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Abstract

This paper introduces a methodology to generate review-based natural language jus-
tifications supporting personalized suggestions returned by a recommender system.
The hallmark of our strategy lies in the fact that natural language justifications are
adapted to the different contextual situations in which the items will be consumed.
In particular, our strategy relies on the following intuition: Just like the selection of
the most suitable item is influenced by the contexts of usage, a justification that sup-
ports a recommendation should vary as well. As an example, depending on whether
a person is going out with her friends or her family, a justification that supports a
restaurant recommendation should include different concepts and aspects. Accord-
ingly, we designed a pipeline based on distributional semantics models to generate
a vector space representation of each context. Such a representation, which relies on
a term-context matrix, is used to identify the most suitable review excerpts that dis-
cuss aspects that are particularly relevant for a certain context. The methodology was
validated by means of two user studies, carried out in two different domains (i.e.,
movies and restaurants). Moreover, we also analyzed whether and how our justifica-
tions impact on the perceived transparency of the recommendation process and allow
the user to make more informed choices. As shown by the results, our intuitions were
supported by the user studies.
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1 Introduction

About thirty years after the birth of the first Recommender Systems (RSs) (Resnick
and Varian 1997), this technology is now recognized as a very effective means to tackle
the problem of information overload and to support the users in decision-making tasks
(Shapira et al. 2022). The effectiveness of these algorithms, originally developed for
low-risk decision-making domains (music to listen to, or movie to watch), is nowadays
validated by its recent spread in more complex and high-risk scenarios, such as health,
finance and so on Jameson et al. (2022).

However, in parallel with the spread of these technologies in our everyday lives, it is
more and more required that RSs open their black boxes (Guidotti et al. 2019). In other
terms, they have to: (i) make their internal mechanisms as much clear and transparent
as possible; (i) support each suggestion by means of justifications that allow the user
to more easily discern among the available alternatives. As shown by several research,
a higher transparency of the whole recommendation process leads to a higher trust
of the users (Sinha and Swearingen 2002) as well as to a higher acceptance of the
recommendations (Cramer et al. 2008).

Accordingly, the introduction of explanation facilities in RSs has been investigated
in several works (Nunes and Jannach 2017). Generally speaking, such explanations
range from attempts based on the descriptive properties of the items (Vig et al. 2009) to
strategies based on deep learning that jointly learn to recommend and explain (Lu et al.
2018; Liuet al. 2019). Recently, some black box models that exploit knowledge graphs
to generate post hoc explanations that are independent from the recommendation
algorithm (Musto et al. 2016) also emerged.

Regardless of the richness and the effectiveness of the explanations these strategies
can build, the intuition of adapting the explanations to the different contextual condi-
tions in which the item is consumed has been scarcely investigated. This is a relevant
concern, since the context plays a fundamental role when a decision (e.g., a movie to
watch) shall be made, and RSs are no exception. As an example, the mood can direct
the choice of the movie to be watched, and the company (friends, family, children) can
drive the choice of a restaurant. In the same way, a justification supporting a restaurant
recommendation should convey different concepts depending on whether the user is
arranging a family lunch or a dinner with friends.

In this paper, we present a novel strategy to effectively tackle this issue since we
introduce an approach to build review-based context-aware justifications supporting
the recommendation. Our methodology is inspired by the principles of distributional
semantics (Lenci 2008) and is based on three steps: First, a ferm-context matrix that
encodes the importance of terms and concepts in each contextual condition is built.
Thanks to this matrix, it is possible to obtain a vector space representation of each
context, which is used to identify the most suitable pieces of information (e.g., review
excerpts) to be included in the justification. Generally speaking, our justifications
rely on the most relevant reviews’ excerpts that discuss with a positive sentiment the
aspects that are relevant in a particular combination of contextual conditions. The
choice of preferring reviews’ excerpts w.r.t. other descriptive features is due to two
main reasons: First, review excerpts often convey information about what people like
and what people think about the places they visit and the experiences they have, and
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this can be very helpful to discover new aspects of the items or to be persuased to
consume an item. Moreover, review-based explanations tend to overcome those based
on descriptive features (He et al. 2015; Baral et al. 2018). In particular, previous works
showed that the use of review data improves the engagement and the persuasive power
of the explanations. This is probably due to the different nature of features included
in the justifications that allow the users to discover new things about the item.

Another distinctive trait of our strategy is the generation of post hoc justifications.
These justifications are completely independent from the algorithm which is used to
generate the recommendations. Accordingly, our methodology works in a completely
unsupervised way and does not need users’ ratings as input since our strategy needs
to be just fed with: (i) a recommended item; (ii) a set of reviews discussing the item;
(iii) the context in which the items will be consumed and returns as output a suit-
able context-aware justification. However, it is important to point out that the current
implementation of the model returns justifications are not personalized, that is to say,
given a certain contextual condition, two users who receive the same recommendation
will receive the same justification as well. More details about this will be provided
later.

Finally, it is also necessary to emphasize that, throughout the article, the term
Justification is preferred to explanation. This choice is mainly due to the principles
introduced in Biran and Cotton (2017), where the authors state that explanations are
related to the concept of interpretability, that is to say, if the operations of the algorithm
can be understood by a human. Conversely, justifications explain why a decision is
a good one. The latter definition perfectly frames the ideas discussed in this article,
since our justifications do not consider the internal operations the recommendation
algorithm carries out and are more oriented to describe why a user would be interested
in the item. To sum up, our article provides the following contributions.

e We introduce a strategy inspired by distributional semantics models that exploits
natural language processing to learn a representation of the different contextual
conditions in which an item can be consumed;

e We design a pipeline to generate review-based natural language justifications
adapted to the different contextual situation;

e We carry two user studies in the movies and restaurants domain to assess the
effectiveness of the methodology.

The rest of the paper is organized as follows: Sect.2 provides an overview of
related work. Next, the main components of our workflow are discussed in Sect. 3.
Section 4 presents the experimental settings and discusses its outcomes. Finally, Sect. 6
summarizes conclusions and future work of the current research.
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2 Related work

This work borrows concepts from context-aware computing, review-based explana-
tion strategies and distributional semantics models. Accordingly, in this section we
introduce relevant related work in these areas, and we try to indicate the distinctive
traits of our methodology.

2.1 Context-aware computing

According to the literature in the area of context-aware computing (Schilit et al. 1994),
the context can be defined as a set of factors that describe the current situation and
can potentially influence the decision-making process. As for the area of RSs, the
positive impact of contextual information is acknowledged from around one decade
(Adomavicius et al. 2022) since most of the current literature showed that context-
aware recommender systems (CARS) usually outperform their non-contextual-aware
version (Adomavicius et al. 2005).

As regarding the terminology we will use throughout the article, we want to empha-
size we used the definitions that are commonly used in the literature: From now on,
we use the term contextual variable to refer to a variable that describes the current
situation (e.g., mood, company), the term contextual condition to refer to a value that
a contextual variable can assume (e.g., mood=good), while a contextual situation is a
combination of contextual conditions (e.g., mood=good, company=friends).

The introduction of explanation strategies specifically designed for CARS is more
recent. As an example, in Mei et al. (2018) the authors develop a neural context-
aware recommender system that aims to generate explainable recommendations. In
particular, explanation mechanisms are based on the analysis of the attention weights
that are spread in the neural network. A similar attempt was also proposed in Xia et al.
(2017). Our work significantly differs from these attempts since we developed a black
box methodology which is separate from the generation of the recommendations. Our
methodology generates post hoc justifications that are completely independent of the
underlying recommendation model, so we are not interested in fow recommendations
are generated.

A complete discussion of the recent advances in the area of CARS (Haruna et al.
2017)is out of the scope of the current paper, since we do not investigate how contextual
conditions influence the generation of the recommendations. Conversely, we adapt
concepts and the aspects that appear in a justification supporting the recommendation
based on the different contexts of usage. The only similar attempt is due to Misztal
and Indurkhya (2015), who exploit contextual features to explain a recommendation
(e.g., "I suggest you this movie since you often like romantic movies in rainy days").
A similar attempt was proposed by Sato et al. (2018), who identified the suitable
contexts of consumption of an item, and uses them as a novel explanation style (e.g.,
"This restaurant is recommended to you because it is suitable for dates with your
partner."). A similar explanation style is also presented by Li et al. (2021), who
propose a method to jointly provide context-aware recommendations and explanations
that exploit attention mechanisms.
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With respect to these pieces of work, the distinctive trait of our methodology lies in
the fact that we do not limit at indicating the contextual conditions in which an item is
suitable. Conversely, we highlight the characteristics of the items that make it suitable
in a particular contextual situation, and such characteristics are adapted as the setting
changes.

2.2 Review-based explanations

Based on the classification of explanation algorithms presented in Friedrich and Zanker
(2011), our methodology can be classified as a content-based explanation strategy.
Indeed, we generate justifications by exploiting descriptive features of the item. Early
attempts in the area rely on the exploitation of user-generated content, such as tags (Vig
etal. 2009) or features gathered from knowledge sources and knowledge graphs (Musto
etal. 2016). Differently from simple content-based strategies, the distinctive trait of our
method lies in the use of review data to generate natural language justifications. Even
if the positive impact of review data on recommendation quality is acknowledged in
the literature (Herndndez-Rubio and Bellogin 2018), the exploitation of these features
to generate review-based and context-aware justifications is a relatively new research
area.

Several work recently exploits review data to generate explainable recommenda-
tions. As an example, Baral et al. (2018) identify relevant aspects in the reviews
by using deep neural networks and exploit a user-aspect bipartite graph to generate
explainable recommendations. Similarly, He et al. (2015) encoded a user-item-aspect
graph and exploited graph-based ranking to find the most relevant aspects of a place
that match users’ interests as well.

Finally, Chen et al. present in (2018) a model called NARRE that relies on a Neural
Attentional Regression providing also review-level explanations. However, all these
techniques were not taken into account for experiments since they all focus on the
use or ratings and reviews to generate explainable recommendations. Conversely, our
work presents a strategy to generate post hoc explanations that are independent from
the underlying algorithm. Accordingly, in order to provide a fair comparison, similar
methodologies proposing strategies for post hoc natural language explanations were
considered as baselines.

The idea of analyzing users’ reviews to identify relevant features of the item is
also investigated in Chen and Wang (2017). However, Chen et al. only use in (2017)
a pre-defined set of descriptive features. The distinctive trait of our work lies in the
fact that we did not build our justifications by exploiting a fixed set of static aspects.
Conversely, the most relevant concepts in a certain contextual condition are identified
by our framework. Similarly, a framework to generate review-based explanations is
also discussed in Muhammad et al. (2016). However, in this case the authors just
identify relevant aspects of the items (e.g., bar, service, parking, etc.) without providing
the user with a natural language explanation. Differently from this work, we combine
excerpts of the original reviews to build a natural language justification. Similarly,
Chang et al. (2016) investigated an approach based on the same principles. However,
they strongly rely on crowd-sourcing, while our approach is based on a pipeline which
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is fully automated, by excluding an initial effort to identify contextual conditions and
to annotate review excerpts that are relevant to justify a recommendation. Moreover,
the hallmark of our strategy w.r.t. all these work lies in the ability to differentiate the
justification based on the different setting in which an item is consumed.

2.3 Distributional semantics models

Finally, it is worth to emphasize that this work exploits distributional semantics
(DSMs) to build a content-based vector space representation of each contextual con-
dition in which the item may be consumed. Generally speaking, DSMs have their
roots in the distributional hypothesis, which states that ‘Words that occur in the same
contexts tend to have similar meanings" (Harris 1968). DSMs are also referred to as
geometrical models, since each term can be represented as a vector in geometrical
space called WORDSPACE (Lowe 2001). All the methods that fall into this group share
the same underlying principle: As humans infer the meaning of a word by analyzing
the contexts in which the word is often used, so DSMs learn a representation of terms
(i.e., its ‘meaning’) by analyzing how the term itself is used in a corpus of textual
documents.

The core of DSMs lies in the construction of a matrix called term-context matrix.
This matrix encodes each term in a row, and each contexts of usage in a column.
Generally speaking, a confext can be figured out as a particular fragment of text in
which the term appears. It can be a sentence, a paragraph or even a complete document.
In a nutshell, a term-context matrix encodes how many times a particular term is used
in a particular context, and each row in such a matrix is a vector which is instantiated
in a vector space represented by the column of the term-context matrix.

Accordingly, the resulting representation of each word—that can be learnt in a com-
pletely unsupervised way—depends on the contexts in which the word itself appears
(e.g., other words it co-occurs with), and this follows the principles of DSMs.

These methods, which took their roots in the area of computational linguistics
(Lenci 2008), inspired recent and well-performing methods in the area of word embed-
dings. One of the examples is WORD2VEC (Mikolov et al. 2013), followed by more
recent contextual word representations (Smith 2020). However, the flexibility of DSMs
makes them suitable for several heterogeneous tasks. As an example, in Musto et al.
(2011) the authors propose a content-based RS that exploits DSMs. Similarly, Cod-
ina et al. (2016) use DSMs to learn a vector space representation of each contextual
condition. However, differently from our work, in Codina et al. (2016) the authors
exploit user ratings (rather than users’ reviews, as we do) and use such a representa-
tion to calculate the similarity between contextual conditions and to alleviate sparsity
problems in collaborative RSs. Conversely, in our attempt we used DSMs to build a
vector space representation of the different contextual conditions which is used for
justification purposes.

Finally, we want to point out that our work is partially inspired by Staiano and
Guerini (2014), where Staiano et al. use DSMs to generate a vector space representation
of emotions. In particular, they manually annotate sentences with the emotions they
triggered and they build a word-emotion matrix, from which emotion vectors are
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Fig.1 Workflow to generate context-aware justifications by exploiting DSMs

extracted. Similarly, in our work we annotated reviews with the contextual conditions
in which they can be useful, and we built a vector space representation of contexts
which is then used to identify suitable review excerpts to combine in a justification.
More details about this will be provided later. Based on our knowledge in the area,
there is no attempt investigated how to exploit DSMs to generate justifications for
RSs.

3 Methodology

In a nutshell, our methodology to generate natural language context-aware justifi-
cations takes as input: (i) a recommendation; (ii) a set of reviews discussing the
recommended item; (iii) a context of usage. Based on this input, a justification that
supports the recommendation is generated as output. As previously explained, justifi-
cations will combine several review excerpts and are adapted to the different contextual
situations in which the item is consumed.

Figure 1 depicts the structure of our workflow to generate natural language review-
based context-aware justifications. It consists of three main components: (i) a CONTEXT
LEARNER that learns a representation of each contextual condition by exploiting DSMs;
(i1) a RANKER implementing a scoring mechanism to identify the most suitable review
excerpts that can support the recommendation; (iii) a GENERATOR that puts together
previously retrieved pieces of information and provides the user with a context-aware
justification of the item. In the following, we will provide more details for all the
components.

Moreover, it is important to point out that Fig. 1 further clarifies the post hoc nature
of our justifications since, in order to run our pipeline, it is just necessary to provide
a recommended item and a set of reviews discussing that item, with the contextual
information characterizing the user at the moment of the recommendation. This holds
regardless of the algorithm which is used to generate the recommendation. In our
opinion, this is a strong point of our methodology, since we are able to justify a
suggestion even without a minimum amount of ratings, which is typically mandatory
to learn a complex explanation model as those previously presented in the related
work. Of course, in order to extend the findings of the evaluation, we will assess the
effectiveness of the framework with different recommendation algorithms. This is left
as future work.
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3.1 Context learner

As we previously introduced, our strategy has the distinctive trait of adapting the
content provided in the justification based on the contextual situations. Accordingly,
as a first step, the system has to: (i) learn a representation for each contextual condition
in which the item is consumed; (ii) to identify some review excerpts that emphasize
and discuss features of the item that can be relevant in that specific contextual situation.

In our workflow, this task is carried out by the CONTEXT LEARNER. This component
exploits DSMs and learns a space representation of each context based on relevant
review excerpts. Intuitively, through this representation our system can identify terms
and concepts that are relevant in a particular contextual condition.

Even if some work proposing strategies for the automatic identification of relevant
contextual condition exists (Adomavicius et al. 2022), in this work the set of contextual
variables that are relevant in a particular domain has to be manually defined. However,
this is common to several applications that are context-aware in their nature and does
not need to be carried out from scratch, since there is a large body of the literature
providing some examples of relevant contextual variables. More details on the context
definition process will be provided in Section 4.

Formally, given a set of reviews R, we first use natural language processing tech-
niques to obtain a vocabulary of terms T = {¢1...t,} occurring in the reviews.
Next, given a set of contextual conditions X = {x;...xx} (e.g., company=family,
meal=dinner, mood=good, etc.), this module generates as output a matrix C, x, where
n is the size of the vocabulary T and k is the number of contextual conditions. In par-
ticular, each ¢, ; in C,, x encodes how important a term ¢ is in a particular contextual
condition x;.

In order to build such a representation, the following process was carried out: As
a first step, all the reviews r € R are split into sentences. Next, let S be the set of
previously obtained sentences, a subset of these sentences is manually annotated to
obtainaset S’ = {s...s,}. Inthis case, each s; is labeled with one or more contextual
conditions, based on the concepts that are used in the review. Of course, each s; can
be annotated with more than one context.

As an example, areview including the sentence ‘a very funny and informal location’
is annotated with the contexts company=friends and meal=dinner, while the sentence
‘many services for kids and families’ is annotated with the contexts meal=Iunch and
company=family.!

Based on our intuitions, the first group of annotations can be helpful to identify
review excerpts assessing that a particular restaurant is suitable for a dinner with
friends. Similarly, the second group of annotations highlights the excerpts that allow
to select a restaurant for a family lunch. Once all the annotations are collected, it is
possible to build a sentence-context matrix A, i, where m is the number of annotated
sentences in S’, while k is the number of contextual conditions, again. Each element
As; x; in the matrix is set as 1 if sentence s; is annotated with the context x; (that is to
say, it mentions concepts that are relevant for the context), O otherwise.

! In order to get the annotations, the following question was formulated: ‘In what contextual situation can
such an excerpt be useful for justifying a recommendation?.’
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Fig.2 Building a lemma-context matrix C by exploiting distributional semantics models

Next, each sentence is split into terms. This is done to identify the concepts that are
relevant for a particular contextual condition. To get the list of the terms, tokenization
and lemmatization algorithms (Manning et al. 1999) are run over the set of sentences

in S, and a lemma-sentence matrix V, , is obtained as output. In this case, vy, s, is
2

.8
equal to the TF- IDF of the term #; in the sentence s;.

As afurther step, in order to reduce the size of the vocabulary 7', we filtered out non-
useful lemmas. In this case, our design choice was to maintain nouns and adjectives.
This choice put its root in previous research (Nakagawa and Mori 2002), where the
authors showed that just nouns (e.g., service, meal, location, etc.) are typically used to
label descriptive features of the items. Conversely, the choice of considering adjectives
does not rely on related work, and it is due to the fact that adjectives are often used
to model and describe the characteristics of the different contextual situations (e.g.,
romantic, quick, etc.).

Moreover, in order to introduce more significant concepts in our justifications, we
also considered bigrams (i.e., couples of terms composed of nouns and adjectives, such
as elegant location). Based on our intuition, bigrams can be very useful to highlight
specific and context-aware characteristics of the item. To this end, given the set S’
containing the annotated sentences, the POS-tagging algorithm (Manning 2011) was
exploited and all the lemmas whose part of speech was equal to nouns and adjectives,’
were maintained.

The lemma-context matrix Cy x, which is the final output of the process, is finally
obtained by multiplying the vocabulary matrix V,, ,, and the annotation matrix A, .
In C, k, each ¢, xj encodes the importance (weight) of term #; in the context x;.
The process is shown in Fig.2, and this represents the final output generated by the
CONTEXT LEARNER module.

Based on this representation, it is possible to obtain two different outputs. First,
each column vector ¢ can be extracted from matrix C. The vector space representation
of the context x; based on DSMs can be obtained by extracting each vector ¢;.

It is worth to emphasize that our column vectors perfectly fit with the principles of
DSMs and distributional hypothesis. Indeed, whenever a particular context is labeled
by the users by using similar (or same) lemmas, the resulting vector space representa-
tion will be similar as well. Conversely, different word usage will lead to a very different

2 Of course, the calculation of IDF is repeated over all the annotated sentences.

3 In particular, we maintained lemmas whose POS-tag was equal to NN NNS, NNP, NNPS, JJ, JJS and
JJR that correspond to nouns, adjectives and their comparatives and superlatives. An overview of all the
grammatical categories is out of the scope of this paper. However, based on the Penn Treebank tagset, which
is one of the most popular tagsets, 36 categories for words can be defined. For further reading, we refer the
reader to Marcus et al. (1994).
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word representations. More evidence about this will be provided in the experimental
section.

Moreover, a lexicon of lemmas that are relevant for a particular contextual condition
can be easily obtained by further processing the matrix. As an example, for each
column vector, lemmas could be ranked based on their descending TF- IDF score
and those with the highest score could be labeled as most distinctive lemmas for that
context. In order to provide some quantitative evidence of the effectiveness of the
approach, Table 1 reports top S lemmas for two different contextual conditions for
the restaurant and the movie domains, respectively. At first glance, the table confirms
the effectiveness of our methodology, since top-ranked lemmas correctly catch and
emphasize concepts that are particularly relevant for that specific context of usage.

As shown in table, very different aspects are highlighted for each context. Some
lemmas may be common to different settings, but each contextual condition is char-
acterized by a very specific vocabulary of terms that have to be used to justify the
recommendation. As an example, sentences such as ‘a funny location’ and ‘many ser-
vices for kids’ both describe positive aspects of the item; thus, it would make sense to
include both of them in a justification.

However, the inclusion of a particular term in a justification is strictly dependent
on the importance of the term itself in that specific context of usage. As an example,
the first sentence can be used to convince that a restaurant is good for a dinner with
friends, while the second can be exploited to drive a user toward a good restaurant for
a family lunch.

3.2 Ranker

Once a vector space representation of the contexts is obtained, the RANKER component
comes into play. In particular, the goal of this module is to identify the most relevant
review excerpts to be included in the justification, given a recommended item, some
reviews discussing the item, and the context of usage (from now on, defined as ‘current
context’).

Our ranking strategy is mainly inspired by DSMs and similarity measures for vector
spaces, and works as follows: Given a set of n reviews discussing the item i, R; =
{r,-,l .. .r,-,,,}, each r; is first split into sentences. Next, by exploiting a sentiment
analysis algorithm (Liu 2012) all the sentences are processed and those expressing a
negative or neutral opinion are filtered out. The choice is due to the fact that we wanted
to include in our justifications review excerpts discussing positive characteristics of
the item.*

Next, in order to identify the most relevant sentences for the current contextual
condition x; (e.g., company=parmer), we extract its vector space representation c;
and we calculate the cosine similarity between ¢ and all the available sentences s;.

Given that context vectors are represented in an n-dimensional space where each
element encodes the importance of the lemma in a particular context, to calculate
such a ranking we need to build an n-dimensional representation for sentence vectors,

4 A relevant research direction for future work could regard the introduction of negative aspects of the
items, in order to evaluate their impact on the users.
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Fig.3 Context-driven sentence A s1
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as well. Accordingly, we first tokenize and lemmatize each sentence as we did in
Sect.3.1. Next, we instantiate the vector §; in the same space defined by the lemma-
context matrix Cp, x. In particular, 5; = [t1, 17 .. .1,]7, where each ¢ j represents the
TF- IDF score of the term. Clearly, TF counts how many times ¢; appears in s;, while
IDF is calculated in the canonical way. Finally, the most similar sentences (according
to cosine similarity) to the vector representing the context of usage x; are selected as
the most suitable sentences to be included in the justifications, and they are passed to
the GENERATOR.

A toy example showing the behavior of the RANKER module is reported in Fig. 3.
In particular, we instantiate two different sentence vectors s; = ‘A very romantic
location’ and 5o = ‘Includes a very nice playground for kids’ and two different context
vectors. x| = ‘company=partner’ and x; = ‘company=family.” As shown in Fig. 3,
as expected the different contexts are far away from each other in the vector space,
and a similar intuition also holds for the sentences. Indeed, s is closer to xi, while
57 is closer to xp. Accordingly, s1 will result as the most suitable sentence to justify
item / in context x, while s, will justify the recommendation if x; is the context of
consumption. Thanks to this example, we have shown that two different justifications
can be generated for the same recommendation, based on the different context in
which the item will be consumed. As shown throughout this section, DSMs can be
very helpful to achieve this goal.

Of course, this process works if just one contextual condition characterizes the
current context of usage. However, it is frequent that several contextual conditions
occur together (e.g., company=friends and meal=Iunch). In this case, we propose two
different strategies, which are labeled as separate and centroid, respectively. In the first
case, we repeat the process for each current context x ;, and each execution will return
a set of sentences that will be merged in the final justification. Conversely, in the latter
we run the pipeline just once by first calculating the centroid vector ¢ that merges the
vectors ¢, modeling the different current contextual situations. In the experimental
evaluation, we will compare the effectiveness of these strategies to rank the available
review excerpts.

3.3 Generator
When all the suitable and compliant review excerpts have been identified by the

RANKER module, the GENERATOR is run to put everything together and build the
natural language justification to be presented to the user. Our strategy for natural
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language generation (NLG) (Reiter and Dale 1997) is based on template-based NLG
(Deemter et al. 2005) and follows the principles of slot-filling. As stated in Deemter
etal. (2005), these classes of approaches obtain performances that are often comparable
to that obtained by other more sophisticated NLG techniques.

In our case, each justification is obtained by combining some fixed parts, that are
common to all the justifications, with some dynamic parts, whose content depends
on the output that is returned by the different modules of the framework. As regards
the selection of the sentences, we applied some heuristics to improve the internal
coherence of the resulting justification. The complete set of sentences was filtered
out by removing sentences we labeled as ‘non-coherent.” In particular, we maintained
just sentences written in the third-person singular. In other terms, we prefer sentences
like: ‘movie has a good plot’ over ‘I liked the plot.” Even if the semantics is almost
the same, the first form allows generating more coherent sentences. These heuristics
was also applied in similar research (Musto et al. 2020).

Moreover, it should be pointed out that two different strategies are implemented
depending on whether the separate or centroid strategy to rank the excerpts is selected.
When separate ranking is exploited, one sentence (i.e., that ranked first) is selected
for each contextual dimension. Next, all the sentences are put together by exploiting
simple connectives, such as adverbs and conjunctions. Conversely, with the centroid
strategy, the centroid vector of the different contextual situations is first calculated.
Then, top-3 sentences are selected.

An example of the resulting justifications for the foy example reported in Sect. 3.2
is provided in Table 2. As shown in the table, a different justification—highlighting a
different set of characteristics of the item—is provided for each contextual situation.
In our opinion, such a diversification can be useful for the target users who are going to
assess the goodness of the recommendation they received or to make their decisions.

This intuitive finding will be validated through a user study, which is discussed in
the next section.

4 Experimental evaluation
The goal of the experimental session was to answer the following research questions:

e Research Question 1 (RQ1): What is the optimal lexicon (i.e., unigrams, bigrams,
unigrams-+bigrams) that allows identifying suitable review excerpts to be combined
in post hoc context-aware justifications?

e Research Question 2 (RQ2): What is the optimal strategy to combine the review
excerpts in a post hoc context-aware justification when the contextual situation is
composed of more than one contextual condition?

e Research Question 3 (RQ3): How effective is our approach, in comparison with
both context-aware and non-contextual methods to generate post hoc justifications?

In order to answer both the research questions, we arranged a user study based
on 273 subjects (male=50%, degree or PhD=26.04%, age>35=49,48%, already used
a RS=85.4%). Users were recruited by exploiting the availability sampling strategy.
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Table2 Context-aware justifications for the RESTAURANT domain. Automatically extracted review excerpts
are reported in italics

Restaurant Justification

Company=Partner You should visit restaurant *Antiche Mura.” It is very
suitable for a dinner with your partner because music of
the place is very romantic. Moreover, the terrace is very
elegant

Company=Family You should visit restaurant *Antiche Mura.’ It is very
suitable for a dinner with family since it results as very
clean and location is very airy

Company=Friends You should visit restaurant *Antiche Mura.” It is perfect for
a dinner with your friends since price is really excellent.
Moreover, food is very genuine

Company=Partner Mood = good You should visit restaurant *Antiche Mura.” It is perfect for
Meal = dinner (centroid strategy) the contexts you selected since music of the place is very
romantic. Moreover, pizza is very good
Company=Partner Mood = good You should visit restaurant *Antiche Mura.” It is perfect for
Meal = dinner (single strategy) a dinner with your partner since music of the place is very

romantic. Moreover, terrace is very elegant. Next, people
also say that atrmosphere is very funny and staff is very
helpful. This makes is suitable given your mood. Finally,
based on your meal, you should know that pizza is very
good and food is very genuine

Generally speaking, availability sampling involves selecting a sample from the pop-
ulation because it is accessible, so individuals are selected because they are readily
available. This convenience usually translates to easy operation and low sampling
costs. Even if other recruiting strategies provide more solid findings, availability sam-
pling is still used in relevant research. In our case, as Alqahtani et al. (2022) recently
did, we recruited participants by e-mail and through social networks, in both aca-
demic and non-academic contexts. In our case, most of the sample included students,
researchers in the area and people not particularly skilled with computer science and
recommender systems.

In our study, we evaluated the effectiveness of the strategy in two different domains:
movies and restaurant. As regards the sample of the users, the majority indicated their
interest in movies as medium or high (62.78% of the sample). Similarly, 39.57% of the
participants stated that they were going out more than two times a week. Metrics we
evaluated included transparency, persuasiveness, engagement and trust. In particular,
transparency aims to evaluate whether the justification allows to explain how the
system works. Trust aims to investigate whether the justifications increase users’ trust
in the system. Persuasiveness evaluates whether the justifications convince users to
try or buy the recommended items, and the engagement is finally related to the
enjoyment concerning the fruition of the item (also defined as Satisfaction, in a more
general settings). Our selection relied on a subset of the explanation aims defined in
previous research (Tintarev and Masthoff 2012). Other aims, such as the scrutability,
were not considered since they did not fit our settings and the goals of our experimental
evaluation.
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For all the metrics, the assessment was made through a post-usage questionnaire.
The questionnaire is also inspired by similar research carried out in the area of
justifications and explanations for recommender systems (Musto et al. 2019, 2020)

4.1 Experimental design

In the following, we describe all the aspects concerning the design of the experiment.
Context definition To start our workflow, for each domain we first identified the
contextual conditions in which items can be consumed. This work has to be manually
carried out, but of course it is possible to exploit previous work in the area where
relevant contextual conditions have been defined.

In our case, we selected the context by analyzing related work in the area of context-

aware recommender systems in both movies and restaurants domains. In total, three
contextual variables were defined for the movie domain and 5 contextual variables
were defined for the restaurant domain. Regarding the movie domain, mood (great,
normal), company (family, friends, partner) and level of attention (high, low) were
selected as relevant contextual conditions. Next, as for the restaurant domain, we used
again the previously mentioned mood and company, and we also included day of
the week (weekday, weekend), type of meal (breakfast, lunch and dinner) and users’
special needs (healthy food, or restrictions). Of course, such a design choice can be
easily changed or extended in future work.
Data collection Next, we crawled users’ reviews to feed our components. As regarding
the movie domain, we carried out a semi-automatic mapping based between Movie-
Lens 100k dataset and a set of Amazon reviews.’ Items were mapped by first matching
their names by using some simple scripts. Next, in case of non-exact matching, we used
Levenshtein Distance® to identify suitable candidates and we manually completed the
mapping.

Then, for each contextual condition, a huge set of sentences discussing the item
is needed; less popular items (based on IMDB data) and movies with less than 50
reviews were filtered out from the dataset.

As for the restaurants domain, we extracted Yelp reviews for the restaurants in the
city of Bari (Italy). Again, restaurants having a low number of reviews were filtered out.
Of course, in the future, a larger evaluation involving more cities and more restaurants
will be carried out. However, in our opinion the current settings provide a sufficient
external validity of the findings. Moreover, it is important to emphasize that restaurant
reviews were collected for the Italian language. This allowed us to also evaluate the
effectiveness of the approach with languages different from English.

Data processing In order to run the NLP steps required by CONTEXT LEARNER
and RANKER modules, we exploited tokenization, lemmatization and POS-tagging
algorithms available in CoreNLP.” Next, the sentiment conveyed by each review was

5 http://jmcauley.ucsd.edu/data/amazon/links.html—Only the reviews available in the Movies and TV’
category were downloaded.

6 https://en.wikipedia.org/wiki/Levenshtein_distance.
7 https://stanfordnlp.github.io/CoreNLP/.
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Table 3 Statistics about the

datasets Movies Restaurant
#Items 307 928
#Reviews 153,398 104,000
#Sentences 1,464,593 561,161
#Pos. Sentences 560,817 122,041
Avg. Sent./Item 4770.66 609.01
Avg. Pos. Sent./Item 1826.76 141.22

obtained by using the Stanford Sentiment Analysis algorithm.® As we previously
explained, only sentences whose sentiment was labeled as positive or very positive
were considered for this step. Some statistics about the datasets is provided in Table 3.
Data annotation Our representations rely on 1,905 annotations we collected for the
movie domain and 1,710 annotations obtained for the restaurant domain, respectively
(3,615 in total). Sentences were annotated by three annotators, and a majority voting
strategy was used to identify suitable contexts. Given that each sentence was evaluated
by 3 persons, we collected around 10k annotations in total. Given that 10 persons were
involved in the process, each person annotated around 1,000 sentences, on average.
This was done in approximately 16 h. The whole process was carried out in two weeks,
so the effort per person can be quantified in around one hour per person. No specific
tools were used.

Experimental conditions Next, different configurations of the workflow were
designed. Such configurations were obtained by varying vocabulary of lemmas and
combination strategy.

As regards the vocabulary of lemmas, we considered three different configurations:
one based on the usage of single unigrams, one based on bigrams and one based
on their combination. The difference among the different configurations lies in the
selection of lemmas to be encoded in the matrix. In the first case, just single lemmas
(e.g., music, terrace, engaging, etc.) are encoded. In the second case, combination
of nouns and adjectives (e.g., warm atmosphere) is used. Finally, in the last case we
merge them, that is to say, the list of lemmas is based on both unigrams and bigrams.
As previously stated, Table 1 contains some of the output of this step and allows a
qualitative evaluation of the module.

As for the combination of contextual dimensions, we compared the effectiveness of
the previously mentioned separate and centroid ranking strategy. In total, six different
configurations were evaluated.

Experimental protocol To run the experiment, two web applications (one for
each domain) were deployed by implementing the methodology described in Sect. 3.
Source code of the web applications for the Movie’ and Restaurant'” domains has
been released.

8 https://nlp.stanford.edu/sentiment/.
9 https://github.com/swapUniba/DistributionalSemantics_Movies.
10 https://github.com/swapUniba/DistributionalSemantics_Restaurants.
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Each user interacted with each platform twice. In the first run (from now on, Exper-
iment 1), users were randomly assigned to one of the experimental conditions (based
on a specific combination of the parameters). Then, they received a recommendation
and evaluated the justifications. Next, in the second run of the experiment (from now
on, Experiment 2) the best-performing configuration emerged from the first run was
compared to two different baselines in a second experiment.

As for Experiment 1, the following steps were carried out:

1. Collection of Demographic Data. After a brief training session, carried out in our
laboratory, in which we explained the goals of the experiment and we clarified basic
aspects of the methodology, we asked users to give their consent and to provide us
demographic information. Finally, they also had to indicate their interest in movies
and restaurant domains.

2. Selection of the Contextual Situation. Next, each user indicated the context in
which the recommended item would have been consumed. This was done by
selecting a context among the different contextual conditions we previously indi-
cated (see Fig.4). Each user could select more than one setting at the same time
(e.g., meal=dinner and company=friends).

3. Generation of the Recommendation Next, based on the contextual situation
selected by the user, a suitable recommendation was identified and presented on
the user interface. In this case, a context-aware content-based recommendation
algorithm fed with review-based features was used. In particular, our approach
models the user based on the combination of the vector space representation of
the contexts of consumption. The approach works as follows: (a) We provided
each item with the concatenation of its reviews. This was the textual content asso-
ciated with each item; (b) a vector space representation of each item was built,
based on these features; (c) based on the contexts of consumption selected by the
user, a vector space representation of the user was built as well. In particular, we
picked the vector representing the context given as output by our context learner.
In case of multiple contexts, the centroid vector is built; (d) the recommendation
is returned based on the cosine similarity between the vector representing the user
and the vectors representing the items. Of course, this approach does not provide
personalized recommendations, since the suggestion is just based on the context of
consumption. Accordingly, in order to have more diverse recommendations among
the users, we selected the top 5 recommendations obtained by following the pre-
vious process and we returned a randomly picked one as a suggestion. However,
we point out again that our framework can work with any RS.!!

4. Generation of Natural Language Context-aware Justification. Once the input infor-
mation is collected, we run our pipeline to generate a justification for the item that
also considers its context of consumption. Based on our research questions, a
between-subject protocol was designed. In other terms, we randomly assigned
each user to one of the six experimental conditions and we provided her with
both the recommendation and the justification. Clearly, both of them are shown

1 Ag previously stated, in the future the effectiveness of the methodology on varying of different
recommendation algorithms will be assessed.
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Please indicate in which context you will enjoy the movie

Your level of attention

Open this selection menu ¢

Your company

Open this selection menu s

Your mood

-

Open this selection menu ¢

Open this selection menu

Great!
Normal

Fig.4 Context Selection—The screenshot refers to the experiment carried out in the MOVIE domain

on the web application (see Fig.5), and the users were not aware of the specific
configuration they were interacting with (Fig. 6).

5. Post-usage Questionnaire. Next, we asked the users to fill in a questionnaire,
in order to get some post-usage evaluation. As previously stated, the questions
the users had to answer are presented in Fig.7 and follow those proposed in
Tintarev and Masthoff (2012). In particular, users were asked to evaluate the rec-
ommendation in terms of transparency, persuasiveness, engagement and trust.
Each construct was evaluated through a five-point scale (1=strongly disagree,
S=strongly agree). An attention check was introduced to control the quality of the
answers.'? Users who did not pass the attention check were excluded from the
analysis.

12' As Attention Check, we used a common question such as ‘Please select strongly agree from the following
options’ It was used for all the participants.
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Stranger than Fiction (2006)

WE Mgk  Dustin  Queen  Emm:
Ferredl Gylenfisar Hoffman Lattah Thompson

Harcid Crick isn't ready to ga. Period.

ssasa

Comedy, Drama, Fantasy
Dustin Hoffman

Justification

You should watch Stranger than Fiction. It is a good movie to watch with your
friends because the film crackles with laughter and pathos, laughs are easy
and grateful. Moreover, it is a classy sweet and funny movie.

Fig. 5 Recommendation and Justification—The screenshot refers to experiment carried out in the MOVIE
domain

Fig.6 Comparison to the

baseline—The screenshot refers HEB Filmando
to experiment carried out in the

MOVIE domain. In this case, the
non-contextual baseline is used

as comparison term Justiﬁ Cation 1

| recommend you The Patriot because
people who liked the movie think that it's
suitable for high attention contexts because
as an actor he is totally focused during this
scene, and that it's perfect to watch in a bad
mood because the violent battle scenes
were very realistic!.

Justification 2

| recommend you The Patriot because
people who watched the movie think that a
loyal wife and adorable little girls tug at our
heart strings.
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| understood why the movie was suggested to me
3

The justification made the recommendation more convincing
3

The justification allowed me to discover new information about the movie
3

Thanks to the justification, | increased my trust in recommender systems
3

Send feedback

Fig. 7 Post-Usage Questionnaire, Part 1—The screenshot refers to experiment carried out in the MOVIE
domain

After Experiment 1, we identified the best-performing configuration by calculating
the average score for each of the metrics on varying of the different experimental
conditions. Then, after one week, we deployed again the web application by using the
best configuration and we run Experiment 2.

As regards Experiment 2, all the steps were repeated. Demographic data were
collected again just to check the consistency between the experiment, which was
confirmed. The only difference lies in step (3), since the best-performing variant of
the framework was compared to two different baselines (which are discussed below),
so we run a within-subject experiment. In particular, each user was provided with
two different justifications (see Fig.0), i.e., a baseline and one justification generated
by using our framework, and the users had to express their preference between the
alternatives (see Fig. 8) by using again the post-usage questionnaire.

At the end of the process, the whole protocol was repeated on the second web appli-
cation. The order in which the domains were presented to the user was randomized. In
total, for each configuration of the pipeline we collected between 42 and 49 observa-
tions (average = 45.5, standard dev. = 2.87). The number of observation is close to the
ideal sample size, indicated in Knijnenburg and Willemsen (2015). As regards RQ1
and RQ?2, statistical significance was assessed by carrying out a two-way ANOVA test
(with lexicon and combination strategy as independent variables), followed by Tukey
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Fig.8 Post-Usage Indicate which explanation is more

Questionnaire, Part 2—The iate f the foll . t
screenshot refers to experiment appropriate for the following sentences

carried out in the MOVIE domain X
| understood why the film was suggested to me

Indifferent &

The explanation made the suggestion more
convincing.

Indifferent &

The explanation allowed me to discover new
information about the suggested film

Indifferent ¢

| Indifferent
Explanation 1

Explanation 2
~ The explanation has increased my level of trust in
recommender systems

Indifferent

O

post hoc tests to compare couples of configurations. As regards RQ3, a Chi-squared
test was carried out.

Baselines As previously stated, the selection of the baselines was influenced by
the nature and the principles of our methodology. Indeed, we filtered out the available
baselines to those that generate a post hoc justification. Accordingly, we chose as
baselines: (i) a context-aware strategy to generate justifications, which is based on a set
of manually defined relevant terms for each context. These terms are based on similar
research carried out in the area and commonly used heuristics. Given these terms,
the justification is obtained through a merge of randomly selected review excerpts
containing such terms; (ii) a strategy that generates a review-based justification which
is not context-aware. Such a strategy first relies on the identification of the aspects of
the items that are relevant (i.e., frequently used with a positive sentiment to discuss the
items), then combines some reviews excerpts that mention these aspects. The approach
follows those presented in Musto et al. (2019, 2020).

Generally speaking, in the first case we aim to investigate to what extent DSMs
can be helpful to discover relevant concepts and to automatically learn a vector space
representation of the context. Accordingly, we can evaluate whether and how DSMs
can be used to learn a lexicon of relevant terms for each context. Next, in the second
we investigate to what extent the users appreciate a justification which is diversified
based on different contexts of usage.

An example of the resulting justifications is provided in Table 4. As shown, in
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Table 4 Comparison among our strategy and the baselines we selected

Restaurant Justification

Company=Partner (our strategy) You should visit restaurant * Antiche Mura.” It is very
suitable for a dinner with your partner because music
of the place is very romantic. Moreover, the terrace is
very elegant

Company=Partner (baseline You should visit restaurant *Antiche Mura.’ It is very
context-aware) suitable for a dinner with your partner because music
of the place is very romantic. Moreover, the
atmosphere is very cozy

Baseline not context-aware You should visit restaurant *Antiche Mura.” It is a good
choice since location is very elegant Moreover, staff is
very helpful.

Table 5 Results of Experiment 1 for the RESTAURANT domain

RESTAURANT DOMAIN  Separate Centroid
Metrics/Configuration

Unigrams Bigrams Uni+Bigrams Unigrams Bigrams Uni+Bigrams

TRANSPARENCY 3.88 3.85 4.00 3.60 3.69 3.90
PERSUASION 3.78 3.79 3.95 3.52 3.54 371
ENGAGEMENT 3.76 3.86 4.03 3.76 3.65 3.84
TRUST 3.66 3.68 3.90 3.53 3.49 3.60

The best-performing configuration is reported in bold and underlined

the table our first baseline uses a fixed lexicon to discover aspects worth to be
included. Accordingly, more fine-grained concepts such as ’terrace’ (identified by
our framework) is replaced by a more common aspect. Next, the second baseline
just emphasizes relevant characteristics of the item, without taking into account the
contexts of consumption. Results of this comparison are presented next.

4.2 Discussions of the results

Tables 5 and 6 summarize the results of the first experiment. Thanks to the scores that
we collected, which represent the average scores provided by the users for each of the
previously mentioned questions, we can answer RQ1.

By first analyzing the results that we obtained for the restaurant domain, two-
way ANOVA showed that the combination strategy impacts on all the metrics we
considered. In particular, gaps are statistically significant in favor of the separate
strategy. Accordingly, our results showed that by keeping separate the most relevant
sentences we selected for each contextual dimension, the resulting justification makes
the recommendation process more transparent (p < 0.05, F = 3.77), more engaging
(p < 0.03, F = 4.50), more persuasive (p < 0.01, F = 9.08) and more trustful
(p < 0.05, F = 3.92). As regarding the lexicon, results showed that the best results
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Table 6 Results of Experiment 1 for the MOVIE domain

MoOVIE DOMAIN Separate Centroid
Metrics/Configuration

Unigrams  Bigrams Uni+Bigrams Unigrams Bigrams Uni+Bigrams

TRANSPARENCY 3.38 3.81 3.64 3.35 3.62 3.30
PERSUASION 3.56 3.62 3.54 343 3.44 3.26
ENGAGEMENT 3.54 3.72 3.70 341 351 3.36
TRUST 3.44 3.66 3.61 3.22 3.48 3.33

The best-performing configuration is reported in bold and underlined

were obtained when both unigrams and bigrams were used. However, regardless of
the numerical gaps, statistical tests did not show a significant difference. Finally, no
interaction effect between combination strategy and lexicon emerged. To sum up,
the results for this domain showed that the strategy we use to combine the different
sentences matter. Conversely, lexicon has a minor impact on the results. This outcome
may be probably due to the lower number of sentences available in this dataset. As
shown in Table 3, the number of positive sentences for each item is ten times lower
w.r.t. the number of sentences we have for the restaurant domain. Accordingly, due to
the lower number of available sentences, it is likely that the resulting justifications may
not differ among the different lexicons and this may justify the absence of a statistical
significance among the configurations.

This result is partially confirmed by the results collected for the movie domain.
In this case, both the combination strategy and the lexicon have a main effect on
transparency and trust of the recommendations. As regards transparency, the gap is
statistically significant in favor of separate combination strategy (p < 0.05, F = 3.12)
and with a lexicon based on bigrams (p < 0.01, f = 4.27). Similar outcomes and
same p-values (p < 0.05) emerge for the trust of the recommendations. Differently
from the other dataset, no significant gaps emerged for persuasion and engagement.
Even if the results showed that separate sentences and bigrams obtain the overall
best results for these metrics as well, gaps are not significant. By running Tukey post
hoc tests, statistical significance emerged in the comparison between bigrams and
unigrams for transparency (p < 0.01, T = 2.86) and between bigrams and unigrams
+ bigrams (p < 0.05, T = 2.26). As regarding trust, gaps were significant when
comparing bigrams and unigrams (p < 0.05, T = 2.31).

Generally speaking, this experiment provided us with an interesting findings, since
results showed that there is a relationship between the amount of available sentences
and the quality of the resulting justifications. As for the movie domain, a higher number
of sentences-led configuration based on bigrams obtain the best results. Accordingly,
it is likely that when single keywords are taken into account, very common and poorly
relevant excerpts are included in the justifications. Conversely, by modeling couples
of co-occurring relevant lemmas (e.g., "funny plot,” rather than a simple ’plot’) more
satisfying justifications that are based on more significant excerpts are generated.
Conversely, when the number of sentences is lower, the choice of the lexicon does
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Table 7 Results of Experiment 2, comparing our approach (CA+DSMs) to a context-aware baseline that
does not exploit DSMs (CA Static)

Domain Restaurants Movies

Configuration  CA + DSMs (%) CA Static (%) Indiff. (%) CA + DSMs (%) CA Static (%) Indiff. (%)
Metrics

TRANSPARENCY 44.44 33.33 22.23 52.38 38.10 19.52
PERSUASION 42.86 3333 23,81 54.10 36.33 19.57
ENGAGEMENT  41.27 34.92 23,81 49.31 39.23 11.56
TRUST 41.37 31.75 26,88 42.86 39.31 17.83

The configuration preferred by the higher percentage of users is reported in bold

Table 8 Results of Experiment 2, comparing our approach (CA+DSMs) to a non-contextual baseline that
exploit users’ reviews (review-based)

Domain Restaurants Movies

Configuration CA + DSMs (%)Review-based (%)Indiff. (%)CA + DSMs (%)Review-based (%)Indiff. (%)
Metrics

TRANSPARENCY51.49 28.16 20.35 53.21 34.47 12.32
PERSUASION ~ 54.33 26.76 18.91 55.17 32.33 12.50
ENGAGEMENT 41.18 20.88 37.94 44.51 32.75 22.74
TRUST 48.99 28.75 22.26 42.90 42.11 14.99

The configuration preferred by the higher percentage of users is reported in bold

not impact the overall quality. Accordingly, we can answer RQ1 by stating that con-
figurations based on bigrams (or bigrams + unigrams) led to the best results, as long
as a sufficient number of sentences annotated with positive sentiment are available.
This partially confirms the intuition behind this work, since we thought that the usage
of bigrams (which are not exploited for traditional non-context-aware review-based
justifications) could have led to better explanations. As regards the choice of the com-
bination strategy, to answer RQ2 we can state that the choice of keeping each context
as separate generally leads to better results. This finding was valid for both the datasets
and almost every evaluation metric.

Next, we compared the best-performing configurations emerging from Experiment
1 (that is to say, unigrams and bigrams for the restaurant domain and bigrams for the
movie domain, with the separate combination strategy) to two different baselines. This
comparison allowed us to answer RQ2. The results of these experiments are reported
in Tables 7 and 8. The first one shows how many users preferred our methodology
w.r.t. a context-aware approach exploiting a fixed lexicon and w.r.t. a non-contextual
baseline exploiting users’ reviews.

To better explain the goals of this experiment, we can state that the first comparison
allows assessing how valid is the intuition of exploiting DSMs to learn a vector space
representation of contexts, since we compared it w.r.t. a context-aware justification
method based on afixed lexicon of relevant terms. Next, through the second comparison
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35%
37%

56% 67%

37% 38% 20% 34%

ICl1£3 |c|>3 |c|£3  |c|>3  |c|<3  |C|>3  |C|£3  |c|>3
TRA PER ENG TRU

H Context-aware ® Baseline m Indifferent

Fig.9 Distribution of users’ preferred justification style on varying of the number of contexts of consumption
in the RESTAURANT domain. The labels TRA, PER, ENG and TRU refer to Transparency, Persuasion,
Engagement and Trust, respectively. For the sake of readability, we did not report fractional parts

we analyze whether the general idea of adapting and diversifying the justifications
based on the different contextual situations leads to a better perception of the items.

As shown in tables, both the experiments provided us with encouraging results,
since our approach was the preferred one in both the comparisons and for both the
domains. By analyzing the results presented in Table 7, gaps are statistically significant
for transparency (p < 0.05, X = 3.65), persuasion (p < 0.05, X = 3.49) and trust
(p < 0.05, X = 3.58) in the restaurant domain. Similarly, in the movie domain we got
statistically significant gaps for transparency, persuasion and engagement (p < 0.05).

Moreover, the data we collected showed that the gaps are particularly significant
when our methodology is compared to a non-contextual baseline. In this case, a sta-
tistically significant gap was obtained for all the metrics, with the exception of trust
in the MOVIE domain.

This finding suggests that the idea of adapting content conveyed in the justifications
based on the different context of consumption is particularly appreciated by the users.

Finally, in order to deepen the findings presented in Table 8, we further split the
results based on the number of contexts of consumption, that is to say, the number
of contexts the users selected in the context selection phase (see Fig.5). Of course,
the results are always based on the best-performing configuration emerging from
Experiment 1.

As shown in Figs.9 and 10, a large majority of the users preferred context-aware
justifications to a non-contextual counterpart when a lower number of contexts were
selected. In this case, we would have expected that the higher the number of con-
texts, the larger the number of the users that preferred the context-aware justifications.
Contrary to expectations, an opposite behavior emerged. Such a counter-intuitive find-
ing can be explained due to the combination mechanisms that is adopted. When the
separate strategy is used, a sentence is selected for each context of consumption.
Accordingly, it is likely that very long justifications are presented to the users when
a large number of contexts are selected, and this can lead them to an information
overload that would make prefer more concise and meaningful justifications, even if
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Fig. 10 Distribution of users’ preferred justification style on varying of the number of contexts of con-
sumption in the MOVIE domain. The labels TRA, PER, ENG and TRU refer to Transparency, Persuasion,
Engagement and Trust, respectively. For the sake of readability, we did not report fractional parts

non-contextual. Conversely, with a limited number of contexts, the length of the result-
ing justification is still reasonable and the users showed to prefer such a justification
style. Further analyses will be carried out to better investigate such behavior and to
propose better strategies to combine different contexts of consumption. Alternatively,
it is possible to consider automatic context selection techniques: In this context, such
methods can be used to identify contextual variables that do not have impact or are
not useful, in order to remove unnecessary sentences and make justifications shorter
and hopefully more significant.

5 Discussion and limitations

In this section we resume the results by highlighting strengths and weaknesses of the
current approach:

e One of the strengths of the approach lies in the flexibility, since it could be also
applied to domains different from movies and restaurant. Also domains that are
not subjective in nature i.e., computer laptops) could be considered in future exper-
iment. The only requirement that we have is that each recommended item shall be
provided with some textual content that describes it.

e Another strength of the approach lies in the independence from the underlying
recommendation algorithm. In this case, we have used a simple content-based
approach based on the textual content of the reviews. As future work, we will
consider to evaluate the approach with different recommendation algorithms since
the effectiveness of the justifications may also differ on varying of the algorithm.

e Regardless of the recommendation algorithm, one of the issues of the current
method is the fact that justifications are not personalized. In other terms, if two users
are in the same contextual situation and they receive the same recommendation,
they will receive the same justification as well. In the future, the approach could be
extended by also considering personal preferences in the pipeline. As an example,
aspects that are particularly relevant for the user can be considered and put at the
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top of the list. This may be implemented as a weighting factor in the RANKER
module.

o [t is important to emphasize that some annotation effort in necessary to trigger all
the pipeline we have described. In absence of annotations, it is not possible to learn
vector space representation of contexts and, in turn, to select relevant sentences
in a context-aware fashion. However, as we stated in the previous section, the
annotation effort is not high. A limited number of annotations and a limited number
of hours are enough to learn accurate representations. As future work, we will also
consider whether the annotations collected in one particular domain could be also
exploited for different domains as well.

e Our resulting justifications are based on a template. Eventually, template-based
justification may result as boring since they always have the same structure. Even
if this choice is relatively common and it has already been validated in previous
research (Musto et al. 2019), more dynamic generation strategies exist. In future
work, we can also consider to adopt more sophisticated generation methods and
evaluate them in the same setting.

e Language is a fundamental element of the pipeline. As we explained, our approach
can indifferently work with Italian and English, and many more languages follow-
ing the same principles and same structure could be considered. This is a strength
of the framework. However, we did not thoroughly analyzed how language impacts
on the resulting justifications, since different outcomes emerged for the different
domains as well. This will be done as future work.

e As regarding the experimental evaluation, it is important to point out that we
used an availability sampling strategy as recruiting methods. While it can provide
accurate and quick results, more reliable sampling mechanisms could be used in
the future.

e The post hoc questionnaire is based on just one question per construct. Of course,
having more than one question per construct may lead to more reliable results.
However, similar research showed that also questionnaires based on a single
question per construct can lead to reliable and valid results (Musto et al. 2019).
However, as future work, a more extensive evaluation based on multiple questions
per constructs could be carried out.

e In the current experiment, we did not ask users about the quality of the resulting
recommendations. Even if assessing the quality of the recommendations is not the
focus of the work, this could affect the perceptions of the explanations as well.
Accordingly, as future work we also plan to introduce some questions related
to this aspect, in order to assess whether a relationship between perception of
justifications and perception of recommendation exists.

e Finally, further analyses to investigate whether some relationships between the
characteristics of the justifications (length, number of sentences, etc.) and the
overall perceived quality need to be carried out. This is good direction for future
work.
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6 Conclusions and future work

In this paper, we introduce a novel strategy to generate natural language review-based
justifications that are adapted to the different contextual situations in which an item is
consumed. Our approach exploits DSMs to build a lemma-context matrix that encodes
the importance of lemmas in each contextual dimension. Such a representation is used
to build a vector for each context, which is then used to identify relevant review
excerpts that support a recommendation.

The hallmark of this work is the idea of adapting the justifications based on the
different contextual situation in which the items will be consumed, which is a new
research direction in the area. Moreover, we also designed post hoc justifications that
are independent from the underlying recommendation algorithm. As shown in these
experiments, users recruited for our studies significantly preferred our justifications
w.r.t. non-contextual and less sophisticated baselines in both the domains. As future
work, we plan to extend our analysis by also evaluating whether and how other basic
properties of the justifications (i.e., size, text complexity, etc.) have influenced the
outcome of the study.

Generally speaking, the results confirmed the intuitions behind this work and opens
to several future research directions: First, it would be possible to personalize our
justifications. Personalization can be obtained by also encoding users’ interests and
preferences in the profile. Moreover, different and more sophisticated strategies to
combine different contexts in a single representation could be adopted (e.g., by using
other operators to combine the embeddings, such as the sum).

We will also consider to compare our approach w.r.t. other baselines, such as a
context-aware baseline based on a generic standard context of consumption. Finally,
it would be interesting to evaluate the generation of hybrid justifications that combine
user-generated content (i.e., users’ reviews) with descriptive characteristics of the
items (i.e., the actor or the director of a movie). This will combine the precision of
structured features with the richness of the information obtained by mining users’
reviews.
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