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Abstract - In the big data era recommender systems are
necessary because giving users relevant and tailored
information across a variety of domains. Conventional
recommendation techniques including content-based
filtering collaborative filtering and hybrid models face
difficulties with data sparsity cold start and
interpretability. It has been demonstrated that
comprehension graph-based recommender systems
which use graph structures to incorporate strong
semantic links between users items and features are an
effective form of rehabilitation. By depicting entities and
relationships as triples knowledge graphs increase the
precision variety and relevance of recommendations. In
order to learn higher-order relationships and adaptively
aggregate neighbourhood information recent research
combines Neural networks in graphs and graph
attention networks. Knowledge graph-based
recommendation models are categorized into embedded-
based path-based and propagation-based models in this
review study which also discusses their benefits and
explain ability characteristics. Furthermore, in order to
offer further thorough and reliable recommendations a
unified framework incorporating item user and feature
mediated explanation is emphasized. Scalable learning
dynamic knowledge graphs standardized evaluation of
explanations human-in-the-loop systems and fairness-
aware recommender models are among the open
research issues and feature research directions that are
finally discussed.

Keywords: Knowledge graphs, collaborative filtering,
content-based filtering, hybrid recommendation and
recommender systems.

I. INTRODUCTION

In the big data era recommendation engines are
crucial for supplying consumers with fast
dependable customized information and item
recommendations. While hybrid recommendations
have issues like data sparsity cold start and poor
interpretability, they can partially satisfy user needs.
Conventional recommendation techniques include
collaborative content-based filtering [5]. To ensure
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that build a massive knowledge network Google
launched the graph of knowledge project in 2012 by
combining a lot of online data [1]. This greatly
improved the users personalized recommendation
experience while also reducing data sparsity and
issues with cold starts [3]. Researches have recently
concentrated more on techniques that integrate
knowledge graphs with graph attention networks.
Knowledge graphs a structured information
representation in the shape of triples can
successfully handle problems like data sparsity by
adding rich entity relationships and qualities through
external knowledge increasing the accuracy and
diversity of recommendation outcomes [6]. By
adaptively assigning weights the graph attention
method has enabled data aggregation resulting in
more accurate recommendation results [4].

Knowledge graph-based recommendations
incorporate information about user and item
interactions in addition to item knowledge graph
information. Knowledge graphs contain rich entity
relationship data about items enabling the
development of comprehensive item features and
helping to uncover hidden connections between
things which improves recommendation accuracy.
To help with understanding we use collaborative
filtering (CF) to show the interaction graph between
users and items and knowledge graphs (KG) to show
the connectivity graph between items [2].
Knowledge graphs have become a potent tool for
improving explain ability in recommender systems
in this context. Knowledge graphs use nodes to
represent entities like user’s objects and features and
edges to capture semantic relationships.
Recommender systems are able to reason over
explicit connections such as shared attributes
contextual similarities or past interactions thanks to
this structured and relational representation.
Complex relationships can be encoded into low-
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dimensional representation while maintaining
semantic meaning by utilizing knowledge graph
embeddings. The interpretability and contextual
awareness of recommendations can therefore be
enhanced by providing a meaningful explanation
that traces paths through the knowledge graph.

The complexity of the item and user preferences
relationships cannot be fully captured by current
explainable recommender systems even though they
frequently concentrate on a single explanation
strategy such as item-based or user-based reasoning.
User-mediated explanations rely on user behavior
and interaction history item-mediated explanations
highlight item attributes and content similarity and
feature-mediate explanations concentrate on shared
or influential features connecting users and items.
Each strategy offers insightful information albeit
incomplete. This constraint drives the incorporation
of various forms of explanation into a cohesive
framework. Recommender systems can produce
richer more accurate and more reliable explanations
by merging item wuser and feature-mediated
explanations and bolstering them using a knowledge
graph representation. The evolution of explainable
and user-centric recommender systems is greatly

enhanced by such an integrated approach.
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Figures 1: A schematic diagram of the music KGs
recommendation system

An example of KGs is shown in Figure 1, which can
represent node associations like <Singer, Friend,
arranger>, additionally to node properties like
<Musicl, Style, Popular>. Many large-scale KGs,
like Satori, Freebase, and Google's Knowledge
Graph, have been proposed recently. By adding
relatedness between entities, these KGs can help
recommender systems by facilitating the creation of
KGs for recommendation, enhancing entity
information, and generating explainability.
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II. RECOMMENDER SYSTEMS OVERVIEW

Many industries have used recommender systems,
such as film [24], [17], music [15], [10], POIs [9],
[12], news [16], [18], education [13], [8], etc. The
recommendation task, which can be broken down
into the following processes, is to suggest one or
more unobserved things to a specific user. The
system first learns a representation ui and vj for the
provided item vj and user ui. It then picks up a
scoring function f: ui x vj — y,,, This simulates ui
preference for vj. Finally, the item preference scores
can be ranked to generate the recommendation.
There are three primary methods to learning the
scoring function and the user/item representation as
will be discussed below.

A. Collaborative Filtering

Customers may be drawn to products selected by
others with similar interaction histories according to
CF. The interaction could be explicit [30] [27] like
ratings or implicit [34] [7] like click and watch. The
interaction data from multiple users and items
required to implement CF-based recommendation
further forms the user-item interaction matrix. The
two main techniques employed in the CF-based
approach are memory-based CF and model-based
CF [29]. In particular memory-based CF first
calculates the user-user similarity using the user-
item interaction data. Unobserved objects are then
recommended to the specific user according to the
interaction histories of others who resemble them.
Alternatively, some models look at the user’s
previous purchases to see if they are similar. The
model-based CF technique attempts to address the
sparsity issue by building an inference model. One
popular method is the latent factor model [35] [20]
which extracts the latent representation of the item
and the user from the high dimensional user-item
interaction matrix and then uses the inner product or
other methods to determine the degree of
resemblance between the user and item.

B. Content-based Filtering

Content-based approaches use the items content to
display the user and item as opposed to the CF-based
model which uses global user-item interaction data
to learn the representation of the user and item. The
premise behind content-based filtering is that
consumers might be attracted to goods that are
similar to those they have already used. While the
user representation is according to the traits of
personally engaged items, the item representation is
obtained by extracting attributes from the item's
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auxiliary information, such as words, photos, etc. In
essence, the process of comparing candidate items
with the user profile involves matching them with
the user's prior data.

Consequently, this approach frequently suggests
products that are comparable to those that a
customer has previously loved [26].

C. Hybrid Method

The hybrid approach wuses a variety of
recommendation strategies to get over the
drawbacks of utilizing just one kind of approach.
One significant The sparsity of user-item interaction
data, which makes it challenging to identify related
things or users from the standpoint of interaction, is
a problem with CF-based recommendation. The
cold-start problem is a specific instance of this
problem, which makes it challenging to promote
new users or items because it is impossible to assess
user-user and item-item similarity without
interaction  histories. Better recommendation
performance can be attained by integrating user and
item content information, also referred to as user
side information and item side information, into the
CF-based system [14]. Item attributes [31], [33],
[37], such as brands and categories; item multimedia
information, such as item reviews [22], [19], textual
descriptions [11], image features [23], audio signals
[25], and video features [21]. Common options for
user side information involve

user’s demographic information [28], including
occupation, gender, and hobbies; and user network
[36], [32]. In this study, recommender system based
on KG combine the CF-based method using the KG
as supplementary data to make recommendations
that are more accurate.

1. KNOWLEDGE GRAPH-BASED METHODS

Knowledge Graph—Based methods are those that
make use of structured external information in the
format of triples (head entity, relation, tail entity) to
enhance recommendation systems. They rely on the
knowledge graph's semantic relationships and
features to understand the complex interrelations of
users, items, and other entities, thus, contributing to
the solution of issues like data sparsity and cold start.
These techniques are generally divided into three
categories:
1 Embedding-Based Methods: It embeds both the
entities and connections into a continuous vector
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space, where spatial proximity denotes
similarity.

2 Path-Based Methods: They trace the semantic
paths that connect different entities in the
knowledge graph, thereby unveiling explicit
multi-hop relationships.

3 Propagation-Based Methods: They are the
methods that learn the higher-order relationships
and feature representations after multiple
iterations of information propagation across the
graph.

1. Embedding-Based Methods
Embedding-based approaches represent entities and
connections within a knowledge graph in the form
of low-dimensional vectors. The primary aim is
retaining semantic structure between users, items,
and features in a vector space. Such embeddings
facilitate efficient computation of similarities and
recommendations.
Embedding models such as TransE, DistMult,
ComplEx, and RotatE are usually applied in
recommender systems. The models optimize a score
function based on the possibility of relationships
among entities to learn the entity representation. The
learned representation for users and items can then
be combined with a traditional model for the
prediction of user preference.
The embedding-based approaches have efficiency
and scalability. The approaches can also handle the
issue of sparse data by learning the hidden
associations between entities. The disadvantage is
that certain techniques might not be explainable
because the learned entity embeddings represent
abstract entities that convey no reasoning chain for
recommendations.

A knowledge graph is represented as a set of triples:

(h,1,t)
where
e h=head entity
e r=relation
e  t=tail entity
Each entity and relation is mapped to a vector:

h,7 t € RY

In TransE, the relation is modeled as a translation:
h+r=t

The scoring function is:

f(hr,t) =|lh+7—tl| eq(1)

Lower scores indicate stronger relationships.
Recommendation Score
For a user uand item i:

score(u,i) =u'l eq(2)
2.Path-Based Methods
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Path-based methods concentrate more on identifying
important paths in the knowledge graph that reveal
a linkage between the users and the items. The paths
can be considered as the semantic relations in terms
of common attributes or interactions where the
relations can be directly utilized to ascertain the
preference of the users. In these techniques, the
recommendation ratings are determined using the
number, type, and/or importance of paths connecting
the wuser and the items. For instance, the
recommendation might be justified based on a path
demonstrating that the user likes a movie that has the
same genre and director as the recommended movie.
Path-based techniques are extremely interpretable
since the reasoning process can easily be tracked
using the graph. Even if these techniques are
extremely  explainable, High computational
complexity may have several drawbacks,
particularly when handling, large or denser graphs.
Also, finding meaningful paths is a difficult task.

A path pbetween user uand item iis defined as:

p= (u 5 e, 5.5 i) eq(3)
The path score is computed as:
score,(u, i) = [Tf-, w(r) eq(4)

where w(7;)is the weight of relation 7.

Overall Recommendation Score
score(u,i) = Y,ep score(u, i) eq(5)
where P (u, i) is the set of valid paths?

3.Propagation-Based Methods

With the aid of nearby nodes in the graph knowledge
propagation mechanisms are used by propagation-
based learning techniques to collect knowledge.
These methods typically use GNNs such as Graph
Convolutional Networks (GCNs) to update node
representations in a methodical manner with the
assistance of nearby nodes. The node can learn
graph structure both locally and globally by
aggregating features from the entities it is connected
to at each propagation step. This technique enables
the system to learn characteristics that represent the
graph structure of several hops in the knowledge
graph. The propagation techniques can combine
explanations and have a high recommendation
accuracy. However, these techniques are
computationally demanding may not be scalable to
large graphs and may over smooth. The
development of propagation strategies for these
algorithms is an ongoing field of study.

Let h,(,l)be the representation of node vat layer [.
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Node update rule:

l 1 l
B = o (Bunwr o WOR)  a®)

Where,
e  N(v)=neighbors of node v
e W®W=learnable weight matrix
e ¢ (-)= activation function
Final Recommendation Score
score(u,i) = (hﬁL))ThELL) eq(7)
where L is the final propagation layer.

Simple Comparison

Method Mathematical | Explainabi | Complex
Type Core lity ity
Embeddi | Vector Low Low
ng-Based | translation

(TransE,

RotatE)
Path- Path High Medium
Based probability/ran

king
Propagati | Neighbor Medium— | High
on-Based | aggregation High

(GCN)

IV. FUTURE DIRECTIONS

The explainability and accuracy of Knowledge
Graph-based Recommenders have significantly
improved but there are still a lot of unresolved
research issues. To develop reliable and user-
focused recommenders these issues must be
resolved.

1.  Unified Explainable = Recommendation
Frameworks: The goal of future studies should be to
create frameworks that integrate the ideas of
propagation-based embedding and path-based
models. The interpretability of paths the efficacy of
embeddings and the representational capabilities of
graph neural networks can all help these models
generate more precise and superior explanations.

2. Standardized Explanation Evaluation Measures:
There are a few standard metrics that can be used to
assess explainable recommender’s explanations.
The feature study can create both quantitative and
qualitative metrics to evaluate the degree of
explanation satisfaction as well as the precision and
openness of explanations. Comparing different
explanation models for recommenders will be made
simpler as a result.
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3. Efficiency and Scalability Gains: Scalability
becomes a major issue as knowledge graphs become
more complex. In feature works scalable methods
can be investigated for efficient graph sampling and
learning at lower computational costs without
affecting the recommendation performance metric.

4. Dynamic and Changing Knowledge Graphs:
Despite the fact that the data is actually dynamic all
current models have taken into account a static
knowledge graph. It is necessary to look into
learning strategies that modify the knowledge graph
representation in real time based on user preferences
and item information.

5. User-centered and human-in-the-loop
explanations: Future recommender systems should
consider feedback to enhance explanations and
recommendations. Customized explanations can be
provided by human-in-the-loop systems to improve

system clarity and trust satisfaction.

6. Fairness Bias and Ethical Consideration: The
fairness and equity of knowledge graph-based
recommenders should be covered in the feature
research. For specialized fields like healthcare and
education the question of objectivity ethics and
explainability is especially crucial.

V. CONCLUSION

With a focus on explainability knowledge graph-
based recommender systems have been thoroughly
examined in this review. Despite their high
efficiency traditional recommendation algorithms
have a number of shortcomings including sparsity
the cold start problem and interpretability problems.
By adding semantic relationships between the user’s
items and features knowledge graphs can get around
these restrictions and enhance the interpretability
and accuracy of recommendations. The study has
methodically divided previous research into three
groups: embedding-based propagation-based and
path-based. To develop dependable and user-centric
recommender systems it is crucial to combine item
user and feature-level explanations under a single
knowledge graph framework even though
embedding-based methods are scalable path-based
methods have high explainability and propagation-
based methods perform better using graph neural
networks. This review has finally brought to light
the most significant unresolved issues including
standardized  explanation  evaluation ethics
scalability and dynamic knowledge modelling.
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