected
products should suffice to obtain training data for ontology extraction. To achieve this, we used distantly supervised learning with
masked BERT [34] as follows. We draw inspiration from [56] and replaced random words with a [MASK] token, letting the model
predict these words based on the context provided by the non-masked words in the sequence. Terms that appear in the ontology
are automatically identified and masked while also labelling sentences in the review texts to obtain training data for the tasks of
aspect and relation extraction. We used a BERT model to identify aspects of products and another BERT model to determine parts-of
relations between aspects. Note that, without masking, the classifiers would simply learn to recognise the terms in the manually
created ontology; instead, with masking, they are forced to rely solely on each term’s context, which is more varied.

In order to determine the aspects, we first identify the 200 most commonly appearing entities using an out-of-the-box implemen-
tation of [61] to join common co-occurrences of tokens into bigrams and trigrams, and select the review sentences that mention
exactly one of the entities obtained. Then, we pass these sentences through a BERT classifier to determine whether the entity is a
feature aspect, a product aspect, or not an aspect as follows: the input consists of a review sentence (e.g. “The operating system is
great”), as well as the entity we aim to classify as a feature aspect, product aspect, or non-aspect (e.g. “operating system”), and we
mask the entity with a single [MASK] token. The tokens are then passed through the transformer network and the input for classifi-
cation is taken from the output position of the masked entity. The linear layer is followed by a softmax operation, which outputs the
probabilities of the entity being a non-aspect, feature aspect, or product aspect, respectively.

The same aspect can be referred to by reviewers using different terms (e.g. a hard drive can be referred to with the terms HDD or
storage) that need to be grouped under the same aspect node when constructing the ontology tree. However, hard drive and storage
are not strict synonyms even if they are interchangeable within the review texts. To address this, we train a word2vec model on
the review texts using the continuous bag-of-words (CBOW) architecture [60] that predicts each word in the text corpus from a
window of surrounding words.'® Once we obtain the word embedding for each aspect, we use the relative cosine similarity measure
to construct a weighted graph of aspects to be used in the Equidistant Nodes Clustering (ENC) method [26], which was shown to obtain
state-of-the-art performance in the synset induction task.

The aspect synsets then form the nodes of the ontology tree as follows. The review sentences that mention a term from exactly
two synsets are passed through a BERT classifier to obtain votes for relations between aspects. We aggregate the votes within each
synset to obtain a two-way relatedness measure between each synset pair (i.e. if s, is a feature of s, if 5 is a feature of s;, or if there
is no relation between s; and s;) that we use to create the ontology. Fig. 7 shows the ontology extracted for television.

8.2.2. Generating votes

Given the ontology, votes on aspects of relevant products are drawn automatically from the reviews by automatically identifying
the (positive or negative, respectively) sentiment of excerpts of the reviews concerning those aspects. We used TD-BERT [39] trained
on SemEval-2014 Task 4 data for aspect-based sentiment analysis [67]. Fig. 8 shows predominantly positive votes in green and
predominantly negative votes in red, as well as an excerpt for a review about the “design” aspect. Votes are then used to construct
the QBAF whereby (excerpts about) aspects of the ontology form arguments supporting or attacking other aspects or the (“goodness”
of the) product, as we outlined in Section 4. For example, for the votes in Fig. 8, “design” supports the product (“mixer”).

8.2.3. Experiments & discussion

To evaluate our ontology extraction method, we selected 5 random product categories from [64] (digital cameras, backpacks, laptops,
acoustic guitars, and cardigans); for each, we identified the 200 most commonly appearing nouns in the reviews, and manually created
the (input) ontology around them, given that we observed that most of the relevant aspects of the products were included within this
(200 nouns) range. This led to over 40 K and 200 K training instances per product and in total (respectively) for aspect extraction
and to over 20 K and 100 K for relation extraction. We then trained the two BERT models on the aspect and relation extraction data,
respectively, leaving 5% of the data as a held-out testing set, for 3 epochs with a batch size of 32 and 16 (respectively) and Adam

19 We observed that a small window size of 4 performed best. We hypothesise that this is because a small window size can prevent sibling aspects from being grouped
together based on their association with their parent aspect.
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[ tv, unit, set, monitor, item, product, hdty, television
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picture, image,
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picture quality
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volume
color, blacks, contrast,
. menu signal
colors, levels brightness

Fig. 7. The ontology we extracted for television. Features are highlighted in bold, whereas their synonyms are given in standard font.
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buttons
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19.37 wulT @

design

Fig. 8. Votes with predominantly positive/negative votes indicated in green/red, respectively, built from Amazon reviews.

optimiser with standard cross entropy loss. We obtained 82.37% accuracy and 81.43% macro F; on the aspect extraction testing set
and 79.73% accuracy and 79.84% macro F; on the relation extraction testing set. We considered five randomly selected products
not included in the training data, representative of 4 out of the 29 distinct Amazon categories in the dataset: watches, necklaces (both
from category Clothing Shoes and Jewelry), televisions (Electronics), stand mixers (Home and Kitchen), and video games (Video Games).
This choice includes both popular (televisions) and niche (stand mixers) products so as to cover a wide spectrum of products. For each
product, we used 200,000 review texts as input to the ontology extractor, except for stand mixer, for which we could only obtain
28,768 review texts. The QBAFs extracted are evaluated dialectically to obtain a numerical score for the product, using the DF-QuAD
gradual semantics as in the previous case study.

We compared the scores given by the gradual semantics for products with ontologies drawn from our ontology extractor to the
“ground truth” aggregated score from Amazon, amounting to the average star ratings of the products therein, scaled linearly from
0-5 to 0-100. The intuition is that the score given by the gradual semantics gives a measure of the dialectical support products
receive from the opinions expressed in the reviews, along the dimensions identified by the ontologies, and thus this score should be
comparable to the aggregated star ratings reviewers give the products. Table 7 shows the mean average error (MAE) and root mean
square error (RMSE) for each product category. Here, we compute scores for the 20 most reviewed products in each testing category.
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Table 7
Error values we obtain with the proposed ontology extraction
method.
Watch TV Necklace ~ Mixer  Video game
MAE 6.7 3.4 8.8 22.7 12.6
RMSE 85 6.7 109 23.4 14.6
0.10 T @
0.10 ul T @2

Why was the mixer highly rated?

Why was the mixer highly rated?

ASK ABOUT

mixer motor Why was the bowl considered to
be poor?

Why was the bowl considered to
be poor?

What did users say about the beaters

What did users say about the bowl
being poor?

being poor?

(a) User controls (b) Conversation

Fig. 9. Illustration of our explainable recommender system built from Amazon reviews.

As seen from the first case study, predicting the exact numerical rating on a scale of 0-100 is a challenging task. Here, the experiments
run on Amazon products have the additional complexity of an out-of-distribution test set, with all five product categories tested not
seen during training. As expected, the errors are higher than those obtained in the movie experiments, and the results for the niche
product, stand mixer, are lower than those of popular products such as the TV.

8.2.4. Generating dialogical explanations

Explanations can be drawn from the QBAF in Fig. 8 as we have shown in Section 7: from (arguments about) the “goodness” of
the product to (attacking or supporting arguments for) the “goodness” of aspects thereof, to evidence from reviews from which the
QBAF is extracted. Fig. 9 illustrates the dialogical explanations we have embedded into a mobile app prototype. Fig. 9a shows an
intermediate step in the generation of the conversation, where the user is given options as to what can be asked from the review
aggregation system at that stage, using a similar template as in Section 7, but where users can directly ask about information in
reviews. Fig. 9b shows the full conversation generated with a human user. Here, at the second utterance by the review aggregation
system, the user is given a positive and a negative aspect (the “motor” and the “bowl”, drawn respectively from a supporter and
an attacker for the product in the QBAF) and opts for exploring, within the conversation, the reasons for the negative aspects, for
which, at the third utterance by the system, a positive and a negative reason (aspects) are provided, supported by evidence at the
fourth utterance. Overall, the conversations can deliver explanations fully tailored to the needs of users (in allowing exploring and
retrieving information in aspects they care about).
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9. Conclusions

We have introduced ADAs, a.k.a. argumentative dialogical agents: a novel, argumentation-based formalism for explainable aggre-
gation of (textual) reviews. We have demonstrated how ADAs can extract feature-based representations as a means for harbouring
the information from reviews on items, using an ontology. We have shown that these ontologies may be obtained by different means
with varying levels of automation, enabling generality to make ADAs applicable to a wide range of settings where textual reviews
are available. ADAs then use the feature-based representation to generate a form of argumentation frameworks, QBAFs, which drive
both the evaluation of items via gradual semantics for QBAFs, and the dialogical explanations therefor, which are delivered to users
and support interactions with them. We have formally studied (components of) ADAs in terms of a number of theoretical properties.
We have also shown how to deploy ADAs, focusing on three diverse application settings for which popular websites exist where
review aggregation is paramount, but achieved without any regards for explainability. In doing so, we have provided comprehensive
evidence of the adaptability of ADAs to different tasks and settings, as well as how they can support explainability.

We foresee numerous directions for future work, starting with the investigation of the relaxation of the assumptions and simpli-
fications which were made throughout the paper. First, considering the use of different argumentation frameworks could be fruitful,
e.g. incorporating structure in arguments could allow for more expressiveness, though more error would likely be induced in the
argument mining, while the use of argument schemes, as in [95], while restrictive, could allow for more natural dialogical expla-
nations with users. Also, allowing for cyclic argumentation frameworks, as in [22], could increase the flexibility of our approach,
while other base scores or semantics could be experimented with. Moreover, in the case studies, we have demonstrated just a few
options of how our approach can be instantiated in real world settings, e.g. from how the ontologies are obtained to the selection the
aggregation functions for votes, but there are many more options which could be explored within our methodology. Our ontologies
are also rather simple, as are the binary, single votes we extract, where some form of graded vote based on the sentiment analysis,
or more complex aggregation functions when multiple votes are present, could improve the accuracy in the empirical analysis. The
dialogical explanations which we have introduced also present a starting point from which we expect many developments, e.g. in the
richness of the possible conversations or the way in which they are generated.

In addition to these aforementioned investigations, we would also like to expand our study in other directions, from further
development of the formalisations of ADAs (e.g. with more sophisticated ontologies), to implementation and evaluation of user-
facing systems. It would also be interesting to explore additional methods for the automated extraction of ontologies, in the settings
we considered as well as other settings. Further, it would be interesting to see what role LLMs, as in [18,87,28], could play in ADAs
for generating more natural dialogical explanations to alleviate some of the reliance on templates (as already mentioned) as well as
to automatically classify relations as being attacks or supports, given promising work within argumentation [86] and in e-commerce
[2]. We would also like to consider how the argumentation framework can incorporate user preferences, e.g. as is overviewed in
general and explored in this context in [12], rather than accommodating them indirectly via explanation of the review aggregation.
Finally, we plan to conduct user studies with ADAs to determine the best way to provide the explanations, e.g. graphical, visual or
linguistic, for different contexts and users, as in [41]. Specifically, we plan to explore the merits of the different (template-driven)
dialogical explanations demonstrated in the paper. These user studies will be pivotal for assessing which explanations to adopt in real
world deployments, and will require accounting for the strategic behaviour of ADAs and users engaged in the dialogical explanations.
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