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ABSTRACT

Recommender Systems (RS) generate suggestions for users based on
their past interactions and the interactions of other users. However,
because RS rely on identifying similarities between users, they
may expose users to a limited range of content. In addition, as
algorithms have become increasingly complex, users often cannot
understand why a recommendation is generated. In this thesis, we
explored three approaches—syntactic, semantic, and generative—to
generate explanations for recommendations and investigate their
potential impact on the diversity of recommendations, with the goal
of broadening user interests. Our results show that explanations can
play an important role in increasing item diversity, thereby helping
mitigate filter bubble effects. We also observed an improvement in
the explanation quality across the approaches, from syntactic to
semantic and finally to generative models.
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1 INTRODUCTION

Currently, we interact with Recommender Systems (RS) ubiqui-
tously. Entertainment streaming platforms, e-commerce, and social
networks use these systems to provide item suggestions for users.
To recommend items to a target user, RS find similarities with other
users who share similar tastes.

This is why RS create "filter bubbles,” where suggested content
always aligns with users’ tastes, depriving them of diverse debates
and opinions. With the increasing complexity of the architecture of
these algorithms, RS have also become black boxes for users, mean-
ing that it is not possible to understand why a particular suggestion
was generated. Explanations to RS can be created in two ways: in-
trinsic to the model (alongside) or agnostic (dissociated) from the RS.

One way to generate such explanations is using Knowledge
Graphs (KGs). KGs model items and their attributes using a graph
where nodes represent users, items, and their attributes, and edges
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represent relationships between them. For example, the film "Ti-
tanic is of the drama genre" This relationship is defined in a KG
with two nodes, one representing the film "Titanic" and the other
representing the genre "drama," and the edge connecting these
nodes represents the relationship "is of the genre”

By expanding this across multiple items and attributes, explana-
tion algorithms for RS extract a set of paths that connect the nodes of
items that the user has interacted with to a recommended item node
based on shared attributes. Continuing the example, if a user inter-
acted with "Titanic,' and the RS recommended "The Godfather", that
is also a drama, an explanation path is found between the two items.

2 OBJECTIVE AND METHODOLOGY

Based on these paths between interacted and recommended item
nodes, the main objective of an agnostic model is to find the most
relevant path to show the user as an explanation in order to in-
crease the chance of interaction with the user and increasing aspects
such as transparency, persuasion, engagement, efﬁciency and trust,
defined in the literature as explanation goals [2].

In this thesis we explored three main approaches to find the most
relevant paths between interacted and item nodes: syntactic, se-
mantic, and generative. Syntactic approaches focus on the number
of connections between item nodes; semantic approaches integrate
KG structures into a latent space; and generative approaches use
language models to compose explanations.

The overall methodology of this study is illustrated in Figure 1.
Initially, based on a dataset, we executed a RS to generate recom-
mendations for users. As our process is model-agnostic, we find
connections on the KG between nodes of items the user has inter-
acted with and nodes of items recommended by the RS algorithm
based on shared attribute nodes using the three paradigms.
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Figure 1: Project methodology.
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We designed and evaluated explanations generated by each para-
digm using online and offline metrics to evaluate them and find cor-
relations between user perception and the selection of explanation
paths. Our results indicate that syntactic, semantic, and generative
models represent an evolution in offline metrics of explanations
and that the diversity and popularity of attributes in the paths affect
user perception. Additionally, we found that explanations can be im-
portant for increasing item diversity, reducing filter bubbles in RS.

3 EXPERIMENTS AND CONTRIBUTIONS

We initially explored syntactic approaches using ontologies and
paths between aspects, defined as keywords extracted from users’
reviews that characterize an item. Based on these aspects, we built
a content-based RS that measured similarity through the ontology.
Unlike cosine similarity with simple binary encoding, where each
vector position corresponds to the presence of an aspect from the
set of all extracted aspects, the ontology-based similarity reduces
matrix sparsity and yields good recommendation results while en-
abling explanation generation.

This work led to two publications: one reporting offline exper-
iments on the algorithm’s accuracy [6] and another presenting
online experiments with participants to validate its explanations
[7]. From the online experiments, we observed that users especially
valued explanations when the recommended item was surprising,
often due to the similarity between the two aspects. Consequently,
providing explanations for surprising recommendations emerges
as key to user acceptance.

We then explored KGs to generate explanations based on the
ranking of paths between interacted and recommended items using
an adaptation of TF-IDF to graphs. TF-IDF is traditionally used to
compute the relevance of words in a document; in our scenario,
we adapted the formula to graphs, where terms are attributes, and
items are documents. The main objective of this research was to
analyze the effects of reordering recommendations based on items
with more relevant explanations according to the TF-IDF score.

Specifically, we reordered the initial ranking of recommendations
generated by the RS according to the scores of all paths between the
set of recommended and interacted items. We then compared the ac-
curacy and diversity of the original RS ranking with our reordering
method. The results showed that our approach preserved part of the
original ranking while increasing the diversity of recommendations.
This work also resulted in a publication [4].

We also explored semantic and generative approaches to this
problem. In the semantic approach, we designed an algorithm to
select an explanation for a recommended item based on the path
with the highest similarity to the users. To compute this similarity,
we generated semantic representations of both users and items
using KG embeddings. After training the KG embedding model, a
user embedding was defined as the sum of the embeddings of the
items with which the user interacted. In contrast, a path embedding
is defined as the sum of the embeddings of all elements (items,
attributes, and edges) in the path connecting an interacted item
node with the recommended item. Our results showed that, accord-
ing to three offline explanation metrics defined in the literature,
the semantic approach achieved competitive results compared to
baseline syntactic approaches.
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These offline explanation metrics state that, considering a set of
explanations represented as paths in a KG between interacted and
recommended items, explanations should connect recently inter-
acted items with recommended items, ensure diversity of attributes
across recommendations, and highlight attributes that are popular
(i.e., highly connected to many items in the KG) [1]. This line of
work resulted in two publications [5] and [3].

For the generative approach, we employed different LLMs to se-
lect the best path between interacted and recommended items with
respect to the same three offline explanation metrics. Our results
showed that LLMs can achieve an optimal balance across these met-
rics, outperforming both syntactic and semantic approaches. Finally,
we conducted a literature review of offline explanation metrics and
an online user study to investigate the relationship between the
three offline explanation metrics we adopted and the explanation
goals. We found that transparency and trust goals are enhanced by
showing popular attributes, while engagement and persuasiveness
are more strongly linked to attribute diversification in explanations.

4 CONCLUSIONS

Our findings suggest a progressive improvement in offline explana-
tion metrics when moving from syntactic to semantic, and finally, to
generative models. Moreover, we observed that providing explana-
tions can increase the diversity of recommended items, thereby help-
ing mitigate filter bubbles. For future work, we aim to further inves-
tigate the potential of LLMs in generating explanations for RS and to
propose new metrics for the offline evaluation of explanations in RS.
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