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Abstract—The rapid expansion of digital platforms and the
increasing complexity of user preferences have driven the need
for more sophisticated recommendation systems. While Collabo-
rative Filtering and Knowledge-Based Filtering have been widely
adopted as core techniques for personalized recommendations,
their individual limitations have led to the rise of hybrid
approaches. Despite significant advancements, a comprehensive
understanding of hybridization methodologies, their technical
implementations, and emerging challenges remains unsolved. The
purpose of this research is to systematically examine and synthe-
size the domain of Hybrid Recommender Systems to address this.
This study presents a scoping review, following the PRISMA-ScR
guidelines, to systematically examine the domain of hybridizing
Collaborative Filtering and Knowledge-Based Filtering. A total
of 62 hybrid recommenders across various application domains
were analyzed, and categorized into three primary hybridization
strategies: Model Fusion, Transfer Learning, and Hierarchical
Models. The review explores technical characteristics, hybridiza-
tion techniques, data sources, evaluation methodologies, and
domain-specific applications. Key findings indicate that most
hybrid approaches focus on leveraging graph-based models, deep
learning architectures, and causal inference techniques to enhance
recommendation outcomes. However, despite these advancements,
critical gaps remain. The review identifies key challenges, in-
cluding computational complexity, lack of explainability, bias
in recommendations, and reliance on offline evaluation metrics.
Additionally, scalability issues in knowledge graph maintenance
and the need for user-centered evaluation frameworks highlight
important directions for future research. Addressing these gaps
will be crucial in making hybrid recommendation systems more
efficient, interpretable, and adaptable across diverse domains.
This study contributes to the field by providing a structured
synthesis of existing hybridization techniques, pinpointing success
factors, and proposing future research avenues to advance hybrid
recommendation systems.
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I. INTRODUCTION

The rapid expansion of digital platforms and the pervasive
availability of online services have transformed how users
access information, enabling quick and efficient retrieval of
vast datasets. However, this abundance, combined with its
complexity and diversity, often overwhelms users, limiting
their ability to process information and make decisions effec-
tively [1]. To address this challenge, the development of ad-
vanced Recommendation Systems (RSs) has become a critical
point. These systems act as essential filtering tools, delivering
personalized content precisely when users need it, across a
wide range of domains, such as what movie to see, what book
to read and many others [2]. Research in this area has led to
the emergence of various recommendation techniques, such as

Collaborative Filtering (CF) [3], Knowledge-Based Filtering
(KBF) [4], and others [5], [6], [7], [8].

RSs are transforming the generation of personalized sug-
gestions through advanced machine learning and deep learning
techniques [9]. By analyzing vast amounts of real-time data,
these systems effectively identify user preferences, behaviors,
and patterns, enabling them to deliver highly relevant and effi-
cient recommendations. This level of personalization enhances
user satisfaction and engagement by ensuring that suggestions
are tailored to individual needs and remain accurate as pref-
erences evolve. With their ability to continuously learn and
adapt, these RSs have become indispensable in today’s data-
driven landscape.

CF and KBF are two of the main approaches used in
RSs, each offering unique strengths and addressing different
aspects of recommendation tasks. CF techniques select recom-
mended items based on the user’s past interactions with other
items. These methods are broadly categorized into memory-
based and model-based recommenders [10]. Memory-based
approaches rely on the entire interaction history, generating
recommendations by assessing similarities between users or
items [11]. In contrast, model-based approaches build predic-
tive models that uncover underlying patterns in the data [12].
KBF approaches leverage domain knowledge about items, as
well as potential user preferences or requirements, to make
personalized suggestions [13]. A well-known example of this
type of recommender is the ontology-based system, which
creates formal representations of knowledge about items, users,
and their relationships [14]. In 2012, Google introduced the
concept of the Knowledge Graph, a structured representation
that organizes entities, their attributes, and the relationships
between them, enabling meaningful connections and insights
[15].

In today’s industrial landscape, leading companies have
demonstrated the strategic value of these systems. For ex-
ample, Netflix makes extensive use of Collaborative Filtering
to suggest content based on viewing patterns of users with
similar profiles, with a large proportion of its consumption
coming from personalized recommendations [16]. On the other
hand, platforms such as Amazon have integrated knowledge
graphs to enrich the shopping experience, allowing the system
to understand the semantic relationships between products
and brands, which significantly improves accuracy in domains
with massive inventories [17]. Similarly, in the music sector,
Spotify employs hybrid approaches that combine user behavior
analysis (CF) with metadata and genre tags (KBF) to create
playlists such as “Weekly Discovery”, mitigating problems of
overspecialization and encouraging the discovery of new artists
[18].
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Despite their widespread use, CF methods still face notable
challenges, including the cold-start problem and data sparsity,
which limit their effectiveness in certain scenarios [19]. In a
similar vein, KBF also faces challenges such as knowledge
acquisition and the difficulty of completing knowledge repre-
sentations [20]. Hybrid Recommender Systems (HRSs) com-
bine two or more recommendation techniques to improve their
performance and overcome their single limitations. Previous
reviews in this area have highlighted the benefits of combining
different recommendation techniques [21], [22], [23]. How-
ever, these reviews generally focused on early studies exploring
how multiple recommendation strategies can be effectively
combined. Many of these reviews only cover research up to
2017, and recent developments in the field have introduced new
insights that require further analysis. Other similar reviews in
the field also tend to concentrate their analysis on specific areas
of research, as well as, covering non HRSs, which may result
in not covering the complete set of current HRSs [24], [25],
[26].

Recent advancements in recommendation technologies
present exciting opportunities for improving hybrid systems,
yet they have not been included in earlier reviews. This scoping
review addresses this gap by systematically exploring recent
literature on HRSs that combine CF with KBF approaches.
The articles considered for this review are up to October
2024, covering an important amount of articles that were not
considered in previous research. With this, this scoping review
aims to analyze the current state of hybridizing CF and KBF,
focusing on how both techniques together seek to improve the
results of the HRSs. To achieve this, the following research
questions have been formulated:

• RQ1: What methodologies are currently used to hy-
bridize collaborative filtering and knowledge-based
recommendation systems?

• RQ2: What common challenges arise when integrat-
ing collaborative filtering with knowledge-based tech-
niques?

• RQ3: How do hybrid recommendation systems ad-
dress data sparsity and cold start issues across different
domains and applications?

• RQ4: How effective are hybrid approaches in improv-
ing recommendation accuracy compared to standalone
collaborative filtering or knowledge-based systems?

The main contribution of this work lies in its comprehen-
sive analysis of recent advancements in HRSs that integrate CF
and KBF approaches. By addressing the limitations of prior
reviews, this scoping review provides an updated perspective
on how explicit knowledge can be effectively incorporated into
CF to enhance recommendation performance. Additionally,
the review offers insights into the comparative effectiveness
of hybrid approaches in improving recommendation accuracy,
filling a critical gap in the literature, and guiding future
research in this evolving field.

The rest of the study is organized as follows: Section II
provides an overview of CF and KBF, outlining their current
state and the most common challenges they face. Section III
details the methodology used to gather and select the literature
analyzed in this review. Section IV presents a comprehensive

analysis of the selected articles, highlighting key findings and
trends. Section V discusses the research questions, synthesizes
the insights obtained from the analysis, identifies existing gaps
in the literature, and suggests future research directions. Fi-
nally, Section VI concludes with a summary of key takeaways
and final remarks.

II. BACKGROUND

This section explores how collaborative filtering and
knowledge-based recommender systems are built, elucidating
their underlying mechanisms, the prevalent challenges encoun-
tered during their development, and how they are evaluated.

A. Collaborative Filtering

CF is one of the most widely used approaches for building
RSs [27]. Using past users’ interactions, these systems can
predict their future preferences or interests. Typically, this
information is organized into a user-item matrix, denoted by
M . In this matrix, the rows represent users of the set U , while
the columns correspond to items of the set V , with the matrix
having dimensions Wu ×Wv . Eq. (1) and Eq. (2) correspond
to the definition of the user and item set, respectively.

U | ui ∈ U ∀ i ∈ [1, . . . ,Wu] (1)

V | vj ∈ V ∀ j ∈ [1, . . . ,Wv] (2)

Each cell of the matrix M corresponds to a user’s rating
or interaction with an item. Specifically, each element mij

represents the rating given by user ui to item vj . These ratings
can usually be represented on a Likert scale (e.g., ranging from
1 to 5) or as binary values indicating interaction, where mij =
1 denotes an interaction and mij = 0 indicates no interaction.

This matrix allows the system to compute the similarity
between users (rows) or items (columns), based on the ratings
it collects. These two possible similarities give rise to the two
major versions of CF, which are User-Based Filtering (UBF)
and Item-Based Filtering (IBF). UBF focuses on finding users
similar to a specific user to recommend items that this set of
similar users has found interesting. IBF identifies items similar
to those with which the target user has previously interacted
to recommend new items that they may find interesting.

To determine whether two users or items are similar or
not, it is necessary to implement a metric that is capable of
evaluating the distance between two or more users or items.
Distance and similarity can be seen as opposites, so if two
users have a very large distance Du their similarity Su will be
very small, so we can say that they are very different users.
In contrast, if this distance is very small, their similarity will
be very large, so we can say that they are very similar users.
This can also be applied to the items, where their distance is
defined by Dv and their similarity by Sv . Although typically
ranging between 0 and 1, the actual values of these distances
may vary depending on the specific metrics used. Eq. (3)
showcases the definition of the distance between users, where
Du represents the distance between the two users ui and uk.
Eq. (4) presents the definition of the distance between items,

www.ijacsa.thesai.org 31 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 3, 2026

where Dv represents the distance between the two items vj
and vk.

Du : (ui, uk) → R;∀ui, uk ∈ U (3)

Dv : (vj , vk) → R;∀vj , vk ∈ V (4)

There are various metrics for evaluating distances or sim-
ilarities between users, with two of the most common being
Euclidean Distance (ED) and Cosine Similarity (CS). The ED
between two users u1 and u2 is defined in Eq. (5), where
mu1j and mu2j represent the ratings of the j−th feature of the
two users being compared. This metric measures the geometric
distance between users’ rating vectors, yielding values ranging
from 0 to 1.

ED(u1, u2) =

√√√√Wv∑
j=1

(mu1j −mu2j)
2 (5)

The CS to compare between u1 and u2 is defined in Eq. (6),
where u1 and u2 represent the feature vectors of two users,
corresponding to their respective rows in the rating matrix, the
symbol · denotes the dot product between the feature vectors,
∥ u1 ∥ and ∥ u1 ∥ represent the norms (magnitudes) of the
vectors and × symbol indicates the scalar multiplication of
these two norms. This metric evaluates the cosine of the angle
between the two vectors, producing similarity scores between
−1 and 1.

CS(u1, u2) =
u1 · u2

∥ u1 ∥ × ∥ u2 ∥
(6)

Building on the example of users, once similarities between
all pairs of users have been calculated, the system identifies a
subset of users most similar to the target user. This subset is
often referred to as the neighborhood and is defined in Eq. (7),
where θ is a threshold that determines the minimum similarity
required for a user to be included in the neighborhood. Here,
Nui represents the neighborhood of user ui, and uk is another
user from the set U .

Nui
= {uk ∈ U | uk ̸= ui, Su(ui, uk) ≥ θ} (7)

Using this neighborhood, the system predicts how the target
user would rate items they have not yet interacted with. This
prediction is typically computed as a weighted average of the
ratings within the neighborhood, where the similarity between
users determines the weights. The predicted rating for user ui

on item vj is defined in Eq. (8), where Nui
represents the

neighborhood of user ui, m̂ij represents the predicted rating
of item vj for the user ui and mkj represents the rating of item
vj from user uk. Finally, based on the predicted ratings, the
system recommends items with the highest predicted scores to
the user.

m̂ij =

∑
uk∈Nui

Su(uk, ui)×mkj∑
uk∈Nui

| Su(uk, ui) |
(8)

In CF, an important concept to highlight is matrix fac-
torization (MF) [28]. This technique is used to analyze and
predict user-item interactions by decomposing a large user-
item interaction matrix into two lower-dimensional matrices,
Fu and Fv . These matrices typically represent the set of users
U and the set of items V , where each user and item is
described by a set of latent factors of dimension Wl. These
latent factors capture underlying features or characteristics of
users and items. For instance, in a movie recommendation
system, latent factors might represent genres (e.g., action,
comedy) or other attributes that describe user preferences and
item characteristics. By identifying these patterns, MF helps
uncover the relationships between users and items even in
sparse datasets.

Once the matrices Fu and Fv are computed using tech-
niques such as Singular Value Decomposition (SVD) [29], the
system predicts missing ratings by taking the dot product of
corresponding latent factors from Fu and Fv . The predicted
rating is calculated as showed in Eq. (9), where m̂ij is the
predicted rating for user ui on item vj , Wl is the number of
latent factors, and uil and vjl are the l−th latent factor of user
ui and the item vj in the matrices Fu and Fv , respectively.
MF thus enables the system to predict missing interactions
efficiently by leveraging the latent relationships between users
and items.

m̂ij =

Wl∑
l=1

uil · vjl (9)

B. Knowledge-Based Filtering

KBF leverages structured knowledge about a specific do-
main to generate recommendations [30]. The process begins
with acquiring domain-specific knowledge from a variety of
sources, such as domain experts, existing literature, databases,
or other structured information repositories. Once this knowl-
edge is gathered, it must be organized into a structured format
that the RS can interpret. Common approaches to represent
such knowledge include ontologies and Knowledge Graphs
(KGs), which effectively capture the domain’s concepts, en-
tities, relationships, rules, and constraints. These structured
representations provide the foundation for reasoning and infer-
ence, enabling the system to offer tailored recommendations
based on the domain’s intrinsic properties and user preferences.

On one hand, an ontology offers a structured framework
for organizing and representing knowledge within a specific
domain. Fig. 1 illustrates an example of an ontology in the
movie domain. The key components of an ontology include:

• Entities are the fundamental objects, concepts, or
items that exist within the domain, such as a Person
or a Movie.

• Relationships define the connections between entities,
specifying how they interact or are associated within
the domain. For example, a Person might have a direct
relationship with a Movie.

• Constraints impose rules or restrictions on relation-
ships and entity properties to ensure consistency and
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Movie Person

Genre

Calification

Actor

Producer

Director

Stunt

Action Animation Sci-Fi Horror

Date

Fig. 1. Example ontology of the movies domain.

integrity within the ontology. These rules might spec-
ify, for instance, that a Person can only direct a Movie
if they belong to the Director category.

Ontologies are often represented using formal languages
like the Resource Description Framework (RDF) or the Web
Ontology Language (OWL), which enable precise modeling
and facilitate reasoning over the domain knowledge [31].

On the other hand, a KG is a structured representation
of knowledge that organizes information into a graph format,
where entities are depicted as nodes and the relationships be-
tween them as edges connecting these nodes [15]. This format
enables the integration and connection of information in a
way that is both human-readable and machine-understandable.
Fig. 2 illustrates two examples of different types of KGs, the
Item Knowledge Graph (IKG) and the User-Item Knowledge
Graph (UIKG). It is important to note that the UIKG can be
used as the source of both, CF and KBF. These graphs are
typically represented as a collection of triples, with each triple
defined as (h, r, t). In this representation:

• The elements h (head) and t (tail) represent the
entities.

• The element r (relation) denotes the relationship con-
necting the entities.

For example, a triple like (Interstellar, Directed By, Christo-
pher Nolan) captures the relationship between the movie
Interstellar and its director, Christopher Nolan. Knowledge
graphs thus provide a flexible and powerful framework for
structuring and querying domain-specific information.

Once the source data is defined, it must be transformed
into a format the recommendation algorithm can process. This
transformation can be achieved through various techniques,
such as feature extraction or embedding mechanisms. For
instance, an embedding mechanism maps the source data into
numerical vectors that capture the semantic meanings and
relationships within the data. Fig. 3 provides an example of
how an embedding operates for an entity in a knowledge
graph using a neural network-based approach. The resulting
numerical vectors represent the items, enabling the calculation
of distances Dv between any pair of items. These distances
serve as the foundation for the recommender system to com-
pute similarities between entities and generate personalized
recommendations for users. It is important to note that not
all embedding methods function identically. Their underlying
mechanisms, training objectives, and mathematical operations
can vary widely, leading to differences in how effectively they
capture and represent the relationships in the data.

The training process is a fundamental aspect of embedding
methods, particularly in scenarios where the objective is to
learn a feature space that clusters similar items together while
separating dissimilar items. One example of this is the Con-
trastive Loss (CL) training approach [32]. CL evaluates how
effectively an embedding model distinguishes between similar
and dissimilar pairs of data points and is defined in Eq. (10),
where x1 and x2 are the two data points being compared, such
as two triples from a KG, y indicates whether the pair is similar
(y = 1) or dissimilar (y = 0), Dx is the computed distance
between x1 and x2, and ϵ is a margin parameter that specifies
the minimum separation required between dissimilar pairs.
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(a) User item knowledge graph.

has the same actor

The Shawshank

Redemption

has the same genre

has a sequel

The Godfather

The Dark Knight

has the same director

Inception

has the same genre Pulp Fiction

(b) Item knowledge graph.

Fig. 2. Example knowledge graphs of the movies domain. Fig. 2a represents a complete user-item interaction knowledge graph. Fig. 2b represents an item
knowledge graph managing the relations between the entities.

0.790.110.410.23 0.660.1
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Graph
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Result

Fig. 3. Process of embedding using a neural network. Each node of the
knowledge graph serves as an input of the neural network. The output of the

NN is the embedding of the selected item of the KG.

CL(x1, x2, y) = y · 1
2
D2

x +(1− y) · 1
2
max(0, ϵ−Dx)

2 (10)

CL plays a vital role in training embedding models as
it directly optimizes the spatial arrangement of data points
in the embedding space. By adjusting the distances between
pairs based on their similarity, it helps create a meaningful
feature space where similar items are tightly clustered and
dissimilar items are well-separated. This makes the method
highly effective for tasks that demand robust and discriminative
feature representations.

C. Common Challenges

Despite their significant advantages in efficiently managing
the vast amount of information available, RSs still face notable
challenges that limit their effectiveness [33]. Two of the most
prominent issues are:

1) Cold start problem: This challenge arises when there
is insufficient historical data about either users or items [34].
For new users, the system lacks insights into their preferences

or past behavior, making it difficult to provide accurate, per-
sonalized recommendations. Similarly, new items introduced
into the system suffer from a lack of interaction data, which
prevents the system from effectively incorporating them into
recommendations. This limits the ability of the recommender
to adapt quickly to dynamic changes in the user base or item
catalog. Although much research has focused on trying to
overcome this limitation, there is still no clear solution to this
problem [35], [36], [37].

2) Data sparsity: This occurs when user-item interaction
data is limited or incomplete, which is a common scenario in
systems with large user and item sets [38]. Sparse data restricts
the system’s ability to identify meaningful patterns or similari-
ties between users and items, thereby impairing its capacity to
make personalized and accurate recommendations. This often
results in less relevant suggestions for users and diminishes
the overall performance and reliability of the recommender
system. As with cold start, there are many approaches to
solving the data sparsity problem but none have been able to
find a suitable solution to overcome this limitation [39], [40].

Addressing these challenges is critical for enhancing the
adaptability and robustness of recommender systems in real-
world applications.

D. Hybridization

HRSs emerge as a solution to address the inherent lim-
itations of individual recommendation methods. By integrat-
ing multiple approaches, these systems aim to enhance the
accuracy and diversity of recommendations, providing users
with a more personalized experience. By combining multiple
recommendation methods, HRSs can:

• Mitigate Limitations: Overcome the shortcomings of
individual approaches, such as the cold start problem
and data sparsity.

• Enhance Accuracy: By considering various informa-
tion sources, recommendations better align with user
preferences and needs.
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• Increase Diversity: Offer a broader range of rec-
ommended items, preventing over-specialization and
promoting the discovery of new content.

The choice of hybridization strategy depends on the appli-
cation domain, the nature of the available data, and the specific
objectives of the recommender system. Studies have shown
that hybrid systems often outperform individual methods in
terms of accuracy and user satisfaction by leveraging the com-
plementary strengths of each approach [41]. Several strategies
exist to combine recommendation methods, from which some
of the most common are:

• Weighted Hybridization: This method combines the
scores of different recommendation techniques by
assigning specific weights to each. For instance, a
system might allocate 70% weight to CF and 30%
to KBF, adjusting these values based on observed
effectiveness.

• Switching Hybridization: In this approach, the system
dynamically selects the most appropriate recommen-
dation technique based on the current context or data
availability. For example, it might use KBF for new
users with no interaction history and switch to CF as
more data becomes available.

• Cascade Hybridization: This strategy applies one rec-
ommendation method first and then refines its results
using another. For example, the system might initially
use KBF to generate a list of relevant items and then
apply CF to further rank or filter that list.

E. Evaluation Method and Metrics

Evaluating RSs is a critical step to ensure they provide
accurate and relevant recommendations, ultimately influencing
user satisfaction and engagement across various domains [42].
A robust evaluation not only highlights the system’s strengths
and weaknesses but also informs optimization efforts to en-
hance performance. Without proper evaluation, these systems
risk delivering unsatisfactory recommendations, potentially
leading to user frustration, reduced engagement, and more.

The most widely used evaluation methods for recommender
systems are listed as follows:

• Offline evaluation: This evaluation method relies on
historical data to assess the system’s performance.
Common metrics include precision, recall, mean ab-
solute error (MAE), and normalized discounted cu-
mulative gain (NDCG). These metrics are defined
at the end of this section. They are often reported
as metric@N , which refers to an evaluation of the
performance of the recommender system based on the
top-N items in the recommendation list, where N
represents the number of recommendations considered
for evaluation. Although offline evaluation is efficient
and repeatable, it may not always reflect user behavior
in real-world scenarios.

• Online evaluation: In this evaluation approach, the
recommender system is deployed in a live environ-
ment, and performance is measured based on real-time
user interactions and feedback. This method provides

dynamic and realistic insights but requires careful
experimentation, such as A/B testing, a controlled
experiment used to compare two recommendation
algorithms by splitting users into groups and exposing
each group to a different version, to minimize the risk
of negative user experiences during the process.

• User studies: This procedure gathers direct feedback
from users through surveys, interviews, or usability
tests. These studies assess subjective factors like user
satisfaction, perceived relevance, and the overall use-
fulness of recommendations. While time-consuming
and resource-intensive, user studies offer valuable
qualitative insights that complement the quantitative
data from offline and online evaluations.

Evaluation metrics are essential tools for assessing and
optimizing the performance of RSs. They provide a structured
way to measure how well the system meets its objectives,
whether it’s delivering accurate recommendations, covering a
broad range of relevant items, or ranking recommendations
effectively. Each metric focuses on a distinct aspect of perfor-
mance, helping to identify specific strengths and weaknesses
in the system.

• Precision: Ensures the system is making accurate rec-
ommendations, showing the proportion of suggested
items that are genuinely relevant to the user.

• Recall: Complements precision by focusing on cov-
erage, evaluating how well the system retrieves all
relevant items.

• MAE: Captures how closely the system’s predicted
ratings match the actual ratings, providing a clear
measure of predictive accuracy that supports trust in
the system.

• NDCG: Goes a step further by considering both rel-
evance and ranking quality, ensuring that the most
relevant items appear at the top of the recommendation
list, where users are most likely to notice them.

Precision and recall evaluate the relevance and effective-
ness of the recommendations made by the system. Eq. (11)
defines these metrics, where Q represent the set of relevant
items, and R represents the set of the recommended items:

Precision =
| Q

⋂
R |

| R |
Recall =

| Q
⋂
R |

| Q |
(11)

These sets are defined in Eq. (12), where | R | and | Q |
represent the size of both sets of items. A relevant item is
typically defined as an item that is of interest or value to the
user, usually measured by the user’s previous interactions with
the item.

Q ⊆ V | ∀q ∈ Q, q ∈ V R ⊆ V | ∀r ∈ R, r ∈ V (12)

MAE evaluates the difference between predicted ratings
and actual ratings. Eq. (13) defines MAE for a given user ui,
where m̂uij is the predicted rating of item j, muij is the actual
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rating of item j, and Nv is the total number of items rated by
the user:

MAE =

∑Nv

j=1 m̂uij −muij

Nv
(13)

NDCG evaluates the quality of the ranking of the recom-
mended items. Eq. (14) presents the definition of the DCG,
where relj is the relevance of item j, and Wv represents the
number of items in the ranked list that are considered when
calculating the score.

DCG =

Wv∑
j=1

relj
log2(j + 1)

(14)

The value of relj is typically user-defined; for instance,
it could be 1 if the item is considered relevant and 0 if it is
not relevant. The NDCG is obtained by normalizing the DCG
score by the ideal DCG score of the best possible permutation
of items.

By using these evaluation metrics, developers can track the
effectiveness of RSs and fine-tune them for better accuracy,
coverage, ranking, and predictive power. Proper evaluation en-
sures the system not only provides accurate recommendations
but also enhances user satisfaction, engagement, and platform
success.

III. METHODS

This scoping review investigated the existing literature on
the hybridization of CF and KBF recommenders. The authors
followed the guidelines of Preferred Reporting Items for
Systematic Review and Meta-Analysis- Extension for Scoping
Reviews (PRISMA-ScR) [43] to conduct this review. The
protocol followed for this review was registered with the Open
Source Foundation [44].

A. Search Strategy

To cover the maximum number of relevant articles, the
SCOPUS, Web of Science (all databases), and ACM Library
(The ACM Guide to Computing Literature) databases were
used to retrieve articles. The search was conducted on October
8th, 2024. For this review, a combination of recommendation
engine-related search terms was used. The search terms com-
bined the three main aspects of this review: collaborative fil-
tering, knowledge-based filtering, and recommender systems.
The formulation of the search query was informed by an ex-
amination of prior reviews about collaborative and knowledge-
based RSs [45], [46]. The created common search query is as
follows: (“ontology” OR “knowledge” OR “knowledge-based”
OR “ontology-based”) AND (“recommender” OR “recom-
mendation” AND “recommend”) AND (“collaborative” AND
(“filter” OR “filtering”)). All specific search queries for the
databases are included in Appendix A.

B. Eligibility Criteria

To be included in the scoping review, papers had to meet
the following criteria: they must be written in English, avail-
able as Open Access, and present a novel development of a RS
rather than a review or similar study. Additionally, they must
have been published between 2012 and October 8, 2024. The
review specifically included papers that focused on developing
a HRS by combining only CF and KBF. Eligible papers had
to clearly describe the functioning of the recommendation
engine and introduce an innovation in either the technologies
used for any of the recommenders or auxiliary techniques
aimed at improving recommendations. Papers were excluded
if they represented a second version of a previously published
recommender or incorporated any additional recommendation
approach beyond CF and KBF.

C. Study Selection

The study selection process was conducted in two phases to
ensure accuracy and thoroughness. In the first phase, articles
were screened based on their titles and abstracts. Any dis-
agreements were resolved through discussion until a consensus
was reached. If no agreement was found, a third reviewer was
consulted to make the final decision. In the second phase,
the articles that passed the initial screening underwent a full
review. Each article was evaluated independently against the
eligibility criteria, with reasons for exclusion carefully docu-
mented. Any remaining discrepancies were addressed through
further discussion, involving a third reviewer when necessary.

D. Data Extraction and Analysis

For the selected studies, four key characteristics were
extracted for analysis. These are as follows:

• Recommender Domain: The specific domain where
the recommender is applied (e.g., movies, education,
locations).

• Data Sources: The types of data used in the recom-
mendation process (e.g., ratings, user profiles, graphs).

• Evaluation Methods: The methods used to assess
the performance of the recommendation system (e.g.,
accuracy, likelihood).

• Recommender Techniques: A description of the tech-
niques used in the recommender system, including any
additional methods employed to enhance the recom-
mendation process.

Following this, the studies were grouped into categories
based on their similarities, and an analysis was conducted to
explore recurring themes and relationships among the different
characteristics of hybrid recommendation systems. This anal-
ysis aimed to identify current gaps, limitations, and potential
areas for future research and innovation in the field of Hybrid
Recommender Systems.

IV. RESULTS

Fig. 4 illustrates the complete search process conducted
for this scoping review. Initially, 690 records were retrieved
from the selected databases, and after removing duplicates,
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only journal articles were retained for further analysis. Sub-
sequently, a screening process based on abstracts and titles
narrowed down the selection to 126 articles for full-text review.
Following thorough examination, 62 articles were deemed
suitable for detailed analysis. The publication dates of these
articles are depicted in Fig. 5, revealing that the majority of the
included articles (69.35%) were published between 2022 and
2024. Notably, no articles from 2012, 2013, 2014, 2016, and
2017 were included in the final analysis. The complete version
of the data extraction process is found in Supplementary
Material (Appendix).

Hybrid Recommender System

CF Innovations KBF Innovations

Complex Relations Modeling

Deep Learning Based Models

Explainability and Robustness
Models

Advanced Use of KGs

Semantic Modeling and Data
Enrichment

Improved Representations in KGs

Hybridization Technique

Model Fusion

Transfer Learning

Hierarchical Models

Fig. 6. Classification framework of the revised articles.

TABLE I. CLASSIFICATION OF THE REVIEWED ARTICLES BASED ON
THEIR CF INNOVATION

Innovation Classification Citation

Complex Relations Modeling

[47], [48], [49], [50], [51], [52], [53],
[54], [55], [56], [57], [58], [59], [60],
[61], [62], [63], [64], [65], [66], [67],
[68], [69], [70], [71], [72], [73], [74],

[75], [76], [77]

Deep Learning Based Models

[78], [79], [80], [81], [82], [83], [84],
[85], [86], [87], [88], [89], [90], [91],
[92], [93], [94], [95], [96], [97], [98],

[99], [100], [101]

Explainability and Robustness Models [102], [103], [104], [105], [106], [107], [108]

A. Article Classification

After carefully reading and extracting the information from
all the articles, the developed systems were classified based on
how the articles were innovative with respect to both CF and
KBF. The classification framework can be seen in Fig. 6.

Innovation in HRS has led to three major approaches
in both CF and KBF. In CF, advancements have enhanced
the representation of user-item interactions, integrated deep
learning models, and ensured more explainable and robust rec-
ommendations. Meanwhile, in KBF, innovation has optimized
the use of KGs, enriched the semantic representation of data,
and improved the efficiency of embeddings and graph-based
representations. Besides this, the included articles have been
also classified depending on how they have been hybridized.

Table I depicts the classification of all included articles
based on their CF innovation. The three categories of this
classification are as follows:

• Complex relationship modeling: Improves the repre-
sentation of user-item interactions by incorporating
semantic information, graph networks, and contextual
cues.

• Deep learning-based models: Applies deep neural net-
works (CNN, RNN, GCN, GAT) to capture complex
patterns in recommendation data.

• Explainability and robustness models: Ensures more
interpretable and reliable recommendations through
causal inference, fuzzy reasoning (fuzzy reasoning,
path-based), and privacy.

Table II shows the classification of all included articles
based on their KBF innovation. The three categories of this
classification are as follows:
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TABLE II. CLASSIFICATION OF THE REVIEWED ARTICLES BASED ON
THEIR KBF INNOVATION

Innovation Classification Citation

Advance Use of KGs

[51], [56], [57], [58], [59], [60], [61],
[80], [67], [89], [92], [71], [93], [94],

[95], [97], [77], [108]

Semantic Modeling and Data Enrichment

[47], [48], [49], [78], [50], [52], [53],
[54], [62], [63], [64], [65], [66], [88],
[68], [69], [70], [72], [73], [74], [75],

[76]

Improved Representations in KGs

[102], [103], [55], [79], [81], [82], [83],
[84], [85], [86], [87], [90], [104], [91],

[105], [106], [96], [107], [98], [99], [100],
[101]

TABLE III. CLASSIFICATION OF THE REVIEWED ARTICLES BASED ON
THEIR HYBRIDIZATION STRATEGY

Hybridization Strategy Citation

Model Fusion

[47], [48], [49], [102], [50], [51], [52],
[54], [103], [55], [56], [58], [79], [59],
[61], [62], [63], [65], [81], [82], [83],
[84], [66], [67], [86], [87], [88], [68],
[69], [89], [90], [105], [92], [71], [72],
[106], [73], [74], [75], [94], [95], [96],

[98], [99], [77], [100], [108]

Transfer Learning [78], [53], [57], [60], [64], [104], [91], [70], [76], [107]

Hierarchical Models [80], [85], [93], [97], [101]

• Advanced Use of KGs: Exploits KGs with multi-hop
embeddings, deep learning, and complex relationship
modeling to improve recommendation.

• Semantic Modeling and Data Enrichment: Uses on-
tologies, pattern mining, and semantic rules to rep-
resent concepts and improve the personalization of
recommendations.

• Improved Representations in KGs: Optimizes the
representation and processing of knowledge graphs
through advanced embeddings, hyperbolic models,
and noise reduction.

Table III shows the classification of all included articles
based on their hybridization strategy. Three major hybridiza-
tion techniques have been obtained, which are as follows:

• Model Fusion: CF and KBF models work separately
to generate predictions and are then combined into a
single output.

• Transfer Learning: A model learns information in one
domain or technique (e.g. KBF) and transfers that
knowledge to improve another model (e.g. CF).

• Hierarchical Models: CF and KBF operate at different
levels of a multi-level or deep learning model, rather
than being directly combined in a single stage.

B. Recommender Domain

In this review, the categorization of RSs was based on
explicit mentions of their respective domains. Articles men-
tioning a specific domain were classified accordingly, while

1 1

2

3

3

3

4

9

33

Healthcare Micro-blog Manufacture Commodity

IoT services Cross-Domain E-commerce Cloud Services

Entertainment Tourism Education Any

Fig. 7. Number of articles of each domain.

those lacking such specificity were considered applicable to
any knowledge domain. It is important to note that despite
saying any domain, it would be necessary to have data char-
acteristics required by the systems that may not be available
in all domains. Following the review process, it was found
that many articles did not specify a particular domain (33).
Among those that did, the education field emerged as the
second most common domain (9). Tourism occupies the third
position of the most treated domains (4). Other domains
represented include entertainment, composed of music and
movies domain (3), e-commerce (3), cloud services (3) , micro-
blogging (1), manufacturing (1), healthcare (1), and additional
categories. Fig. 7 shows a graphical representation of the
recommender domains, a detailed list of the domains with their
corresponding articles can be found in Table IV of Appendix B.

C. Data Sources

The foundation of this review lies in CF and KBF. Deep-
ening into their development and combination underscores the
pivotal role of data in shaping both filtering methodologies.

The data used for CF in the examined systems primarily
involves user-item interactions, represented in various forms.
These range from intricate user-item graph structures (9) to
comprehensive item rating matrices (41), the latter being the
most commonly used approaches in the current state-of-the-
art. These two data sources were explained in Section II.
Additionally, some articles incorporate other sources of in-
formation, such as knowledge-based results (7), Quality of
Service matrices (1), or Average trustworthiness scores (1).
Fig. 8 provides a graphical representation of the data sources
utilized for CF.

Among the various data sources for KBF, two source types
dominate among the others. These data sources are KGs (38)
and ontologies (17), which were introduced in Section II,
accounting for 83% of the reviewed articles. Additional data
sources include knowledge maps (2), CF results (2), and linked
open data (1). Fig. 9 illustrates a graphical representation of
the data sources utilized for knowledge-based filtering.

D. Evaluation Methods

Evaluating the effectiveness of the proposed recommenda-
tion engine is a critical component of this review. The studies
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analyzed employed a variety of metrics to assess system
performance thoroughly. Most studies used between one and
four quantitative metrics (60), including measures such as
MAE (13), Root Mean Square Error (RMSE) (9), Precision
(29), Recall (43), F1-Score (23), and NDCG (20), among
others. Additionally, some articles incorporated qualitative
metrics (5), focusing on aspects like user satisfaction (4) and
recommendation effect analysis (1). It is worth noting that
[68] did not specify the evaluation metrics used, so only the
remaining 61 articles were included in this analysis. Fig. 10
illustrates the frequency of metric usage across all articles,
while a detailed breakdown of these metrics and their sources
can be found in Table V to Table VII of Appendix C.

E. Recommender Techniques

This section examines the implementation of CF and KBF,
focusing on the different implemented techniques, the side
techniques used to improve the recommender accuracy, and
how all these approaches are joined together to build HRS.

1) Implementation of collaborative filtering: As previously
noted, CF is a central focus of this review. A detailed analysis
of its implementation highlights the importance of innovative
recommendation techniques. The implementation of CF has
centered on three critical aspects, which are, 1) modeling
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complex relations, 2) using deep learning techniques, and 3)
seeking explainability and robustness for the recommenda-
tions.

Complex relationship modeling leverages graph structures,
proximity networks, and semantic modeling to overcome the
limitations of similarity calculations between users or items.
These approaches capture implicit relationships, use knowl-
edge networks to enhance predictions, and adapt better to data-
scarce environments. A notable example is [56], where the
authors introduce a neighbor aggregation network that expands
user-item interactions using knowledge graphs. Instead of
relying solely on direct similarities, this approach utilizes
multi-hop relationships within the graph to improve recom-
mendations. This results in more accurate recommendations
in scenarios with sparse data, expanding the similarity space
and mitigating the data sparsity problem.

Another interesting example is [67], which introduces a
method of modeling tourism relationships based on KGs,
allowing the identification of implicit connections between
users and destinations. Rather than relying solely on explicit
interactions (e.g., hotel ratings or visits to attractions), this
model extends relationships through structured information in
a tourism network. Using indirect relationships to improve
the accuracy of recommendations, even when there are few
direct interactions, it shows that graph structures can improve
the predictive capacity of CF by expanding the network of
relationships.

Deep Learning based models allow the systems to learn
more abstract representations of user-item relationships. In
particular, Graph Convolutional Networks (GCN) and Graph
Attention Networks (GAT) have shown great effectiveness
in preference prediction. They can capture non-linear and
complex relationships in data, increase generalizability in data-
poor scenarios, and improve model learning capability by
integrating additional signals. In [94], the authors use a GCN to
improve the accuracy of recommendations by combining col-
laborative information with KG representations, which allows
for multi-level feature extraction in the user-item interaction.

Another notable approach is presented in [80], where
user and course information are combined within a bilateral
knowledge graph to enhance the accuracy and personalization
of recommendations on educational platforms. Fig. 11 illus-
trates the architecture of the HRS. This system constructs a
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Fig. 11. Architectural representation of the POCR framework, as presented
in [80].

bilateral knowledge graph where courses are linked through
semantic relationships, and users are connected based on their
learning profiles. Additionally, it incorporates an attention
mechanism that assigns different weights to each connection in
the network, helping identify the most relevant information for
recommendations. This approach improves personalization by
tailoring course suggestions to the learner’s profile and learning
history. It also captures implicit relationships between courses,
reducing reliance on explicit interactions alone and leading to
more accurate recommendations.

Explainability and robustness models focus on making
recommendations more interpretable, a feature often missing
in traditional CF algorithms. Additionally, many conventional
systems are vulnerable to data biases, which can impact the
fairness of recommendations. To address these challenges,
these models integrate causal inference mechanisms to reduce
bias, use explainability techniques such as rule-based reason-
ing or attention to pathways, and apply differential privacy
to protect user data without compromising recommendation
quality. For example, [108] presents an approach based on
graph paths, where specific routes between users and items
are analyzed to provide more transparent recommendations.
This helps users understand why they received a particular
suggestion, increasing their trust in the system and aiding in
bias detection.

In [106], the authors propose a new approach to enhance
recommendation reliability by integrating trust metrics into
the KG representation. Their method employs a noise-tolerant
graph model that filters out unreliable information before
incorporating it into the recommender system. Additionally, it
introduces a confidence-based weight adjustment mechanism,
which evaluates the reliability of user-item interactions before
using them for predictions. This improves the system’s ro-
bustness and accuracy, making it more resilient to inconsistent
data. This approach is especially valuable in sensitive fields
like healthcare and education, where the reliability of recom-
mendations is crucial.

2) Implementation of knowledge-based approach: Similar
to CF, the development of knowledge-based filtering recom-
mendations highlights the importance of the techniques used
to generate effective recommendations. The implementation
of KBF has centered on three critical aspects, which are, the

advanced use of KGs, semantic modeling and data enrichment,
and the improved representations in KGs.

The advanced use of KGs enables the representation of
complex relationships between items, allowing information to
be extracted from the structured connections within the graph.
This enhances the ability to uncover implicit relationships,
improves recommendation quality, supports generalization, and
enables personalization. As a result, recommendations can
be generated even in scenarios with limited historical data,
as the model can infer similarities between items beyond
their explicit attributes. A notable example is [92], where
the authors apply attention networks on graphs to enhance
recommendation quality. Their approach models the influence
of neighboring nodes in a KG, assigning dynamic weights to
each connection. This leads to more accurate recommendations
by identifying the most relevant nodes in the graph. The
study demonstrates that attention mechanisms in graphs are
effective for improving personalization and reducing bias in
recommendations.

Another noteworthy approach is [89], which introduces a
new embedding method that combines Word2Vec and TransR
to capture deeper relationships between entities. By modeling
web services and their connections as a graph, this method
enables more accurate recommendations in complex systems.
This embedding technique enhances the representation of items
and services, capturing dependencies that traditional models
might overlook. Its structured representation makes it partic-
ularly well-suited for domains like e-commerce and person-
alized services, where understanding intricate relationships is
essential for improving recommendations.

Semantic modeling and data enrichment—through tech-
niques like pattern mining and semantic rules—enhance rec-
ommendation quality by representing concepts in a richer and
more interpretable way. Traditional systems often overlook
the semantic structure of data, but these approaches improve
explainability, better organize knowledge, and enable more
meaningful personalization. By leveraging semantic under-
standing, these models help reduce redundancy and noise in
data, avoiding reliance solely on statistical correlations. A
compelling example is [76], where the authors use ontologies
to represent products and their relationships, combined with
sequential pattern mining to model user preferences. This
integration of structured knowledge with sequential models
improves personalization, demonstrating its potential for gen-
erating more accurate recommendations.

Another notable example is [48], which applies semantic
analysis to enhance the categorization of tourism services and
provide more accurate recommendations. Fig. 12 illustrates the
architecture of the HRS, which improves the organization of
relevant information and increases recommendation accuracy.
By using ontologies to structure knowledge about activities
and user preferences, this approach incorporates semantic
relationships between services, enabling the discovery of more
meaningful connections for users. This demonstrates that in-
tegrating semantic knowledge with CF can overcome data
sparsity limitations and enhance personalization.

KGs can be challenging to manage due to their complexity
and size. To address this, advanced representation techniques
optimize how they are structured and processed, improving the
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Fig. 12. Architecture of the developed recommender, as shown in [48].

efficiency and accuracy of HRSs. These techniques help reduce
noise by filtering out irrelevant information, enhance compu-
tational efficiency by optimizing graph structures for faster
queries, and better capture complex relationships, allowing for
more subtle similarities between items. A notable example
is [96], which employs a Lorenz-based hyperbolic model to
improve entity representation and capture high-dimensional
relationships with minimal information loss. This optimization
enhances the learning of large-scale graphs, reducing distortion
in their representation and ultimately improving recommenda-
tion accuracy. Such advancements are especially valuable in
domains with highly complex relationships, where effectively
managing massive KGs is crucial.

Another example is [105], which introduces an optimized
neural network to enhance the interpretability of recommenda-
tions. It employs a hierarchical structure to represent relation-
ships at multiple levels within the KG. This is achieved through
a self-supervision mechanism that improves the quality of the
generated graph embeddings. By refining how connections
between entities are represented, this approach increases the
accuracy of graph-based recommendations while making them
more informative. Additionally, it enhances interpretability,
helping users understand the reasoning behind each recom-
mendation. This demonstrates that neural networks with hier-
archical structures can improve knowledge organization within
KGs, leading to more transparent and effective recommenda-
tions.

3) Implementation of auxiliary technique: In this review,
an auxiliary technique refers to a method used to enhance
the recommendation capabilities of an HRS. These techniques
can be applied at different stages of the recommendation
process and must be separate from the primary recommen-
dation methods. Among all the reviewed articles, only 16
incorporate auxiliary techniques. These include various ap-
proaches such as Attention Mechanisms (4), Fuzzification (2),
Feature Dimension Adjustments (2), Preference Generation
Strategies (1), PrefixSpan and TopseqRule (1), Pattern Mining
(1), Weighting Enhancement Techniques (1), Multiple Space
Embedding Methods (1), Incremental Learning Approaches
(1), Causal Inference (1), and High-Order Preference Ex-
traction (1). These auxiliary techniques help address specific
limitations within the main recommendation models, acting
as complementary enhancements that improve performance
across different dimensions.

An interesting example is [64], where the authors propose
using Sequential Pattern Mining (SPM) to analyze the order

in which users read books and identify recurring preference
patterns. Additionally, they apply Rule Mining (RM) to ex-
tract meaningful relationships between books from different
domains. This process takes place before generating recom-
mendations, enabling the system to suggest relevant items that
users have not yet explored. By capturing the evolution of user
interests, this approach improves recommendation accuracy,
ensuring that suggestions adapt to individual reading patterns
over time.

Another notable example is [107], which implements a
system that uses causal reasoning to analyze the impact of
different factors in the recommendation process and correct
potential biases from historical data. This helps reduce the
influence of such biases, making recommendations fairer and
more personalized. Additionally, by leveraging causal infer-
ence, the system improves the reliability of recommendations
by providing clear explanations for why certain items are
suggested to users. This is especially important in applications
where fairness is a key concern, such as in education. This
study also demonstrates that combining recommender systems
with causal techniques can enhance both the accuracy and
interpretability of recommendations.

4) Hybridization process: This review focuses on the hy-
bridization of CF and KBF together with various auxiliary
techniques. The analysis of these hybrid implementations
highlights their capability to improve the accuracy and per-
sonalization of the given recommendations and to reduce the
cold start and sparsity problems. The reviewed papers have
implemented this hybridization in a variety of ways, which are,
model-based fusion, hybridization through transfer learning,
and hybridization in hierarchical models.

In [98], the authors propose a model fusion approach by
developing a hybrid architecture with two layers that combine
user-item interaction representation and semantic information.
The fusion occurs at two levels. First, direct relation modeling
is applied, where the system learns the basic structure of
the UIKG. Then, semantic knowledge is incorporated by
integrating semantic relationships extracted from the KG. This
enhances item representation and captures implicit relation-
ships, leading to more precise recommendations. This study
highlights that combining CF with KBF improves recom-
mendation accuracy, making it particularly effective for well-
structured domains like education. Another example of this
hybrid approach is [50], where the authors implement a CF
model to generate predictions based on user behavior and a
KBF model that uses a product ontology to establish semantic
relationships between items. Both models are then combined
using a weighted aggregation function, where each technique
contributes based on its relevance. This fusion improves rec-
ommendation accuracy by reducing dependence on historical
data, making the system more adaptable and robust.

In [53], the authors propose a transfer learning approach
that first utilizes tourism ontologies to model relationships
between different categories of attractions. Then, the KBF
technique generates semantic representations of the items,
which are transferred to the CF model. This allows CF to
generate recommendations even with limited data, making it
an effective strategy for mitigating the cold start problem.
By leveraging structured knowledge from another technique,
this approach enhances recommendation quality in data-scarce

www.ijacsa.thesai.org 41 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 3, 2026

scenarios. Another interesting transfer learning approach is
presented in [104], where KBF is first used to construct a KG
that maps relationships between users and items. Causal infer-
ence techniques are then applied to correct potential biases in
user-item interactions. This refined knowledge is subsequently
transferred to the CF model, enabling it to generate fairer and
more explainable recommendations. By reducing the impact
of biases in the data, this approach enhances both the fairness
and interpretability of the HRS.

In [93], the authors propose a hierarchical hybridization
consisting of three levels. The first level uses CF to learn
initial representations of users and items. The second level
applies a GCN in a KG to refine item representations. Finally,
the third level fuses the processed information to generate the
final recommendation. This approach enhances the accuracy
and robustness of the HRS by integrating user interactions
with semantic knowledge in a scalable model. Another notable
approach is the system introduced in [85], which features a bi-
layer architecture where each layer serves a distinct function in
the HRS. First, a bipartite graph is constructed, linking users
with items, and CF is applied to capture relationships based
on explicit interactions. Then, a KG is integrated to represent
semantic relationships between items, which are grouped using
KBF based on their characteristics and connections within the
graph. Each model then applies a Light GCN to refine user and
item representations, which are subsequently combined. This
approach reduces the computational complexity of the HRS
while improving its ability to capture user-item relationships by
integrating both direct interactions and structured knowledge.

V. DISCUSSION

The data presented in Section IV offers valuable insights
into the hybridization of CF and KBF approaches. This section
explores these findings in greater depth, aiming to address the
research questions outlined in Section I.

A. Current State of Hybridization

HRS emerged as a response to the limitations of traditional
implementations of CF and KBF. While CF has proven to be
highly effective in personalizing content based on previous user
interactions, it suffers from problems such as data sparsity,
cold start, and lack of explainability. On the other hand, KBF
uses structured knowledge, such as knowledge graphs and
ontologies, to improve recommendations, but can be rigid and
costly to build and maintain. Hybridization seeks to combine
the best of both worlds, integrating CF and KBF into a
single model, giving rise to a variety of ways of doing it.
Over the last few years, hybridization research has evolved
with the integration of deep learning, graph neural networks
(GCNs), causal inference, and self-supervised learning (SSL)
techniques, which implies that a detailed analysis of current
hybridization techniques is needed. This provides a com-
prehensive foundation for partially addressing some of the
research questions introduced earlier, offering valuable insights
into the evolution and impact of hybrid approaches.

1) RQ1: What methodologies are currently used to hy-
bridize collaborative filtering and knowledge-based recom-
mendation systems?: This review highlights that most of the
included articles focus on improving both types of recom-
menders, as well as the strategies for their combination, leading

to various innovations in the implementation of CF and KBF.
CF has primarily focused on enhancing the models’ ability
to analyze collaborative data, while KBF has concentrated on
representing structured and semantic knowledge. The combi-
nation of these approaches has driven advancements in the
hybridization process, resulting in three main methods for
achieving it:

• Model Fusion: CF and KBF generate recommenda-
tions separately and then combine them using tech-
niques like aggregation, heightening, or neural net-
works. This approach adapts well to different data
types and integrates multiple information sources.
However, it may increase computational complexity.

• Transfer Learning: One model (CF or KBF) learns
representations and transfers this knowledge to the
other. It is commonly used in cross-domain scenarios
or to enhance item representations in CF through
KBF. This approach reduces bias in recommendations
and improves generalization in data-sparse domains
but requires precise alignment between CF and KBF
representations.

• Hierarchical Models: CF and KBF operate at different
levels within a deep learning model and are combined
in a hierarchical structure, where each level refines
the previous one. This method captures complex re-
lationships across multiple levels while leveraging
the graph structure without significantly increasing
computational costs.

2) RQ2: What common challenges arise when integrating
collaborative filtering with knowledge-based techniques?: The
fusion of the different recommenders is a key component of
the development of HRS, however the integration of CF and
KBF still presents significant challenges:

• Computational Complexity: Models such as GCNs
and deep neural networks require large computational
power, which limits their applicability in real-time
systems.

• Interpretability and Explainability: Combining CF
with KBF often generates more complex and less
interpretable models. This is critical in sensitive areas
such as health, education, and finance, where users
need to understand why an item is recommended to
them.

• Data Sparsity and Cold Start: Although KBF helps
mitigate this problem, hybrid systems still rely on prior
interactions to fit their models.

• Knowledge Graph Maintenance: Building and updat-
ing ontologies or KGs is costly and requires human
intervention, which can limit the scalability of the
system.

Despite these challenges, the integration of CF and KBF
continues to drive advancements in HRS by leveraging both
collaborative interactions and structured knowledge. Address-
ing these issues will enable more scalable, accurate, and
explainable HRS, improving their applicability across various
domains.
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3) RQ3: How do hybrid recommendation systems address
data sparsity and cold start issues across different domains and
applications?: Addressing the challenge of data integration
is crucial for overcoming two key issues in traditional RS:
the cold start problem and data sparsity. HRS have developed
different strategies to face these limitations, which are as
follows:

• Incorporation of KGs: using ontologies or KGs to
generate semantic representations of the items helps to
reduce the dependency on historical data which leads
to a mitigation of the data sparsity and cold start.

• Transfer of Learning in Cross-Domain Scenarios:
transferring knowledge from one domain to another
can reduce the impact of having numerous missing
data.

• Self-Supervised Learning: self-supervised learning
techniques can generate good representations of both
items and users without requiring large volumes of
labeled data.

• Causal Inference Methods: using causal inference
allows for improved personalization without relying
exclusively on explicit user data.

B. Evaluating Hybridization

Combining CF and KBF has been shown to significantly
improve recommendation performance compared to individual
RSs. Most evaluations of HRS still rely on offline quantitative
methods. A common approach is to compare the new system
against well-established ones to assess its effectiveness. Only
a few studies conduct online evaluations or user studies, likely
due to the added complexity and the challenge of gathering
enough participants for meaningful results. However, these
evaluations provide valuable insights into the advantages of
hybrid approaches and help answer key research questions.

1) RQ4: How effective are hybrid approaches in improving
recommendation accuracy compared to standalone collabo-
rative filtering or knowledge-based systems?: Offline com-
parisons between traditional RSs and HRSs show that HRSs
generally perform better across different evaluation metrics.
However, the improvement is not always significant, as some
performance gains are minor. Still, certain articles show in-
creases of 20% or more compared to traditional systems.
A clear example of this trend is presented in [81], where
hybrid systems achieve notably better evaluation results than
previous state-of-the-art recommenders. These improvements
are reported in several studies, comparing HRSs with leading
systems like RippleNet, KGAT, KGCN, and CKAN [109],
[110], [111], [112].

Comparing different systems and datasets can be chal-
lenging, making evaluations more complex. Common metrics
like precision and recall have limitations that can affect the
reliability of results. One issue with these metrics is their
inconsistency in handling the number of recommended el-
ements and relevant elements. For example, if recall@3 is
used but only two relevant elements exist, achieving 100%
recall is impossible. This can lead to misinterpretations if
such constraints are not considered. Since most studies rely
on these metrics, reproducibility becomes difficult, both within

the same domain and across different domains. Discrepancies
in defining relevant elements can further complicate result
comparisons. Furthermore, the lack of standardized bench-
marking—characterized by heterogeneous datasets and varying
metric parameters—means that while individual hybrid models
may report performance gains exceeding 20%, these results
cannot be statistically synthesized in a unified manner at this
stage.

In addition to these limitations of offline metrics, there is a
critical disconnect between algorithmic performance and actual
user experience. While the majority of the articles reviewed
use quantitative validations based on historical data, only a
tiny fraction incorporate user studies or deployments in real
environments to measure qualitative factors. This reliance on
static metrics such as RMSE or precision ignores fundamental
dimensions of hybrid recommendation, such as serendipity
(discovery of valuable but unexpected items), model trans-
parency, and the trust that users place in the system after
receiving a knowledge-based explanation. Therefore, the suc-
cess of a hybrid system should not be measured solely by its
predictive power, but by its impact on long-term user behavior
and satisfaction.

Evaluating qualitative metrics is another major challenge,
as it requires detailed analysis to confirm that HRSs truly
outperform traditional systems. In the studies reviewed, user
satisfaction with these systems is generally high. However,
the lack of in-depth qualitative evaluations makes it difficult
to measure their real-world effectiveness. Additionally, these
metrics have limitations, such as the number of participants and
the reliability of their responses, which can affect the accuracy
of the results.

Overall, these findings suggest that HRSs have the potential
to outperform traditional systems, offering improved recom-
mendation quality and adaptability. Their ability to combine
different approaches allows them to address limitations such
as data sparsity and cold start problems more effectively.
However, despite their promising performance, further research
is needed to fully understand their advantages, limitations, and
real-world applicability.

C. Domain Preference

Although many of the HRSs analyzed do not target specific
domains, they often rely on commonly used datasets such as
MovieLens [113] or Last.FM [114]. Despite their domain-
agnostic nature, creating their respective KGs or ontologies
still requires customization based on the domain. For this
reason, despite saying that they can be taken to any domain,
it is important to keep in mind that specific data requirements
may need to be met. This means that certain domains may
present certain limitations when it comes to obtaining certain
data, or transforming it so that the developed techniques can be
carried out. However, certain specific domains tend to receive
more attention.

Among the domains receiving significant attention, edu-
cational recommendation stands out as an important area of
study, possibly driven by the rapid growth of online learning
platforms and online education [115]. Other domains, such as
cloud services and entertainment, are also gaining prominence,
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fueled by the increasing adoption of cloud-based software solu-
tions and the continuous expansion of the online entertainment
industry [78], [54]. Additionally, the tourism sector has seen
a surge in focus, especially in the wake of the COVID-19
pandemic. As the tourism industry adapts and looks for ways
to rejuvenate, RSs tailored to this sector hold great potential
[116].

Cross-domain recommenders are also emerging as a pow-
erful solution for transferring knowledge between domains,
making them particularly valuable [53], [64]. However, these
systems also come with several limitations that need to be
addressed. One major challenge is the difference in data dis-
tributions between domains, which can lead to inconsistencies
when transferring knowledge. Additionally, user preferences
may not always align across domains, making it difficult to
accurately model their interests. Another limitation is the need
for large and diverse datasets to effectively learn meaningful
relationships between domains, which may not always be
available.

Overall, HRSs have proven to be effective across a wide
range of domains, demonstrating their flexibility and adapt-
ability in different recommendation scenarios. Their ability to
integrate multiple techniques makes them a valuable alternative
to traditional recommenders. This review provides a solid
foundation for revisiting and further addressing some of the
research questions that were only partially answered earlier
in this section, offering deeper insights into the strengths and
limitations of hybrid approaches.

1) RQ2: What common challenges arise when integrating
collaborative filtering with knowledge-based techniques?:
One major difficulty in HRSs is the need for domain-specific
customization. Building and maintaining KGs or ontologies
requires specialized expertise, which may not always be avail-
able, making the integration process complex and resource-
intensive. Additionally, ensuring compatibility between the
data used for both approaches is critical but not always
straightforward. CF relies on user interaction data, while KBF
depends on structured domain knowledge, and aligning these
two types of information can be challenging, especially in
domains where relevant knowledge representations are scarce
or difficult to standardize. Moreover, balancing the strengths
of both methods while mitigating their individual weaknesses
requires careful algorithmic design to avoid biases or incon-
sistencies in recommendations.

Despite these challenges, successfully integrating CF and
KBF can lead to more accurate, explainable, and personalized
recommendations. By leveraging the strengths of both ap-
proaches, hybrid systems can provide richer insights, improve
user satisfaction, and enhance recommendation quality across
diverse domains.

2) RQ3: How do hybrid recommendation systems address
data sparsity and cold start issues across different domains
and applications?: HRSs tackle data sparsity and cold start
issues by leveraging the strengths of multiple recommendation
techniques. By combining CF with KBF, HRSs can generate
accurate recommendations even when user interaction data is
limited. In domains such as education, cloud services, and
tourism, where data availability varies, HRSs improve recom-
mendation quality by incorporating structured knowledge, user

profiles, or contextual information.

Additionally, in domains with fewer types of available
data, advanced data processing techniques—such as feature
engineering, transfer learning, or matrix factorization—help
optimize the integration of both recommenders. This allows
HRSs to mitigate sparsity and cold start issues by utilizing
alternative sources of information, such as metadata, semantic
relationships, or content-based attributes. As a result, HRSs
enhance personalization and adaptability across different appli-
cations, making them a powerful solution for recommendation
systems facing data limitations.

D. Current Gaps in Hybridization

Despite recent advances, hybridization in recommender
systems still faces several challenges that limit its applicability
in real-world scenarios. These challenges affect not only the
efficiency and scalability of the models but also their inter-
pretability and generalizability across domains. The following
gaps are listed:

1) Computational complexity: Modern hybrid models have
incorporated advanced techniques such as GCNs, GATs and
deep learning to improve the representation of items and
users. However, these architectures are often computationally
intensive, which can make them difficult to implement in
environments with limited hardware or real-time systems.

2) Balance between accuracy and explainability: While
hybridization has improved the accuracy of recommendations
by integrating multiple sources of information, many hybrid
models still operate as black boxes, making it difficult to
understand why a user receives a specific recommendation.
This problem is critical in sensitive domains such as health,
education, and finance, where users and regulators need to
understand the logic behind system decisions.

3) Handling sparse data and cold start: One of the main
benefits of hybridization is that it can mitigate the problem
of data sparsity and cold start, but it still does not solve
it completely. CF needs prior interactions to make accurate
predictions, so it still has problems when there is not enough
user history. KBF helps alleviate this problem by providing
structured information (ontologies, knowledge graphs), but it
depends on the graph being well constructed and up-to-date.

4) Generalizability and adaptability: Hybrid models have
proven effective in e-commerce, entertainment, and education,
but their performance varies depending on the domain and the
types of data available.

5) Lack of evaluation with online metrics and user tests:
One of the big problems in current hybridization research is
that most evaluations are based on offline metrics, such as
accuracy, recall, and NDCG, without considering their actual
impact on user experience. Offline metrics may not reflect how
users actually interact with the system. Few studies incorporate
A/B experiments or user tests in real environments and little
attention is paid to diversity, novelty, trust, and user satisfaction
metrics.

E. Future Research Recommendations

The continuous evolution of HRSs has significantly im-
proved the accuracy, adaptability, and robustness of recom-
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mendations. However, the several challenges that remain un-
resolved require further research to enhance the scalability,
explainability, and generalization of hybrid models. Based on
the current gaps identified, the following research directions
are proposed:

1) Development of more efficient and scalable hybrid mod-
els: There is a growing need to create lightweight GCNs
and graph-based approximation techniques to reduce the high
computational costs associated with deep learning models.
Research into low-rank approximations, model pruning, and
quantization could significantly enhance efficiency. Another
promising direction is the integration of federated learning
and distributed computing to support large-scale HRSs. These
advancements could greatly expand the applicability of HRSs,
making them more viable for mobile and edge computing
environments.

2) Improving explainability without compromising accu-
racy: The integration of explainable AI techniques is essential,
particularly in domains like education and e-commerce. Ap-
proaches such as attention mechanisms, rule-based explana-
tions, and counterfactual reasoning can improve transparency
without sacrificing performance. Further research into graph-
based path analysis could help track how recommendations
are generated from both CF and KBF sources. Additionally,
incorporating human-in-the-loop systems would allow users to
adjust and better understand recommendations, increasing trust
and facilitating adoption in regulated sectors.

3) Implementing contrastive learning techniques: In hybrid
systems, it can enhance the learning of meaningful item rep-
resentations, reducing reliance on labeled data. Additionally,
leveraging multi-task learning to jointly optimize represen-
tation learning and recommendation objectives can improve
the adaptability and robustness of HRSs. These approaches
can lead to more efficient and generalizable recommendation
models, particularly in data-scarce environments.

4) Enhancing fairness, bias mitigation, and diversity in hy-
brid models: Integrating causal inference techniques can help
differentiate correlation from causation in user preferences,
leading to more equitable recommendations. Implementing
fairness-aware loss functions ensures a balance between accu-
racy and fairness, reducing biases that may disproportionately
affect certain user groups. Additionally, promoting diversity-
aware recommendations can prevent over-personalization and
filter bubbles, fostering user satisfaction and enabling the
discovery of new content. These advancements contribute to
making HRSs more transparent, inclusive, and user-centric.

5) Automating knowledge graph construction and mainte-
nance: Leveraging Natural Language Processing (NLP) and
Large Language Models (LLMs) enables the extraction of
structured knowledge from unstructured data sources, reducing
the reliance on manual curation. Reinforcement learning can
dynamically update knowledge graphs based on user interac-
tions, ensuring they remain relevant over time. Additionally,
incorporating crowdsourcing and user feedback mechanisms
enhances the accuracy and adaptability of these graphs. These
advancements streamline KG maintenance, making hybrid
models more scalable and responsive to evolving domains.

6) Shifting from offline to online evaluation metrics and
user testing: Expanding the use of online evaluation meth-

ods, such as A/B testing and reinforcement learning-based
optimization, enables real-time assessment of HRSs. Incorpo-
rating user-centered metrics like engagement rate, diversity,
novelty, and trust ensures that evaluations align with user
satisfaction. Developing hybrid frameworks that integrate both
offline and online evaluations provides a more comprehensive
performance analysis. This shift leads to more accurate op-
timizations based on real user interactions rather than static
datasets, improving the adaptability and effectiveness of HRSs
in dynamic environments.

By delving into these aspects of the recommendation
process, researchers can uncover deeper insights and pave the
way for enhanced efficiency in recommender performance,
ultimately leading to improved results and heightened user
satisfaction. This concerted effort towards advancing HRSs
stands to revolutionize the field, offering more robust solutions
to the evolving needs and expectations of users in various
contexts.

F. Limitations

This scoping review is subjected to several limitations
inherent to reviews of this nature. First, only articles published
in journals were analyzed, which may have led to the exclusion
of relevant studies presented at conferences, workshops, or
other sources such as preprints and technical reports. Given the
rapid evolution of hybrid recommendation systems, conference
proceedings often include cutting-edge research that may not
yet be published in journals. Second, articles may have been
excluded if they did not explicitly provide the necessary details
for assessing their eligibility based on the predefined selection
criteria. Some studies may contain relevant methodologies
but lack clear descriptions of their hybridization strategies,
making it difficult to categorize them accurately. Third, de-
spite employing search terms derived from previous reviews,
variations in terminology and indexing practices across dif-
ferent databases may have caused some relevant articles to
be omitted. Authors often describe hybridization techniques
using diverse terminologies, making it challenging to ensure
comprehensive coverage of all relevant works.

Additionally, this review focused on methodological as-
pects rather than empirical performance comparisons. While
it identifies and categorizes existing hybridization strategies,
it does not conduct a quantitative meta-analysis of their
effectiveness across different domains, which could provide
deeper insights into their real-world applicability. Finally, the
screening and data extraction process was conducted system-
atically, but it remains susceptible to potential inaccuracies
and subjective interpretations. Although efforts were made to
ensure consistency in data classification, some articles may
have been misclassified or overlooked due to ambiguities in
their descriptions. Future studies could address this limitation
by incorporating multiple reviewers and inter-rater reliability
assessments to enhance the robustness of the review process.

VI. CONCLUSION

HRSs have become a fundamental approach to overcome
the limitations of traditional CF and KBF methods. By com-
bining CF’s ability to leverage user interactions with KBF’s
structured knowledge representation, hybrid models provide
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more accurate, personalized, and robust recommendations.
However, the growing complexity of hybridization strategies
has led to the need for a comprehensive understanding of the
methodologies used, the challenges faced, and the gaps that
remain.

This scoping review systematically analyzed the state-of-
the-art HRSs, classifying them into three primary hybridization
strategies: Model Fusion, Transfer Learning, and Hierarchical
Models. Model Fusion techniques combine the outputs of CF
and KBF into a single recommendation, while Transfer Learn-
ing enables knowledge learned from one approach to enhance
the other, particularly in cross-domain scenarios. Hierarchical
Models, on the other hand, use multi-level architectures, where
CF and KBF operate at different stages within deep learning
frameworks, optimizing the representation of users and items
at different levels of abstraction.

The findings of this review highlight that hybridization sig-
nificantly improves recommendation accuracy, personalization,
and the ability to handle data sparsity and cold start issues.
Recent advancements, such as GCNs, GATs, and deep learning
architectures, have become dominant in modern hybrid sys-
tems. However, these techniques introduce new computational
challenges and raise concerns regarding their interpretability
and explainability. Additionally, emerging approaches like
causal inference, self-supervised learning, and reinforcement
learning offer promising solutions but remain underexplored
in the context of HRSs.

Moving forward, HRSs must address several key areas
to maximize their impact. Scalability and efficiency should
be improved through the development of lightweight GCNs,
federated learning approaches, and model compression tech-
niques. Explainability should be prioritized, integrating inter-
pretable AI techniques such as attention-based path analysis
and rule-based hybrid models. Additionally, automated knowl-
edge graph construction and maintenance could significantly
enhance the adaptability of KBF-based approaches, reducing
reliance on manual ontology updates. Finally, a shift toward
holistic evaluation frameworks, incorporating both offline and
online metrics, will be crucial to assess the true effectiveness
of hybrid models in real-world applications.

By addressing these challenges, HRSs will become more
adaptable, transparent, and effective across diverse applica-
tions, ranging from e-learning and healthcare to e-commerce
and content streaming. Continued research and innovation in
this field will be essential to unlocking the full potential of hy-
brid models, ensuring that they remain scalable, interpretable,
and user-centric in the years to come.
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APPENDIX A
SEARCH QUERIES

A. SCOPUS Query

For SCOPUS, the results were limited to articles published during the pre-established years, written in English, open access
(all, gold, hybrid gold, and green), and the query was searched within the articles’ title, abstract, and keywords. The complete
query is as follows: TITLE-ABS-KEY ( ( “ontology” OR “knowledge” OR “knowledge-based” OR “ontology-based” ) AND (
“recommender” OR “recommendation” AND “recommend” ) AND ( “collaborative” AND ( “filter” OR “filtering” ) ) ) AND
PUBYEAR > 2011 AND PUBYEAR < 2025 AND ( LIMIT-TO ( DOCTYPE, “ar” ) ) AND ( LIMIT-TO ( LANGUAGE,
“English” ) ) AND ( LIMIT-TO ( OA, “all” ) OR LIMIT-TO ( OA, “repository” ) OR LIMIT-TO ( OA, “publisherfullgold” ) )

B. Web of Science Query

For Web of Science, the results were limited to articles published during the pre-established years, written in English, and
open access (all, gold, hybrid gold, and green). The complete query is as follows: ( “ontology” OR “knowledge” OR “knowledge-
based” OR “ontology-based” ) AND ( “recommender” OR “recommendation” AND “recommend” ) AND ( “collaborative” AND
( “filter” OR “filtering” ) ) (Topic) OR ( “ontology” OR “knowledge” OR “knowledge-based” OR “ontology-based” ) AND (
“recommender” OR “recommendation” AND “recommend” ) AND ( “collaborative” AND ( “filter” OR “filtering” ) ) (Title) OR
( “ontology” OR “knowledge” OR “knowledge-based” OR “ontology-based” ) AND ( “recommender” OR “recommendation”
AND “recommend” ) AND ( “collaborative” AND ( “filter” OR “filtering” ) ) (Abstract) and Article (Document Types) and
English (Languages) and All Open Access or Gold or Gold-Hybrid or Free to Read or Green Published (Open Access) and 2024
or 2023 or 2022 or 2021 or 2020 or 2019 or 2018 or 2017 or 2016 or 2014 or 2015 or 2013 or 2012 (Publication Years)

C. ACM Library Query

For the ACM Library, the results were limited to research articles published during the pre-established years, and the query
was searched within the articles’ title, abstract, and keywords. The complete query is as follows: [ [ [ Title: “ontology” ] OR [
Title: “knowledge” ] OR [ Title: “knowledge-based” ] OR [ Title: “ontology-based” ] ] AND [ [ Title: “recommender” ] OR [ [
Title: “recommendation” ] AND [ Title: “recommend” ] ] ] AND [ Title: “collaborative” ] AND [ [ Title: “filter” ] OR [ Title:
“filtering” ] ] ] OR [ [ [ Abstract: “ontology” ] OR [ Abstract: “knowledge” ] OR [ Abstract: “knowledge-based” ] OR [ Abstract:
“ontology-based” ] ] AND [ [ Abstract: “recommender” ] OR [ [ Abstract: “recommendation” ] AND [ Abstract: “recommend” ]
] ] AND [ Abstract: “collaborative” ] AND [ [ Abstract: “filter” ] OR [ Abstract: “filtering” ] ] ] OR [ [ [ Keywords: “ontology” ]
OR [ Keywords: “knowledge” ] OR [ Keywords: “knowledge-based” ] OR [ Keywords : “ontology-based” ] ] AND [ [ Keywords:
“recommender” ] OR [ [ Keywords: “recommendation” ] AND [ Keywords: “recommend” ] ] ] AND [ Keywords: “collaborative”
] AND [ [ Keywords: “filter” ] OR [ Keywords: “filtering” ] ] ] AND [ E-Publication Date: (01/01/2012 TO 12/31/2024) ]

APPENDIX B
RECOMMENDER DOMAINS

Table IV presents a comprehensive breakdown of the relationship between each individual article and its respective domains.
The included domain Any refers to all articles that did not explicitly mention their domain or that prove that it works for several
domains.

APPENDIX C
EVALUATION METRICS

Table V, Table VI and Table VII present a comprehensive breakdown of the relationship between each individual article and
the evaluation metrics they use. It is important to mention that article [68] did not properly indicate the evaluation metrics used
for evaluating their recommender.

A. Quantitative Evaluation Metrics

Table V and Table VI present the relationship between all the quantitative evaluation metrics used per article. The included
metrics are Mean Absolute Error, Root Mean Square Error and Mean Square Error, Precision, Recall, F1-score, Normalized
Discounted Cumulative Gain, Hit Ratio, Average Overall Rating, ROC Curve, Area Under Curve, Accuracy, Mean Average
Precision, Coverage Rate, Execution Time, Correct Rate of Pretest and Test Questions (CRPTQ), Comparing the success results
(CSR), and Efficiency of Students (ES).

B. Qualitative Evaluation Metrics

Table VII presents the relationship between all the qualitative evaluation metrics used per article. The included metrics are
User Satisfaction and Recommendation Effect Analysis.
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TABLE IV. ARTICLES PERTAINING TO EACH DOMAIN

Domain Citation

Any [102], [103], [55], [56], [57], [79], [81], [82], [83], [84], [86], [87], [88], [68], [90], [104], [91], [105], [92], [93], [106], [74],
[75], [94], [95], [96], [97], [107], [98], [99], [100], [101], [108]

Education [47], [60], [61], [63], [80], [65], [69], [70], [71]

Tourism [48], [51], [59], [67]

Entertainment [78], [72], [73]

Cloud Services [54], [58], [89]

E-commerce [50], [66], [76]

Cross-domain [53], [64]

Micro-blog [49]

Manufacturing [52]

IoT Services [62]

Commodity entities [85]

Healthcare [77]

TABLE V. QUANTITATIVE METRICS USED PER ARTICLE (FIRST PART). THE INCLUDED METRICS ARE MEAN ABSOLUTE ERROR (MAE), ROOT MEAN
SQUARE ERROR AND MEAN SQUARE ERROR (R-MSE), PRECISION (PREC), RECALL (REC), F1-SCORE (F1), NORMALIZED DISCOUNTED CUMULATIVE
GAIN (NDCG), HIT RATIO (HR), AVERAGE OVERALL RATING (AOR), ROC CURVE (ROC), AREA UNDER CURVE (AUC), ACCURACY (ACC), MEAN

AVERAGE PRECISION (MAP), COVERAGE RATE (CR), EXECUTION TIME (ET), CORRECT RATE OF PRETEST AND TEST QUESTIONS (CRPTQ),
COMPARING THE SUCCESS RESULTS (CSR), BPR LOSS (BPR), DIVERSITY (DIV), MEAN PERCENTILE RANK (MPR), EFFICIENCY OF STUDENTS (ES),

AND MEAN RECIPROCAL RANK (MRR)
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[47] ✓

[48] ✓

[49] ✓ ✓

[78] ✓ ✓ ✓

[102] ✓ ✓ ✓ ✓

[50] ✓

[51] ✓ ✓ ✓

[52] ✓ ✓ ✓

[53] ✓ ✓ ✓ ✓

[54] ✓ ✓ ✓

[103] ✓ ✓ ✓ ✓ ✓

[55] ✓ ✓

[56] ✓ ✓ ✓

[57] ✓ ✓ ✓ ✓ ✓

[58] ✓ ✓ ✓

[79] ✓ ✓

[59] ✓ ✓ ✓

[60] ✓ ✓

[61] ✓ ✓ ✓

[62] ✓ ✓ ✓ ✓ ✓

[63] ✓ ✓

[80] ✓ ✓

[64] ✓ ✓ ✓ ✓

[65] ✓ ✓ ✓

[81] ✓ ✓ ✓ ✓

[82] ✓ ✓

[83] ✓ ✓

[84] ✓ ✓

[85] ✓ ✓

[66] ✓
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TABLE VI. QUANTITATIVE METRICS USED PER ARTICLE (SECOND PART). THE INCLUDED METRICS ARE MEAN ABSOLUTE ERROR (MAE), ROOT
MEAN SQUARE ERROR AND MEAN SQUARE ERROR (R-MSE), PRECISION (PREC), RECALL (REC), F1-SCORE (F1), NORMALIZED DISCOUNTED

CUMULATIVE GAIN (NDCG), HIT RATIO (HR), AVERAGE OVERALL RATING (AOR), ROC CURVE (ROC), AREA UNDER CURVE (AUC), ACCURACY
(ACC), MEAN AVERAGE PRECISION (MAP), COVERAGE RATE (CR), EXECUTION TIME (ET), CORRECT RATE OF PRETEST AND TEST QUESTIONS
(CRPTQ), COMPARING THE SUCCESS RESULTS (CSR), BPR LOSS (BPR), DIVERSITY (DIV), MEAN PERCENTILE RANK (MPR), EFFICIENCY OF

STUDENTS (ES), AND MEAN RECIPROCAL RANK (MRR)

Citation M
A

E

R
-M

SE

Pr
ec

R
ec

F1 N
D

C
G

H
R

A
O

R

R
O

C

A
U

C

A
C

C

M
A

P

C
R

E
T

C
R

PT
Q

C
SR

B
PR

D
IV

M
PR

E
S

M
R

R

[67] ✓ ✓ ✓

[86] ✓ ✓ ✓

[87] ✓ ✓

[88] ✓ ✓ ✓

[69] ✓ ✓

[89] ✓ ✓

[90] ✓ ✓

[104] ✓ ✓

[91] ✓ ✓

[105] ✓ ✓ ✓ ✓ ✓

[92] ✓ ✓ ✓ ✓

[71] ✓ ✓ ✓

[72] ✓ ✓ ✓

[93] ✓ ✓

[106] ✓ ✓ ✓ ✓

[73] ✓ ✓

[74] ✓

[75] ✓ ✓ ✓

[76] ✓ ✓ ✓

[94] ✓ ✓ ✓

[95] ✓ ✓ ✓

[96] ✓ ✓

[97] ✓ ✓

[107] ✓ ✓ ✓ ✓

[98] ✓ ✓

[99] ✓ ✓ ✓

[77] ✓ ✓ ✓ ✓ ✓

[100] ✓ ✓ ✓

[101] ✓ ✓ ✓ ✓ ✓ ✓

[108] ✓ ✓ ✓ ✓ ✓

TABLE VII. QUALITATIVE METRICS USED PER ARTICLE. THE INCLUDED METRICS ARE USER SATISFACTION (SATISFACTION), AND RECOMMENDATION
EFFECT ANALYSIS (REA)

Citation Satisfaction REA

[54] ✓

[60] ✓

[88] ✓

[70] ✓

[76] ✓
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