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ABSTRACT

A new search paradigm is continuously evolving, with users' perspectives on
information searching shifting from searching for information to receiving
information. One of the new methods of receiving information is through
recommender systems (RS). RS have proven to be successful in many traditional
domains including tourism and books. The group recommender system (GRS) and
individual RS challenges are triggered by the limited and incomplete number of user-
item ratings. The data sparsity problem emerges because of this incompleteness. Data
sparsity in a group has a negative impact on the quality of recommendations made to
the group. It occurs due to inefficient group formation, which commonly involves
individuals with sparse user profiles. Most current research focuses on this issue after
group formation. However, this study concentrated on data sparsity at the individual
level prior to the group formation process, with the idea that addressing data sparsity
at the individual level would be more efficient. The main goal is to design a cross-
domain approach leveraging Linked Open Data (LOD) technology to ensure that data
sparsity issues can be addressed before the group formation process is conducted.
Thus, by reducing data sparsity in user profiles, this study will benefit in improving the
quality of recommendations to the group. Hence, the cross-linked domain model is

Keywords: proposed to be adopted in following process of collaborative GRS. The model
group recommender system; cross- designed in 4 phases: (i) proposing an approach of cross-domain with LOD in
domain; linked open data; collaborative collaborative GRS, (ii) designing cross-linked domain model, (iii) adopting cross-linked
filtering domain model into collaborative GRS, and (iv) performance evaluation.

1. Introduction

The recommender system (RS) is a subclass of information filtering systems that aims to assist
the user's search behavior by recommending items that optimally meet their interests and
preferences. Recommender systems for groups of users, commonly referred to as group
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recommender systems (GRS), are gaining significance as a range of information demands develop
from group and social activities such as traveling, watching movies, attending sporting events, and
listening to music. Furthermore, according to Felfernig et al., [1], compared to conventional RS, GRS
is still a relatively new field, with few notable commercial applications discovered. Even though
research focusing on the recommendation to a group of users is still limited [2], the current curve of
trend has seen a high demand for such recommendation applications. Sparsity complicates the
crucial task of determining similarity between two users and leads to the recommendation of
ineffective collaborative filtering. The process of resolving the issues in a RS begins with analyzing the
level of sparsity in the system. One method is to use cross-domain recommender systems (CDRS)
approaches that take advantage of user preferences in various source domains to alleviate sparsity
in a target domain. It is capable of retrieving information from one or more domains [3], and
establishing connection or knowledge transfer among domains supports recommendations [4].

GRS continues to find it challenging to provide reliable recommendations when data is limited.
[5]. This situation has arisen due to the affiliation between insufficient data and the groups formed
in the GRS. Groups cannot be formed properly if user preferences data in user profile is incomplete.
Thus, emphasizing insufficient data in the group profile is a significant practice in offering quality and
relevant recommendations for groups [5]. Grouping or clustering is a type of classification that is
significantly affected by the sparsity of data. While diverse efforts have been made to address data
sparsity issues in RS, the impact on GRS remains a major concern. When data is scarce in user profiles,
GRS continues to struggle to provide reliable recommendations.

Current GRS research works addressed data sparsity issues after group formation, such as work
by Pujahari and Singh [6], denoting that the data sparsity issue is encountered between groups.
However, the study's hypothesis is that it would be more efficient if the issue of sparsity was resolved
prior to group formation, i.e. at the level of individual users. While many approaches for dealing with
data sparsity have been presented, such as recursive filtering approaches [7], artificial neural network
[8] and data imputation approaches [9], little work has been done for GRS.

Therefore, applying the approach through cross-domain integration with Linked Open Data (LOD)
technology is proposed to assure that the data sparsity challenges can be resolved prior to the
implementation of the group formation process. In a nutshell, our work makes the following
contributions:

i We propose a cross-linked domain model that applies the cross-domain with the LOD
technology in enriching the item information to be applied in collaborative GRS.
ii. We presented an approach utilizing similarity-based DBpedia attributes ('dbo:director’
and 'dbo:starring') for movie domain while 'dbo:musicComposer' for music domain.
iii. We highlighted challenges based on our experience and experiment in exploiting linked
data and cross-domain throughout the mapping and extraction of data resources.
The rest of this paper is organized as follows. Section 2 outlines related works. While, in section
3 for methodology, we detailed our research framework model. Section 4 elaborates on experimental
and discussion of our current phase. Finally, the conclusion is presented in section 5.

2. Related Work

Most current studies utilize cross-domain [10,11] and LOD technology [12-14] in RS for individuals
to tackle the data sparsity issue. Several past studies have utilized both approaches and have been
demonstrated in the individual RS in various sector, such as education [15] According to the review
of the literature, no study has been conducted that focuses on the prior of group formation in GRS
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using a cross-domain approach with LOD technology. Furthermore, the GRS study that used LOD
technology and cross-domain separately did not focus on the aspect of GRS group formation. Such
as study by Liang et al., [16], utilize cross-domain in aggregation strategy, which involve with the
group modelling. Hence, this study was designed to explore whether the use of LOD technology with
cross-domain approach can improve the quality of recommendations to the group. It can be
implemented by reducing data sparsity in user profiles prior to group formation. Thus, an overview
of the scope of the study involved is provided.

2.1 Recommender System

RS aims to filter enormous volumes of information for users, delivering them with information
that is based on their preferences or needs. It is used to provide suggestions to users regarding which
information is the most relevant [17]. It also has become considered an essential component of a
variety of domains ranging from e-learning, movies, tourism, books, e-commerce, and news to
research articles. Methods in RS can be generally categorized into three types: the Collaborative
Filtering method (CF), the Content-Based method (CB) and the Hybrid method [5]. The CF method
makes the recommendations by learning from user-item historical interactions. These interactions
can be either implicit feedback or explicit. Content-based systems rely on comparisons between
items and user information. Content-based approaches use additional information about users
and/or items to produce suggestions, as opposed to collaborative filtering methods that just depend
on user-item interaction [18].

One of the most successful techniques used by RS is the CF technique, which filters information
by leveraging the recommendations of other similar users. However, CF has limitations relating to
data sparsity of user-item matrix and scalability. Cold-start, low variety, scalability and using
contextual information are some other common challenges in RS. Although most RS research is
concerned with providing recommendations to single users, there are some other scenarios in which
the system would have to provide items to groups of users. Precisely, it is referred to as GRS.

2.2 Group Recommender Systems

GRS are designed in response to the need to provide a set of recommendations to a group. GRS
approaches typically involve a three-step process; (a) Group formation — identification of users with
similar preferences as group members, (b) Group modelling — aggregation of group members’
preferences; and (c) Prediction — prediction of unrated items. In the context of GRS, groups can be
classified for the group formation, in several ways depending on different factors relating to their
members, such as the types of preferences or the reason for the group's formation [19]. Some of the
previous studies apply clustering techniques such as K-Means [20,21] to cluster the user in order to
form the groups.

The preferences of the members of the group formation can be considered by two: homogeneous
group and heterogeneous groups. While, it depends on how the group is created, either one of these
types: established groups, occasional group, random group and automatically identified group. A
method called aggregation strategy is used in the second step, group modelling, to combine
individual preferences (Figure 1). Aggregation strategies are commonly derived from the social choice
theory introduced by Masthoff [22]. Among the aggregation strategies are average strategy, average
without misery, least misery, etc.
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Fig. 1. Collaborative filtering for groups based on aggregated members’
ratings

2.3 Cross-Domain Recommender System

Zhu et al., [23] provide a definition of the concept of ‘domain’ from three different perspectives:
content-level relevance, user-level relevance, and item-level relevance. Essentially, all three of them
enhance the target domain by leveraging the source domain, with varying degrees of overlaps in
features such as content, user, or item. Among approaches which considered overlapping between
source and target domains, user overlapping approaches are particularly prevalent [24]. While many
conventional recommender systems rely on collaborative filtering within a single domain, certain
systems, such as those found on online marketing platforms, encompass multiple domains including
books, video games, business, music, movies, apparel, and a few more. In such systems, information
aggregation or transfer from other domains can be used instead of generating individual
recommendation models [24]. These RS are known as cross-domain recommender systems (CDRS)
considering they use recommendations from multiple domains.

Conventional approaches to CDRS can be broadly classified into two categories [10]. One category
of methods aggregates information across different domains. While the other type of the CDRS is
aimed at transferring knowledge from the source domain to the target domain via shared latent
features or rating patterns. Cantador et al., [25] note that domains can be specified at four levels: (a)
attribute, (b) type, (c) item, and (d) system. Cross-domain approaches have mostly been researched
to improve recommendations in a target domain where user preferences are scarce. A frequent
approach for coping with these challenges is to augment the available knowledge in the target
domain with knowledge from the source domain. Thus, overlapping data exchanges between
domains are required to provide these types of recommendations. This approach seeks to construct
explicit or implicit knowledge-based connections between domains.

CDRS has come to light as an intriguing solution to the cold start and data-scarcity issue facing RS.
[10]. It seeks to alleviate the lack of data by utilizing user preferences and item attributes in domains
that are distinct but related to the target domain. Hence, it improves recommendations of items to
users in the target domain by utilizing patterns of preferences in a source domain. Gahier and Gujral
[18] have discovered in their works that user reviews, books, television shows, movies, and music are
the most frequently adapted domains in CDRS.

2.4 Linked Open Data
LOD is a successful realization of data connections on the Web. It incorporates heterogeneous

data from various sources across organizations to generate new knowledge and enable powerful
services and applications [26]. Large amounts of semantic data are being generated for the content
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to be freely shared and used. As a result, the adoption of LOD has resulted in numerous benefits for
various application sectors, including transparency, discoverability, accessibility, reusability, and
interoperability. LOD datasets provide additional data that can be integrated into several domains
(e.g., film) to augment item information [27]. Thus, LOD may be useful when the amount or quality
of available datasets is insufficient. RS can efficiently use LOD to address common difficulties like cold
start and sparsity. Even though it has been widely implemented in conventional RS from many
perspectives [28-30], the LOD technology approach in GRS is still underexplored.

2.5 Cross-Domain Recommender System for Group

The literature survey reveals that numerous studies have been conducted on the CDRS. However,
currently, we have only discovered two studies that employ cross-domain in GRS, as indicated in
Table 1. However, the combination of cross-domain recommendation with collaborative filtering
approaches and LOD has not been attempted, according to as we are concerned. The utilization of
cross-domain in GRS has not been fully realized, in contrast to its widespread adoption in individual
RS. Domains such as movies, restaurants, and tourism are likely to be used more regularly by more
than one user with preferences. Liang et al., [16] state that different cross-domain solutions are
frequently created for specific RS and cannot be directly implemented in the context of generalized
recommendation systems. When building a new solution to address the shortcomings of GRS, it is
essential to consider the underlying process of GRS.

Table 1
A summary of existing works regarding the cross-domain group recommender system
Author Method/ framework Domain/ dataset
Liang et al., [16] HAN-CDGR 1. Mafengwo (tourism)
2. Yelp (restaurant dataset)
3. CAMRa2011 (movie)
4. MovieLens1M
5. MovielLens25M
6. MovielLens-Simi
Richa and Bedi [31] CDGRS with a Tourism and its sub-domain, including restaurants,

Generalized aggregation strategy hotels, and others.

We are at this point discussing a finding that has been achieved based on the most recent
literature, as summarized in Table 1. Data sparsity in GRS is a widely recognized problem that Liang
et al., [16] proposed a new solution for, known as the "hierarchical attention neural-network-based
cross-domain group recommendation method (HAN-CDGR)". The proposed method yields superior
results compared to the other baseline methods selected by Liang et al., [16] in the experiment. They
claimed that their works could provide decision-makers more freedom to select the ideal aggregation
approach based on realistic decision scenarios. While Richa and Bedi [31] introduce the cross-domain
method and CDGRS to address the severe issues of cold-start and data sparsity in the target domain
of GRS by utilizing the knowledge from the source domain. Delhi's restaurants, tourist attractions,
shopping areas, and accommodations in Delhi are all included in four subdomains of the tourism
dataset. "Zomato", "MakeMyTrip", "TripAdvisor", "Delhi Tourism", and "ShopKhojc" websites are
used to gather information about restaurants, hotels, tourist destinations, and shopping locations.
Their study focuses on the context of trustworthiness within the group.
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3. Methodology

Our proposed method exploited the cross-domain and LOD information to enrich the data.
Hence, it may further improve the effectiveness of the clustering in group formation. Figure 2
represent the research framework that will be utilized in this study. It consists of the development of
cross-linked domain model and its implementation in collaborative GRS.
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Evaluation metric
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Fig. 2. Framework of the proposed study

Phase 1 referring to the initial task in proposing an approach of cross-domain with LOD
technology. It involves the requirement study and comparative analysis within the area of research
proposed. A thorough literature review of promising algorithms for developing the cross-linked
domain model in group recommender systems with collaborative filtering is carried out. It signifies
investigating source and target domain linking techniques as well as analysing potential algorithms
to be used in cross-domain with LOD. For this work, we focused on the movie domain and aimed to
enhance the original sparse movie dataset by using our proposed framework. The aim was to reduce
the sparsity of the dataset. Conversely, the study will focus on the music as the source domain. The
supplementary information retrieved from the music domain is intended to be transferred to the
movie target domain.

For the second phase, it covers the task of extracting domain item information from the linked
dataset, which connect items and concepts in the source and target domains. Figure 3 depicts the
task involved in this stage. This phase is regarded as the core phase since it represents the main
effort in constructing the proposed model for this study. This work also requires the data mapping to
extract the data from the LOD dataset. The algorithms for computing semantic similarities and
ranking and filtering items in the target domain will also be developed. Thus, it needs to identify the
bridges as the technique across domains to transfer information. Finally, data integration based on
the linked domain will be implemented. The task will be to enrich the sparse target domain by
exploring a potential collaborator represented by a group of users/items from a source domain.

While the third phase pertains to the integration of the cross-linked domain model into the
collaborative group recommender system. The first task in this phase would be constructing a GRS
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based on the collaborative filtering technique. It involves with the component 2 (group formation)
and component 3 (group modelling). We will use the neighborhood-based clustering with k-Nearest
Neighbor algorithm to form groups. This strategy groups homogeneous users into an automatically
detected group and references to the second component. The primary idea behind neighbourhood-
based clustering is to identify similarities between users. It reflects each user's neighbourhood, which
includes the other users who are most similar to him/her.

ETorget Domain v
MR
i »

Mapping

s

Enhanced Data in Target Domain

Fig. 3. Process enhances the target domain

We assume that two people have comparable interests and are similar if they rated the movie
similarly. While we will employ user profile aggregation and average strategy to combine all the
preferences of a group's members. A brief description of the average strategy, which Grel(G, i)
represents the group preferences for the item i, Relyi is the user preference u for the item i, and the
group preferences is represented by G. The proposed model, which refers to a cross-linked domain,
will then be adopted in the collaborative GRS for the group prediction.

Grel(G,i) = % (1)

In the last phase, The SVD algorithm with five-fold cross-validation will be applied to generate the
prediction for the GRS. For evaluating the overall performance of the model that has been proposed,
two types of metrics will be used: error metrics for measuring the prediction accuracy of the
proposed model, and relevancy measurements for assessing the relevance of the recommended
items to groups.

4. Experiment and Discussion
4.1 Experimental Setup

The Movielens 1 million (ML1M) rating dataset was utilized to assess the effectiveness of the
proposed method in collaborative RS. The ML1M dataset includes 1 million anonymous ratings of
3900 movies across multiple genres from 6040 individuals who joined in 2000. The dataset ensures
each user receives at least 20 ratings. We employed the linked dataset to obtain further movie
information from DBpedia. DBpedia is a LOD platform that establishes connections between movies
and their associated information in two domains explored in this study: music and movie. Due to the
restricted data in the movie target domain, we employed LOD technology to extract supplementary
movie-related attributes such as 'director' and 'starring' that pertain to the same movie domain. We
utilize the mapping dataset by Noia et al., [32] to map the 'title' feature in the ML1M dataset to the
DBpedia for the purpose of data extraction of 'starring' and 'director'. The cypher queries used to
split actor names and add 'starring' nodes to link to the movie nodes are shown in Figure 4.
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FOREACH (starringName IN split(row.Starring, ',') |
MERGE (s:Starring {name: trim(starringName) })
MERGE (s)-[: STARRED_IN] ->(m)

Fig. 4. Cypher queries in linking the movie nodes

We also utilized the cross-domain feature by utilizing the ‘composer’ attributes of the related
movies in the music domain. Further resources could be iteratively connected and expanded based
on the selected attributes. Table 2 presents a summary of DBpedia properties with linked domains
applied in this study. Movies domain in DBpedia, for example, provide essential details such as star
cast and director while music provides the composer of the film song with the main resource is the
movie title. As illustrated in Figure 5, additional information about the actor who starred in the movie
can be explored through the LOD (e.g., the relation 'dbo:starring' exist between 'Robert Duvall' and
film 'Godfather:Part Il, The (1974'). The relation data could be extended to the other cross-domain,
in which here we employ music domain (e.g., the relation 'dbo:musicComposer' exist between 'Nino
Rota' and film 'Godfather:Part Il, The (1974').

For this study, directors who have directed at least three movies and actors who have starred in
at least three movies for all rows in the ML1M dataset were extracted, respectively. Algorithm as in
Figure 6 outlines the main steps and functionalities of retrieving director, starring actors, and music
composer information from DBpedia using SPARQL queries. While in Figure 7 outlines some steps of
the Cypher query in a structured, procedural manner, making it easier to understand the logic
without the actual Cypher syntax. Each step is represented by a function to initiate the action.

Table 2
Attributes from DBpedia for movie and music domain
Domain and attribute DBpedia property
Movie-director dbo: “director”
Movie-actor dbo: “starring”
Music-composer dbo: “musicComposer”
Movie A
dbr:Ron Howard )«dbo:director—( dbr:Backdraft (1991) }—dbe:starring~ r.Jenn! er
Target Jason Leigh
Domain dbo:starring |

dbo:movie

dbr:Robe !
De Niro \
> dbr:Fast Times at
dblq:mowe \ Ridgemont High (1982),

dbr:Godfather: Part

\ |
AL The (1974) / \ dbo:d‘}rector
/ . !
dbo:starring dbr:Amy
:jbr:Robe Heckerling

Duvall

dbo;movie dbo:movie

dbr:Falling dbr:Sling Blade
Down (1993) (1996) \
|

dbo:musicComposer dbo:musicComposer dbo:musicComposer  dbo:musicComposer MUSIC

Source

v \ A
dbr:James Newton Domaln
doritino Rota " Howard dbl_r;[n)sir:el dbr:Hans Zimmer

Fig. 5. Connection of cross-domain based on DBpedia attribute

40



Journal of Advanced Research in Applied Sciences and Engineering Technology
Article in Press

Algorithm 1

Input: Movie Lens 1 million (ML1M) dataset and a mapping file

output: An enhanced ML1M dataset with three LOD and cross-domain
features (‘director’s& ‘starring’ >= in 3 movies and respective ‘music
composer’)

START

1. Load MLIM dataset and the mapping file which consists of movie
title and DBpedia URI

2. Create empty columns for directors, starring actors, music
composer, and DBpedia URIs in ML1M dataset

3. Create an empty list to store enriched movie data

4. Get corresponding DBpedia URI if movie title exists in mapping
file

5. Append (movie_title, dbpedia_uri) to enriched movie data list

6. Define batch size and calculate number of batches based on
enriched movie data list length

7. Get batch data for each batch in the batches

8. Process batch data using pool.map to retrieve director,
starring actors, and music composer information from DBpedia

9. Update MovieLens dataset with retrieved information and write
enriched dataset to a Csv file

END

Fig. 6. Algorithm in retrieving director, starring actors, and music
composer information from DBpedia

Algorithm 2

Input: An enhanced ML1M dataset with three LOD and cross-domain
features (‘director’s& ‘starring’ >= in 3 movies and respective ‘music
composer”’) .

Output: Neoc4j user-movie graph visualization with the linkage of
‘Music Composer’, ‘Director’ and ‘Starring’ LOD features
START

1. LOAD_CSV_WITH HEADERS_FROM FILE(csv file_path)

2. ADD random TO row AS random IF row.Director IS NOT NULL AND
row.MusicComposer IS NOT NULL FOR EACH row IN csv_data;

random = GENERATE_RANDOM_ NUMBER()
3. SORT rows BY random
4. CREATE_USER_IF_NOT_ EXIST (row.UserID)
S. CREATE_MOVIE_IF_NOT_EXIST (row.MovieID)
6. IF movie_is_created
SET_MOVIE_PROPERTIES (row)
END IF
7. CREATE_DIRECTOR_IF_NOT_EXIST (row.Director)

8. CREATE_RELATIONSHIP DIRECTOR_TO MOVIE (row.Director,
row.MovieID)

9. FOR EACH starringName IN SPLIT(row.Starring, ',')
CREATE_STARRING_IF NOT_EXIST (starringName)

CREATE_RELATIONSHIP_STARRING_TO_MOVIE (starringName,
row.MovielID)

END FOR
10. CREATE_MUSIC_COMPOSER_IF_NOT_EXIST (row.MusicCemposer)

11. CREATE_RELATIONSHIP_MUSIC COMPOSER_TO_MOVIE (row.MusicComposer,
row.MovieID)

12. CREATE_RELATIONSHIP USER_TO_MOVIE (row.UserID, row.MovielID)
SET_RATING (row.Rating)

END

Fig. 7. Algorithm in forming a Neo4j user-movie graph visualization with
the linkage of ‘Music Composer’, ‘Director’ and ‘Starring’ LOD features
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The knowledge graph for the ML1M, which depicts the interconnection of three extracted LOD
features, is visually represented in Figure 8. This graph which builds in Neo4j environment helps
illustrate how different entities interact. The diagram showcases a variety of nodes and relationships,
representing different entities and their interactions within applied dataset. We can observe the
nodes (which are distinguished by their respective colours) and the relationship between three
additional linked attributes that are cross-domain from the movie and music. The relationship
between the movies can be observed in this visualization, which increases the likelihood of item
similarity. The varying sizes of node groupings (such as having more actors in leading roles compared
to directors) offer valuable information into the composition of the dataset. A large number of
"starring" nodes indicates an extensive and diverse cast of actors in the movies, which is a common
characteristic in film industry.

Overview

Node labels

E D) (User(99)

Relationship types

Fig. 8. ML1M user-movie knowledge graph visualization with the linkage of three
extracted LOD features

4.2 Discussion Analyzation

We believe that the CDRS, through the utilization of LOD technology with publicly accessible data
from DBpedia, guarantees the efficacy of a recommender system capable of providing pertinent
recommendations to user groups. Linked data will enhance the recommendation engine by
integrating data from other domains, offering universal access to data, and showcasing semantic
connections between different entities.

LOD dataset such as DBpedia has accumulated vast amounts of data, making it a valuable
resource for enriching user profiles, and improving recommendation systems. However, there are
still obstacles to overcome throughout the process, in spite of the fact that motivation is worthwhile.
During phases 1 and 2, we encountered two main difficulties extracting data from DBpedia, especially
when dealing with cross-domain information such as music composers from music domain. The first
challenge is data that is inconsistent or incomplete. Despite the substantial quantity of information
pertaining to different domains that has been added to the LOD cloud, there are still issues with
inconsistencies, errors, and missing data [33]. Nawi et al., [34] also raises this issue in their work and
stated that data quality concerns issues such as inaccuracy, incompleteness, and inconsistency entail
significant restrictions on the data’s optimum utilization. Since DBpedia depends on community
contributions and Wikipedia extraction, inconsistent or incomplete data may arise. Certain movies
do not have any information about the soundtrack's music composer, which leads to missing data
points.
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The second challenge is related to data connection, alignment, and integration. Fixing entity
connection and alignment problems is necessary for integrating data from DBpedia (‘Director’,
‘Starring,” and ‘Music Composer’) with other sources or datasets such as ML1M. Especially when
working with heterogeneous data sources, ensuring consistency and compatibility across datasets
can be difficult. Entity mapping can be challenging and prone to mistakes across several knowledge
graphs or datasets. We initially faced a challenge in performing data mapping between ML1M dataset
and DBpedia for data extraction and enrichment. Still, we were able to use a publicly available
mapping dataset produced by other notable researchers regarding LOD and recommender systems.
The issues outlined above may have an impact on data analysis thus, affecting uniformity and
consistency.

We evaluate our approach on two real-world datasets from the domains of music and movies.
Our work presents approaches that have the potential to apply to other domains and data sources
to ensure scalability and adaptability since LOD itself contain information from multiple domains.
Changing data sources based on the field to the other practitioner would provide valuable, and
essential data. The use of rich LOD across domains has lately received attention in RS. We are also
aware that previous works [11,35-37], that used both cross-domain and LOD approaches in individual
RS produced positive results. This pushes us to conduct more study in the context of the group and
how it will deliver meaningful recommendations to the group.

Our focus on dealing with sparsity issue with the applying our proposed cross-linked domain
model. The quality of the recommender system decreases when no ratings received, or insufficient
information is provided [38]. Currently, we are in the phase of studying the process of integrating our
model with the enriched dataset into the GRS. We wish to demonstrate how our proposed approach
might lessen sparsity to achieve better group formation and generate efficient recommendation.

4. Conclusions and Recommendations

A variety of methods have been utilized to enhance the efficacy of user recommendations in the
cross-domain individual recommender system. Considering the recent popularity of LOD technology
in addressing the RS problem for individuals, it would be advantageous to also apply LOD technology
in CDRS for groups to solve the issue of data sparsity before forming the groups, as we are currently
exploring. Therefore, we consider our study to be an initial advancement towards an emerging stage
of cross-domain with LOD-enabled, as it has the potential to be applied to other unexplored aspects
in GRS. In our future research, we will explore the contextual factors involved in explaining
recommendations to groups. This will help group members better comprehend the recommended
items generated by the system.
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