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Abstract—The emergence of Digital Twins (DT) in Industry
4.0 has enabled the decision support systems taking advantage
of more effective recommendation systems (RS). Despite the
RS’s growing popularity and ability to support decision-makers,
these face two significant challenges, cold-start and data sparsity,
which limits the system’s capability to provide effective and
accurate decision support. This paper aims to address these
issues by conducting a literature review, analysing the current
research landscape, and identifying the main enabling methods,
algorithms, and similarity measures to mitigate these challenges.
The performed analysis enables the point out of future research
directions for developing effective and accurate RS that empower
decision-makers.

Index Terms—Digital Twin, Cold-Start, Data Sparsity.

I. INTRODUCTION

HE Digital Twin is one of the new technologies that

emerged within the fourth industrial revolution, support-
ing the digital transformation and enabling decision support.
Decision support is one of the main functionalities of the
Digital Twin [1], [2], encompassing capabilities like diagnosis,
monitoring, and prognosis. The term decision support can be
defined as the action of supporting people in making decisions
[3]. Within this functionality lies the general discipline of
decision-support systems (DSS), which can be defined as
an interactive computer-based system with the main purpose
of helping decision-makers use data and models to identify
and solve problems and make decisions. The DSS comprises
various information systems, such as executive information
systems, executive support systems, expert systems, and rec-
ommendation systems (RS) [3], [4].

RS is a DSS which contributes to aiding decision-makers
in selecting relevant options based on their preferences, be-
haviour, and item data, serving as an intelligent DSS providing
personalised recommendations [5], [6]. The RS evolved as an
independent research field in the mid-70s, but only in the mid-
90s, the first approaches started to appear [7], [8]. Recently,
RSs have been widely applied in various applications, from
e-commerce to entertainment, demonstrating their potential in
enhancing systems performance [9], [10]. The core function-
alities of the RS rely on three types of feedback: explicit,
implicit, and hybrid. The explicit feedback related to the

decision-makers direct communication of their preferences is
reliable and transparent, leading to accurate recommendations.
The implicit feedback is inferred from the decision-maker’s
behaviour, making it less precise. Lastly, hybrid feedback
combines the two previous feedbacks, potentially enhancing
the accuracy of the systems [11].

However, despite the increasing popularity and effectiveness
of RS, two significant challenges affect their ability to perform
decision-support, the Cold-Start and the Data Sparsity prob-
lems [12]-[15]. The cold-start problem is one of the most com-
mon research problems in the RS, defined as when a new user
or a new item enters the system and still has no activity, and
the system cannot provide recommendations. Data sparsity is
the second most common challenge in RS, occurring when the
system lacks a sufficient amount of decision-maker feedback
to perform recommendations accurately. Both challenges pose
serious concerns to the business value of RS since users affect
the effectiveness, as well as user adoption and engagement.

While existing research exploring the mitigation of cold-
start and data sparsity problems in RS through the proposal
of different approaches, this paper aims to contribute to the
field by analysing the current scientific landscape through
a literature review. This will allow to identify the enabling
methods used to address these challenges and establish future
research directions based on the state-of-the-art assessment.
With this in mind, it was possible to define four main research
directions for the mitigation of cold-start and data sparsity re-
lated to combining enabling methods, the development of new
similarity measures, the application of artificial intelligence
(AI) based algorithms, and the explainability of RS.

The paper is organised as follows: Section II provides
the context and related work, focusing on recommendation
approaches and the key challenges faced by the RS, identifying
the challenges that need further research, that is, cold-start and
data sparsity. Section III presents a literature review analysis
of the recommendation approaches to mitigate the cold-start
and data sparsity. Section IV discusses the future research
directions for the RS field, focusing on the cold-start and data
sparsity problems. Finally, Section V concludes the paper.
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II. CONTEXT AND RELATED WORK

The role of DSS within the Digital Twin technology has
undergone significant advancements to offer automated, user-
centred, and intelligent decision support [1], [2], [4]. The RS
falls into the cooperative DSS category, enabling the decision-
maker cooperation to refine the recommendations [16].

A. Recommendation Systems Approaches

The effectiveness of an RS in making proper recom-
mendations depends on the approaches used to determine
items/scenarios that match the user’s preferences and needs.
Figure 1 illustrates the classification of the recommendation
approaches.
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Fig. 1: Classification of RS approaches.

There are two main recommendation approaches: traditional
and social. Traditional RS ignores social interactions among
users and relies only on rating data. This includes approaches
such as Collaborative Filtering (CF), Content-Based Filter-
ing (CBF), Hybrid Approaches (HA), Demographic Filtering
(DF), and Knowledge-Based Approach (KBA). On the other
hand, social RS uses measurable social networks or rela-
tionships, combining rating, trust, and social data, to make
recommendations, being one of the approaches the Trust-based
Recommendation (TBR) [8].

The CF approach is a popular and well-established tech-
nique used to generate recommendations, and its operation
is based on users who share similar interests in one domain,
who will likely have similar preferences in other domains.
There are two main categories, the Memory-based CF and
Model-based CF. Memory-based CF uses the rating matrix
and similarity measures to generate recommendations, while
Model-based CF relies on a mathematical model to predict
user ratings. Memory-based CF can be further divided into
two categories, the User-based CF, which recommends similar
items based on similar user preferences, and Item-based CF,
which recommends similar items based on past user prefer-
ences [5]-[8].

The CBF approach is a straightforward recommendation
model based on unique features or attributes of the items

to make recommendations. This approach employs two tech-
niques: classifier-based and neighbour methods. The classifier-
based method uses a classifier to evaluate an item’s content
and determine whether or not it should be recommended.
Meanwhile, the neighbour method creates a network of items
based on rated items to uncover user interests [6]-[8], [17].

The HA approach was developed to overcome the scalability
and sparsity limitations of CF and CBF, by combining multiple
approaches to yield superior recommendation performance.
Seven hybridisation techniques exist, including weighted hy-
bridisation, switching hybridisation, and cascade hybridisation,
among others [5], [6].

The DF approach uses the user’s attributes, e.g., age, gender,
address, education, and employment, to make recommenda-
tions based on the demographic classes. This considers the
common or similar personal attributes between users to infer
these are likely to have preferences for similar users [17], [18].

Lastly, the KBA approach is domain-specific and uses
explicit or domain knowledge from the users to produce
personalised recommendations. To perform recommendations,
it is possible to employ three types of knowledge: about the
users, the items, and the matching between them. One of the
main advantages of this approach is that it does not suffer
from ramp-up/cold-start and rating sparsity problems [18].

The social RS operates on social networks founded on trust,
friendship, membership, and following relationships. These
RS can be classified into three categories: Explicit-Based,
Memory-Based, and Model-Based. Explicit-based methods are
dependent on explicit user connections on social media, while
memory-based methods use memory-based CF models to
obtain missing ratings. The model-based methods, on the other
hand, use matrix factorisation, and the fundamental idea is that
socially connected users influence user preferences [19].

The TBR approach has proven to be a highly effective social
RS, utilising trust as a mean of measuring user relationships
[19], [20]. In dynamic and decentralised environments, trust
is an essential factor in the decision-making process [21].
Trust can be categorised into two distinct types, context-
specific interpersonal, which is the user trust in another user
regarding a specific situation, and system-impersonal, which
describes the user trust over the system itself [22]. This
approach uses trust-related information to generate individual
recommendations, taking into account the trustworthiness and
reliability of users, items, and other entities involved. Trust
information is extracted from social trust networks created
by users. By using trust in recommendation approaches is
possible to build new user relationships, increase connectivity,
and solve challenges such as data sparsity and cold-start [5],
(81, [23].

Table I compares the advantages and disadvantages of the
presented RS approaches.

CF is a good approach when there’s a lot of data, but it
struggles when recommending new users or items or when
there are not many user ratings. CBF can recommend even
without ratings, but it needs detailed descriptions of the items.
This approach also has trouble recommending for new users or
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TABLE I: Advantages and disadvantages of each recommendation approach (adapted from [8]).

| Approach | Advantages

Disadvantages

Very easy to implement and understand

New data added easily

High quality recommendation in social networks
Independent from the item content

Highly dependent on user ratings

Suffers from new-user and new-item cold-start problem
Poor performance for sparse data

Limited scalability for large datasets

¢ No over-specialisation problem Limited recommendation diversity
Domain-independent approach Prone to shilling attacks
User independence Harder to have feedback from the users
Transparency on recommendation explanation Overspecialisation problem
Good at recommending new items Difficult to generate attributes for items
CBF No dependency on historical user-items interactions Suffers from new-user cold-start
Recommendation quality increases over time, and user usage | knowledge of the field is often necessary
g Mitigates limitations of CF and CBF Costly implementation
£ Better prediction performance Increased implementation complexity
"g HA Combines strengths of different approaches Difficult to provide a recommendation explanation
= Provides diverse and balanced recommendations Hard to compare recommendation approaches
Personalisation based on user demographics Security and privacy of the user data
DF Provides targeted recommendations for user General and low-quality recommendations
No historical data and simple to implement Low adaptability to user changes
Does not have a ramp-up problem Complex knowledge engineering
KBA User independent Recommendation performance is static
Sensitive to preference changes Limited scalability and adaptability to new domains
= Alleviation of data sparsity and cold-start Limited for the new item cold-start problem
'g TBR Increase recommendation coverage and predictive accuracy | Accuracy can decrease depending on the number of connec-
2 based on the number of users tions to the source user

those whose preferences change quickly. HA combines CF and
CBF to tackle cold-start, data sparsity, and overspecialisation.
However, it can be complex to set up and explain. The
DF approach uses user demographic information to make
recommendations. It is easy to implement but requires personal
information and might lead to generic recommendations. In the
case of the KBA approach, it does not rely on user ratings, but
it requires a lot of work to set up the knowledge base. This
approach also does not offer much exploration of different
options. Lastly, the TBR improves accuracy by considering
trust between users; however, it struggles with defining trust
networks and recommending new items.

B. Key Challenges of Recommendation Systems

Although the RS are widely used to provide personalised
recommendations in various fields, e.g., e-commerce, health,
and entertainment, these still present significant challenges.
The general challenges associated with the traditional and
social RS approaches are as follows:

e Cold-start: relates to the lack of data on the new users
and new items in the RS and the inability to perform
accurate and reliable recommendations. This is the most
common problem in RS, which can be divided into
three categories: New Community/System, New Item, and
New User. The new community category refers to the
moment when a new system is launched and does not
have historical data from which it is possible to perform
reliable recommendations. The new item type refers to
introducing new items into the RS from which relevant
content information is available, but there is no rating
information. Lastly, the new user problem considers the

scenario where new users are introduced to the RS and do
not have information about interactions and rating history.
All these problems make it very difficult to generate
personalised recommendations [7], [24], [25].

o Data sparsity: the dataset used in the RS lacks suf-

ficient data to accurately identify similar users or items,
negatively affecting the recommendations’ quality. This
is a common challenge faced by RS that rely on peer
feedback. It is difficult to ensure that users rate enough
items during the recommendation process to guarantee
that their preferences are identified [24], [26].

Scalability: as more users and items are added, the data
input for RS grows quickly. To keep users engaged, the
RS needs to respond quickly, which is the main challenge
in designing efficient algorithms for small and large-scale
datasets. The availability of large amounts of information
has made this more difficult, leading to computation
difficulties for RS algorithms [24], [26], [27].

o Diversity: the system can suggest similar and contrasting

items. The current approach may limit users’ choices and
disregard other viable alternatives. This issue presents a
two-fold challenge, as prioritising diversity can poten-
tially lead to decreased accuracy. Two metrics assess-
ing this problem are surprisal and personalisation. This
matter is of significance as it avoids the prevalence of
popularity bias [24], [26].

Privacy: the recommendation process involves gathering
and retaining user data to create customised recommen-
dations. Given the sensitive nature of this information,
privacy measures are imperative. These measures can be
either interactive, allowing users to request and receive

Authorized licensed use limited to: b-on: Instituto Politecnico de Braganca. Downloaded on December 13,2024 at 16:23:15 UTC from IEEE Xplore. Restrictions apply.



data, or non-interactive, using a streamlined version of
the data for future operations [27]

e Shilling attacks: the vulnerability to manipulation by
malicious entities who inject fake or biased data. These
manipulations are carried out through “profile injection”
attacks, which rely on fake profiles to provide fraudulent
item ratings. Two types of attacks exist: push and nuke.
Push attacks artificially increase the popularity of an item,
while nuke attacks decrease it [7], [28].

e Accuracy: the capacity to accurately predict and recom-
mend relevant items to the users based on their feedback
and preferences. Factors like data sparsity, cold-start, data
quality, and scalability make it difficult to achieve that.
Improving the RS’s accuracy can lead to higher user
satisfaction and engagement [24], [26].

o Structured recommendations: the capability of an RS
to predict preference for sets of items. This includes
two challenges: first, the number of possible sets grows
exponentially with the group size, and second, selecting
the right score function for sets is unclear. This challenge
arises due to the need to incorporate additional constraints
and consider complex item relationships [27].

o Trust: being able to establish and maintain trust between
the users and the RS. This involves the users’ perceptions,
beliefs, confidence, reliability, fairness, and credibility of
the recommendations provided by the system. Trust in
the system can be influenced by several factors, including
transparency and explainability of the algorithms, trust in
other users of the system regarding their reputation and
credibility, and social factors [20], [29].

as previously referred, two of the main challenges that any
RS faces are the cold-start and data sparsity problems, which
require further research on efficient mitigation methods.

IIT. REVIEW ON COLD-START AND DATA SPARSITY

Understanding the current scientific landscape, the existing
approaches, and their limitations are essential for addressing
the cold-start and data sparsity challenges.

A. Scientific Landscape

The bibliometric study follows the methodology established
in [30] with the following search query:
TITLE-ABS-KEY(”cold-start” OR cold start”) AND (”data spar-
sity” OR “spars*”) AND (”recommendation system” OR “recom-
mender system”) AND PUBYEAR > 1999 AND PUBYEAR < 2024

Based on the performed query in the Scopus database,
1.430 publications were identified, supposedly focusing their
research on the cold-start and data sparsity problems for RS.
Considering only the English-written publications and those
in the final publication stage, the final dataset has 1.352
publications. Figure 2 illustrates the evolution of publication
classes and numbers over the timespan specified in the search
query based on this dataset of 1.352 documents.

The number of publications on the topic became more
prominent after 2009, showing a higher number regarding
conference papers, which was only surpassed in 2021 by
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Fig. 2: Evolution of publication classes and numbers.

journal publications. This can have two possible justifications,
the first being a direct consequence of the COVID-19 pan-
demic since this led to a shift in the publication strategies of
most research groups, and the second is directly linked to the
increase of the maturity of the research to be carried out on
these topics. Since 2018, the number of publications on these
challenges has stabilised. However, in the last two years, the
number of publications significantly increased, demonstrating
that the interest in mitigating these problems is still relevant
for the research community. The high number of journal
publications may be due to the recent growing importance of
RS in various sectors (e.g., e-commerce, streaming services,
and social media), so it is vital to address challenges like cold-
start and data sparsity.

To assess the patterns, trends, and relationships within the
research domain of the cold-start and data sparsity challenges,
an author keywords co-occurrence network was generated in
the VOSviewer software and presented in Figure 3.

Cluster 4

implct feedback
mf

Cluster 2

similaritygiEasures  scorimenkilysis,

‘ecomierce

coldgstart L

ondogy personalized regommendations

gen
big datz knowledge graph
e-leaming 9 Cluster 3

wit-tasklearning

S vosviewer

Fig. 3: Authors keywords co-occurrence network of the liter-
ature on cold-start and data sparsity problems in RS (Time-
frame 2000-2023; n= 2044 keywords; threshold of 10 occur-
rences per keyword, display 47 keywords), with four clusters.
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This author keyword co-occurrence network showcases four
distinct clusters, each revolving around a main topic: 'RS’,
"CF’, ’cold-start’, and ’data sparsity’. In Cluster 1 (Red),
the challenges are identified as the ’cold-start’, ’data spar-
sity’, and ’scalability’, alongside two proposed RS approaches
to mitigate these challenges 'HBF’ and 'CBF’. Cluster 2
(Green) focuses on mitigation techniques focusing on ’social
RS’, while Cluster 3 (Blue) highlights Al-based algorithms.
Throughout the network, a range of algorithms like ’k-means’,
'SVD’, ’autoencoder’, ’transfer learning’, ’cnn’, ’gcn’, and
‘knowledge graph’ were identified as mitigation measures.
Lastly, Cluster 4 (Yellow) identifies the conjugation of ’social
trust’ with approaches based on 'MF’ (matrix factorisation),
’PMF’ (probabilistic matrix factorisation), and also including
‘implicit trust. There are noticeable patterns in the network,
such as the application of Al-based algorithms, the use of
similarity measures, and trust relations/metrics to mitigate the
cold-start and data sparsity challenges.

B. Literature Review

Upon performing a high-level assessment of the dataset of
1.352 publications from the Scopus database, several studies
were identified that could help to mitigate the challenges
of cold-start and data sparsity. The reviews and theoretical
publications were removed (removing 19 publications) since
the focus of this study is to assess experimental approaches
that address these challenges. The scope in terms of timespan
was also narrowed towards more recent publications, focus-
ing on publications between 2013 and 2023 (removing 94
publications), resulting in 1239 publications. Only the journal
publications were considered (removing 693 publications),
resulting in 546 publications. From this resulting dataset, a
targeted selection was performed, ensuring a diverse coverage
of mitigation approaches, methodologies, and techniques, cap-
turing recent advancements and trends within the specific time
span. It was also taken into consideration the publications that
include the baseline methods (e.g., MoleTrust, SoRec, SVD++,
TrustWalker, RSTE, SocialMF, SoReg, TrustSVD, TrusPMF)
for handling the cold-start and data sparsity, resulting in the
assessment of 25 publications. Table II presents the charac-
terisation of the approaches that mitigate cold-start and data
sparsity challenges.

The most commonly used approaches for mitigating these
challenges are HA and TBR, followed by CF. Recently, the
CA approach has also emerged. Most of the approaches
analysed in this study focus only on the cold-start problem
(12 publications), leaving approaches that try to mitigate both
problems in second place (8 publications) and those that focus
only on the data sparsity problem in last place (5 publications).

Several strategies have been proposed based on similar-
ity measures, including measures such as Proximity-Impact-
Popularity (PIP) and Proximity-Significance-Singularity (PSS)
[32], [41], random walk methods using PCC [34], social
network-based approaches [36], an SVD++ algorithm with
explicit and implicit feedback [42], dual regularisation [43],
and decoupling mechanisms exploiting similarity [45]. Other

strategies include probabilistic interpretation of user trust, deep
network model, semantic features, and topic embedding and
contextual information [14], [46], [47], [51]. Clustering and
association rule mining have also been used to extract frequent
patterns [52].

To mitigate the data sparsity problem, researchers have
explored various approaches, such as using social networks
and factoring in trust relationships [19], [35], incorporating
social network data as regularisation [37], using Al-based
algorithms as a memetic algorithm with visual clustering [39],
and adopting an ontology-based clustering approach [49].

Measures as trust networks [31], Al-based algorithms [33],
and combining CF with similarity measures and social net-
works [38], [40], [44] are being used to mitigate the cold-
start and data sparsity problems together. Other approaches
being used are merging explicit and implicit data through
similarity, clustering techniques, and association rules [48],
reducing the neighbourhood before computing similarity and
predicting [50]. Lastly, similarity measures are combined with
SVD and contextual information [53].

All the presented approaches were evaluated offline using
existing online datasets, e.g., Epinons, FilmTrust, Douban,
CiaoDVD, MovieLens, Yahoo, Flixter, and Yelp. The enter-
tainment domain, including movies, music, and books, is most
commonly used for validation, followed by e-commerce and
service recommendations, while the least explored domain
is manufacturing. Regarding the evaluation metrics, most
approaches use measures such as Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), Precision, Recall, F-
measure, and Coverage.

From the identified approaches, the mitigation of the cold-
start problem primarily focuses on the improvement of simi-
larity measures, often complemented by Al-based algorithms.
In the case of approaches for handling data sparsity, most use
techniques based on social networks with trust relationships,
integrating similarity measures and intelligent algorithms.

Initial approaches tackled these challenges individually,
emphasising trust, similarity, or intelligence. Currently, the ap-
proaches are more complex, combining two or three methods
to attain better results. In particular, some authors, like [44]
and [49], propose comprehensive approaches that combine
the three enabling methods, trust, similarity, and intelligence.
Trust-based mechanisms employ user social trust networks,
similarity measures identify patterns in sparse data, and Al-
based algorithms extract insights from user interactions. By
integrating these techniques, RS can effectively address the
cold-start problem and data sparsity, enhancing robustness and
efficiency.

Consequently, several research gaps were identified from
this analysis of the state-of-the-art literature, such as (1)
unexplored possibilities of combining different techniques
inside the general enabling methods (i.e., trust, similarity and
intelligence) that can surpass the existing approaches, (2)
the development and innovation of new similarity measures
combined with Al-based algorithms, (3) the application and
exploration of RS in the field of manufacturing and services,
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TABLE II: Characterisation of recommendation approaches focusing on mitigating cold-start and data sparsity challenges.
(Symbol Caption: if the challenge is addressed arises a v/, if the enabling method is used to mitigate the challenge arises a
A, lastly to identify the application domain is used a <)

| | | | Challenges | Enabling Meth. | Domain
z . || E
v | E g 2| E | 3
g 5 |2 5 £ |25 |2
g 2 |2 |, |2 |5 |E|E |2 |¢
& = (g |8 |3 |E |s|2|5|%
=N =] < = = o= T = )
Ref. | < Name Summary o a = - @n = = = n
TBR | MoleTrust Trust-aware RS using local trust metrics to improve accu- | v v A >
[31] racy and coverage for cold-start users.
CF SoRec A factor analysis approach based on probabilistic matrix v A >
[19] factorisation using users social network and ratings infor-
mation.
CF - Introduces a new heuristic similarity measure focusing on | v A >
[32] addressing cold-start users.
CF SVD++ Extends the latent factor and neighbourhood models in CF, v v A ]
[33] using explicit/implicit feedback.
TBR | TrustWalker | A random walk model that combines trust-based and CF | v A A >
[34] approaches, focusing on cold-start users.
TBR | RSTE Probabilistic factor analysis framework, combining users’ v A >
[35] tastes and trusted friends preferences.
TBR | SocialMF A model using social network and matrix factorisation, v A ] ]
[36] focusing on trust propagation and cold-start users.
TBR | SoReg Matrix factorisation with social regularisation, incorporat- v A >
[37] ing social network information.
CF - Combine social network and CF techniques. v v > | B
[38]
HA - A memetic algorithm combined with visual clustering. v A >
(39]
TBR | Merge Incorporate social trust information into CF, demonstrating | v v A A > | D
[40] improved accuracy and coverage.
CF NHSM New similarity model considers local context information | v A > | B
[41] and global user behaviour preferences.
TBR | TrustSVD A trust-based matrix factorisation model with explicit and | v A A > | D
[42] implicit influence of user trust and item rating.
HA DualDS A discriminative selection with dual regularisation, utilis- | v A ]
[43] ing category labels, and exploring the correlation between
users and items.
CF DGCTARS | A graph-clustering algorithm, incorporating trust state- | v v A A >
[44] ments.
HA DecRec A matrix completion model, decoupling the completion of | v A >
[45] a submatrix and transduction of knowledge to prevent error
propagation.
TBR | TrustPMF A probabilistic interpretation of TrustMF model, to incor- | v A >
[46] porate user’s browsing behaviours to infer preferences.
HA MFUIpT A coupled deep network model for fusing heterogeneous | v A >
[47] modalities by integrating content and rating information.
HA - Uses association rules for improving accuracy. v v A >
(48]
TBR | - A ontology-based clustering approach. v A A >
[49]
CF CRCF Covering neighbourhood reduction in user-based CF. v v A >
[50]
CF RS-LOD Enhance matrix factorisation with implicit feedback and | v A >
[14] linked open data.
HA RecTEC Use rating data and topic embedding and incorporate into | v A >
[51] user-based CF.
HA - Uses clustering and association rule mining for cold-start | v A >
[52] users.
CA CSSVD Context-aware RS enhancing accuracy and relevance of | v/ v A A >
[53] recommendations.

(4) the exploration of the possibility of having adaptive ap- (5) even though the research on mitigating both problems,
proaches, being able to adapt the recommendation algorithm cold-start and data sparsity, is starting to grow there is still
or similarity measure according to the presented situation, and  space for further exploration.
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IV. FUTURE RESEARCH DIRECTIONS

RS plays a crucial role in various application fields, support-
ing the user’s decision-making. However, as previously dis-
cussed, its effectiveness can be affected by cold-start and data
sparsity challenges. As a result, traditional recommendation
approaches often struggle to provide accurate and personalised
recommendations. This paper analysed the current landscape
of RS research, focusing on approaches to address cold-start
and data sparsity problems. Based on this analysis, it was
possible to identify several promising directions for future
research that can have the potential to significantly enhance
the performance of the RS and user trust in the system. These
research directions include:

o Explore the Combination of Enabling Methods: The
field of RS, initially focused on single-method ap-
proaches, is now evolving, proposing a combination of
methods through integrating trust, similarity, and Al tech-
niques. The state-of-the-art analysis suggests an emerging
trend towards the combination of emerging methods. This
creates new opportunities for future research, enabling re-
searchers to identify the most effective pairing of methods
depending on the recommendation scenarios. Ultimately,
the combination of methods has the potential to improve
the accuracy and personalisation of recommendations
across different fields.

o Develop New Similarity Measures and Methods: An es-
sential area of research for mitigating cold-start and data
sparsity issues lies in developing new similarity measures.
Existing methods often struggle when dealing with users
or items with limited data. New approaches are needed
to capture user and item similarities effectively, even in
cold-start and data sparsity scenarios. By going beyond
traditional similarity measures, researchers can generate
a more detailed understanding of user-item relationships.
This will lead to more accurate recommendations for new
users or items with minimal data points. The improve-
ment of similarity measures could be a key to unlocking
the full potential of RS, ensuring its function regardless
of data limitations.

o Exploration of Al-based Algorithms: The growing im-
portance of Al-based algorithms in RS is promising,
having the potential to overcome limitations imposed by
cold-start and data sparsity. Future research should go
deeper into Al capabilities, even though these are already
used in RS, exploring ways to develop more robust and
efficient models. By leveraging Al, researchers can create
RS that can make accurate recommendations even with
limited user data or for entirely new users. This could
significantly improve recommendations’ personalisation
and user experience.

o Explainable Recommendations Systems: As user trust
and transparency become essential for the optimal func-
tion of RS, explainable RS emerge as a future area of
research. Traditional RS often function as black boxes,
leaving users sceptical of why specific items are recom-

mended. The lack of explanation can interfere with user
trust and engagement with the system. To address this,
future research should explore techniques that explain the
process that led to the recommendations. This is partic-
ularly important in cold-start and data sparsity scenarios
where limited data makes recommendations less intuitive.
By understanding the reasoning behind recommended
items, users can make more informed decisions and
ultimately feel more confident in the RS.

The performance of RS can be significantly improved by
directing efforts towards these future research directions. This
enhancement can lead to highly accurate and personalised
recommendations and provide better decision support.

V. CONCLUSION

The emergence of Industry 4.0 technologies like Digital
Twins, which leverage RS for decision support and collab-
oration, has highlighted the critical role of RS. However,
even though cold-start and data sparsity are the most com-
mon challenges in RS, the ongoing research on these topics
demonstrates their continued relevance. This literature review
identified the main enabling methods used to mitigate these
challenges, such as trust, similarity measures, and Al-based
algorithms. With the analysis of the literature, it was possible
to identify several research gaps, such as the exploration
combinations of different techniques within the identified
enabling methods, the development and innovation of new
similarity measures combined with Al-based algorithms, the
application and exploration of RS in the field of manufacturing
and services, the exploration of the possibility of having
adaptive approaches, and, in general, there is still space for
further exploration regarding the research on mitigating both
problems at the same time.

The state-of-the-art analysis has revealed research directions
for the future, such as exploring novel combinations of en-
abling methods, developing new similarity measures, leverag-
ing the power of Al for robust models, creating explainable
recommendations, and expanding research beyond established
domains. This could potentially improve the overall effective-
ness of RS and unlock its full potential within Industry 4.0
applications, empowering decision-makers with a new level
of confidence in their recommendations derived from these
advanced systems.

Future work will be devoted to mitigating one of the
research gaps identified and to further exploring the defined
future research directions.
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