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Abstract

With the ever-increasing volume of online information, recommender sys-
tems have been effective as a strategy to overcome information overload.
They have a wide range of applications in many fields, including e-learning,
e-commerce, e-government and scientific research. Recommender systems
are search engines that are based on the user’s browsing history to sug-
gest a product that expresses their interests. Being usually in the form of
textual comments and ratings, such reviews are a valuable source of infor-
mation about users’ perceptions. Recommender systems (RSs) apply various
approaches to predict users’ interest on information, products and services
among a huge amount of available items. In this paper, we will describe the
recommender system, discuss ongoing research in this field, and address the
challenges, limitations and the techniques adopted. This paper also discusses
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how review texts are interpreted to solve some of the major problems with tra-
ditional recommendation techniques. To assess the value of a recommender
system, qualitative evaluation measures are discussed as well in this research.
Based on a series of selected articles published between 2008 and 2020, the
study allowed us to conclude that the efficiency of RSs is strongly centered
on the control of information context, the operated exploration algorithm,
the method, and the type of processed data in addition to the information on
users’ trust.

Keywords: Recommender system, collaborative filtering, content filtering,
user reviews.

1 Introduction

Currently, the World Wide Web has become a powerful platform for storing
and retrieving information as well as for extracting useful knowledge to
predict people’s interests. Web mining for instance, plays a crucial role
in finding data used frequently on the web [1]. It is certainly challenging
for users to screen all this information and retain the essential features.
Thus, many online e-commerce websites recommend products to users, and
provide millions of items in a single platform. Due to the titanic amount
of items and their dynamic nature, the use of an additional tool, called a
recommendation system (RS) is necessary [2–4]. RSs solve the problem of
information overload, while recommending specific items tailored to the pref-
erences of users [4]. Recommender systems predict user interest by analyzing
search history, the behavior of similar users and the various data processing
techniques from eBay, Yelp, Netflix and Amazon [1]. The recommender
system is considered as an independent search space where suggestions for a
target user are based on several criteria including ratings, reviews, location,
time, etc. [5]. Additionally, the quality of a RS has a significant impact
on the decisions, the organizations’ profits, and the user satisfaction. For
instance, in the e-learning field and as a consequence of a reliable recom-
mendation system, learners can benefit from interesting courses presented
to them [6].

Currently, RSs are widely used in e-commerce and unit-based product
sales. They are also used in other domains such as education, health, trans-
lation, advertising and agriculture [7, 8]. In recent years, RSs have attracted
many researchers, thus several studies have been carried out to highlight their
characteristics, techniques and problems [1–19]. Nevertheless, none of these
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studies has covered all the technical aspects of a RS in a comprehensive
manner.

RS models are often categorized into three broad categories: (1) classical
class [8], (2) class of Su et al. [9] and (3) class of Nageswara Rao and
Talwar [10]. These classes use one or more algorithms under these main
approaches: (1) content-based (CB) [20], (2) collaborative-filtering (CF) [16]
and (3) hybrid approach [11].

In this paper, the following objectives are sought: (1) develop a compre-
hensive catalog of RSs, (2) Discuss the different approaches of RSs and issues
associated with current recommender systems, (3) evaluate the performance
of a RS, (4) discuss the application of RSs in different domains and (5) discuss
the handling of textual, contextual, emotional and semantic data.

2 Recommender System

The objective of recommender systems is to filter and adapt the informa-
tion to users, in order to maximize individual users’ satisfaction. For this
purpose, several recommendation methods have been proposed and clas-
sified into several categories: content-based [3], collaborative-based [24],
semantic-based [42], knowledge-based [21], demographic-based [12], utility-
based [22], context-based [23] and hybrid-based [11]. Since the birth of
RSs in the mid-1990s, information overload are addressed to provide users
with specific recommendations that respond exactly to their interests [19].
The most frequently used classifications are based on content-based and
collaborative filtering [13]. Recommendation systems help users to make
their best decisions through a number of steps as shown in Figure 1. It
starts with collecting data then processing and filtering it using one of the
three techniques, namely, content filtering, collaborative filtering and hybrid
filtering.

In addition, information contained in reviews such as historical data,
demographics, requirements individual and emotion data, as shown in
Table 1, are collected implicitly or explicitly and taken into account to min-
imize the problems of traditional evaluation systems, such as the prediction,
the quality and the sparsity problems.

This study aims to evaluate the state of the art text-based reviews recom-
mendation systems and published works to provide analysts and researchers
with some perspectives and insights on evaluation-based approaches. To
refine our approaches, methodologies, and our research roadmap, a number
of Research Questions (RQ) are being raised and summarized as follows:
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User Traces

Recommandations
(Item 1, Item 2, Item 3)

Data collection
Data processing
Anomaly detection
Normalization

Data filtering
Content-based filtering
Collaborative filtering
Hybrid filtering

Figure 1 Recommender system process.

Table 1 Taxonomy of knowledge source
Historical Data Behavior data [25] Duration of surfing, click on times, links of webs;

shop, print, scroll, delete, open, close, refresh of
URLs, choice, edition, search, reproduction, paste,
bookmark and even download of internet content
material.

Trade data [42] Purchase amount and date, rates, discounting
amount.

Opinion data [16] Rating, tags, reviews, comment, a latent comment
such as bad, worse, best, good.

Demographic data [12] Gender, age, name, surname, telephone, address,
hobbies, salary, information experience, birth date,
profession, income.

Requirements individual data [26] Query, constraints, references, and context.
Context meta data [29] A device, alone or in a group; moving or stationary,

time of day/week /month/year.
Emotion data [25] Agreement or disagreement, positive or negative,

good or fine, busy or tired, angry, uncertainty,
anxiety, discomfort or displeasure.

In RQ1, we will present the different categories of recommender systems
using traditional approaches to overcome the main related issues, as well as
their context of application and their advantages and disadvantages.

In RQ2, we will review the standard techniques and algorithms of recommen-
dation systems based on text-reviews and their main issues as reported in the
literature.

In RQ3, we will cover potential solutions outlined by recent studies based on
text-reviews, which can be seen as reliable for solving the main challenges
raised in most application domains.
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In the following section, each category and the subgroups with the tradi-
tional techniques used to carry out each approach studied as a summary of
RQ1 will be briefly explained.

RQ1 summary

2.1 Content-based Filtering (CB)

Content-inspired techniques leverage the domain of search and natural
language. They associate items’ characteristics with users’ profiles. To rec-
ommend items, the RS must match the attributes of items with the interests
and preferences of users. When an item is newly created, the recommendation
model must assign a degree of preference to the user for the given item [20].
Content-based techniques are limited to features given by the item’s content,
a source of the over-specialization problem (only items similar to consumed
items are predicted) [3]. Also, content-based techniques suffer from a cold-
start problem (new-item, new-user) [2] and a diversity problem (user can see
new items) [4].

Two well-known types of recommendations use content-based approach
and these are:

Semantic-based approach [42] in which a semantic module uses the
domain of ontology to interpret items. This is characterized by:

– Type of knowledge used, such as lexicon, ontology, etc.
– Techniques used for the annotation of items.
– Types of characteristics describing the user’s profile.
– Way of associating the given items with the user’s profile.

Keyword-based approach [30], when a user wants to access particular
resources, RS recommends items which are related, as these items have
shared keywords.

The techniques used to carry out content-based filtering are summarized
in Table 2, along with their advantages and drawbacks.

2.2 Collaborative Filtering (CF)

Unlike content-based approaches, which rely on the content of items pre-
viously evaluated by a user, collaborative approaches recommend resources
that have been highly scored by users with the same preferences as the
current user. This approach, which is based on a rating structure, is usually
represented by a rating matrix [31]. Breese et al. [24] classified collaborative
approaches into two categories as shown in Figure 2.
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Recommender system

Content-based filtering Hybrid filtering

Memory based Model based

Content-boosted CF
Combining memory-based and 
model-based CF algorithms
Content-based CF recommender

Cosine similarity
Pearson correlation
Jaccard coefficient
Top N recommendation

Dimentionnality reduction (SVD, PCA)
Probability Latent Semantic Analysis
Bayesian Networks
Neural Networks
MDP-based CF
Sparse factor analysis
Clustering CF

User based Item based

Collaborative filtering (CF)

Keyword matching
Vector Space Model (VSM)
TF-IDF weighting
Naive Bayes
Relevance feedback
K-nearest neighbors
Cosine similarity

 
Figure 2 Recommender system approaches.

Memory-based CF uses available data input (clicks, votes, likes, etc.)
to establish a similarity relationship between users (collaborative-filtering),
as user-based or items (content-based recommendation) as item-based. In the
case of collaborative filtering, recommendations are suggested based on items
viewed by users close to us, hence the term collaborative.

In another way, content-based recommendation compares items using
their characteristics (movie genre, actors, publisher or author of a book, etc.)
to recommend new similar items.

In short, memory-based techniques depend heavily on simple similarity
measures, namely Jaccard index, cosine similarity, Pearson correlation, etc.,
as shown in Figure 2, to match similar objects or users. For instance, in a huge
matrix with users in one dimension and elements in the other, and with cells
containing similar votes or elements, memory-based techniques use similarity
measures on both matrix vectors to produce a score indicating the similarity.

The memory-based filtering techniques along with their advantages and
drawbacks are presented in Table 2. As an indication KNN (user-based,
item-based), Pearson or cosine measurements are the most commonly used
techniques for this type of CF.

Model-based CF is a technique that attempts to fill out the matrix better.
With such technique one can guess how much a user will like an item he
has never seen before. To achieve this goal, numerous algorithms are used to
train the vector of items for a specific user, and then construct a model that
can predict the user’s score for a newly added item to the system [33]. Thus,



Recommendation System Issues, Approaches and Challenges 1025

a RS develops its intelligence to detect interesting items even before the users
see and evaluate them.

The techniques used to implement model-based filtering as well as the
other main approaches in various recommender systems, with their advan-
tages and limitations are presented in Table 2. For instance, The Probabilistic
Latent Semantic Indexing, Bayesian Networks, Singular Value Decompo-
sition, Clustering CF, Neural networks, Sparse factor analysis or Markov
decision-making processes can all be used in data sparsity reduction to allow
better recommendation quality (Figure 2).

These techniques seem much more interesting for new items that appear
and disappear quickly. They also present the reactions of users to items using
the concept of latent factors of items and users [31].

2.3 Hybrid-based Filtering

Hybridization is the consolidation of multiple methods and techniques of
recommendation to address the deficiencies of each method and capitalize
on their strengths to enhance the efficiency of the system [34]. Hybrid
RSs are used to address difficult problems such as serendipity, sparsity and
cold-start [12].

Hybridization can be classified into many categories:

(a) Weighted in which the simulated or predicted results from each tech-
nique are aggregated into a unique result.

(b) Mixed category where predictions of numerous techniques of this
hybrid are presented as ranks, then the main algorithm merges them into
a single ranked list.

(c) Switching category where the system toggles between the two types of
recommendation techniques depending on the situation.

(d) Feature combination where the data generated by the two techniques
are merged and fed into a unified recommendation algorithm.

(e) Feature augmentation uses the outcome of one technique as an entry
for the other technique.

(f) Cascade uses a sequence of two types of interventions, one to produce
a preliminary ranking and the second to refine the recommended list.

(g) Meta-Level uses the recovered model as an entry for the next technique,
but not for the prediction list of results.

Recommender systems can also use one or a combination of the following
techniques depending on the specific issue at hand, namely, Utility-based,
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Table 3 Comparison between recommendation approaches
Content-based Collaborative Filtering

Dimension Recommendation Recommendation
Input [15] Content or Feature of items/users User/Item Rating Matrix
Dependency [12] User independence User rating dependence
Novelty [3] Over-specialization Diversity
Serendipity [12] Trend to recommend

monotonous and obvious items
Ability to recommend
unexpected items

Explanation [4] Access to ancillary information
about items

No access to ancillary
information about items

Popularity [4] Ability to recommend unpopular
items

Trend to recommend popularly
items

Other problems/
Issues [14]

User Cold-Start Sparsity, User Cold-Start,
Shilling Attack, Item Cold-Start

Semantic-based, Demographic-based, Psychological knowledge-based rec-
ommendation, Group recommendation techniques.

RQ2 summary

As a summary of RQ2, the following section explores the most recurrent
challenges and problems in the context of text-review based recommender
systems, considered as important aspects in research, also the standard tech-
niques and algorithms manipulated by each article as well as their main
contributions applied in a specific application domain to mitigate a certain
number of issues. Each experiment is applied to the dataset (e.g., MovieLens)
in either offline or online mode. Each mode measures the performance of the
approach in terms of a given evaluation metric (i.e., MAE, MSE, RMSE,
Table 8), in order to produce an enhanced recommender system with a lower
evaluation metric than the other methods.

3 Main Issues and Research Challenges on Standard RS
Techniques

Despite the growth in popularity of the recommendation systems, there have
been serious drawbacks. As a follow-up to RQ3, most researchers are looking
to develop a relevant recommendation system that meets the following crite-
ria: Area Independence, Adaptability, Serendipity, Shilling attack problem,
Data sparsity, Cold-start, Grey-sheep, Scalability and Diversity.

Area Independence is the view and realization of a recommender system
to be applied across different fields and scopes.
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Adaptability is the ability to adjust to a variety of new users.
Serendipity is the possibility to give the user the most unexpected,

diverse and relevant recommendations. As content-based recommender sys-
tems recommend only items fitting the user’s profile, the user will solely get
suggestions that are similar to the items he or she has previously seen or
evaluated. There is no way to obtain an unexpected recommendation and
receive products never seen before. This may lead the user to get annoyed
with the recommendations [27]. An effective recommendation algorithm
should not only recommend what we are likely to like, but also suggest
random and objective elements to help us discover other fields and areas [12].

Shilling attack problem arises when the scam use fake profiles with fake
ratings to affect the recommendation process and influence the users’ will-
ingness to purchase items. There are two types of attacks, push and nuke. In
push attacks, the items are recommended by giving them false ratings, while
nuke attacks are carried out in order to negatively affect an item by reducing
the probability that the item will be found [35]. The recommendations are
reached according to the attacker’s objective.

Data sparsity is the problem that occurs when the number of items
evaluated by a user is very low compared to the total number of items
available in the system. This leads to a very low density of items/user matrix.
As a result, the recommendations become irrelevant, as the items are not all
processed during this operation. This is a situation where the number of valid
and relevant operations is fewer to establish useful similarities for users and
target meaningful items [19]. For an individual who has evaluated items that
have not elicited comments, it is difficult to identify similar users; therefore it
will be complex to offer him suitable recommendations. The great challenge
is therefore to overcome this gap by computing adequate preventions despite
the low level of existing evaluations [35]. In this context, some solutions
related to sparsity are proposed and use deep methods designed to examine
and study the issue, as well as the predefined terms, search criteria, inclusion
and exclusion criteria, together with the impact and compliance of existing
research results [19]. To this end, these techniques (Factorization Machines
(FM) [36], Social Balance Theory (SBT) [37] have been applied to better pre-
dict under sparsity and inform users of opposite tastes of similar users. Deep
learning has also been in operation, in particular the vibrational auto-encoder
(VA) [38] and the generated model using multi-layer perception (MLP) [39].
Restricted BoldZman Machine (RBM) [40] also adopted Multi-layer deep
structure to strengthen the effect of the recommendation where each element
is perceived as that of others in the form of RBM that exchanges the same
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weight, bias as that of other users. Hierarchical Bayesian approach [41] for
deep collective learning is also suggested. Regarding the latent factor model,
Matrix factorization (MF) remains the most popular technique to define
new underlying factors associated with already targeted variables [42]. The
Review-based recommendation studies, described in section IV, also alleviate
this issue in many ways.

Cold-start problem is due to the fact that a user has not rated any item.
Such a problem often occurs when a new user or article is added. It also
puts the user back on the border independently of the others. Two types of
cold-start problem can be distinguished:

– Item-cold-start, this is often one of the major problems of collaborative
filtering techniques (Tables 2 and 3). When a new item is added to the
system, it might have some content information but no evaluation [26,
42, 29 and 30]. Commonly, if there is no reaction, the collaborative
filtering technique cannot recommend the item in any case. Meanwhile
when a little interaction is out there, the algorithm will predict with
very low quality. Consequently, this will lead to another problem called
unpopularity items [27].

– User-cold-start, this is frequently one of the major problems of collabo-
rative filtering techniques (Tables 2 and 3). When a new user is registered
in the system, the RS provides him/her with items without counting on
the history of interactions of the user that have not yet taken place [27].
The moment the user is subjected to poor quality recommendations,
he may decide to leave the system even before the RS understands his
interests [12].

Grey-sheep problem is an issue where users have unique or exotic
tastes. This makes it hard to identify their similar interests with other system
users [48]. In the context of e-commerce, gray sheep users have a real
impact on the ability to carry out effective shopper marketing. To address
some specific groups of customers with special offers or advertisements, the
organization must identify both products and customers that would interest
them. The question is how to affect a “grey-sheep” client to a particular
group of users’ profiles [8]. To identify them, the author proposes a simpler
approach in terms of complexity by using a mechanism of identification of the
values based on the distribution of similarity between different users (KNN)
or the analysis of the correlations between one user and the other [43].

Scalability is the problem that happens when the number of items and
users increases, and the cost of recommendation computation increases as
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well. RSs with a large number of items and users tend to increase the
computation time rather than the prediction relevance [32, 44]. Bondi [45]
has defined two types of scalability: structural scalability and load scalability.
Structural scalability is in what way, the system can scale up without making
significant changes to its architecture. While Load scalability is the ability
of the system to adapt to the growth of data flows offered. Indeed, systems
with low load scalability are likely to face this problem because they operate
inefficiently, have inadequate algorithms, or cannot take advantage of the
parallelism principle. Different techniques such as Matrix Factorization (MF)
and Slowly Changing Dimensions (SCD) [19], Probabilistic Matrix Fac-
torization (PMF) [26], Recurrent Neural Network(RNN), Gated Recurrent
Units (GRU) and Long Short-Term Memory (LSTM) [27] have been used
to address this kind of problem, by using some information features like
contextual information, social hashtag, demographic data, semantic data, on
service logs and browsing and session history.

Diversity is the variety of recommended products that allows covering
the interests of the user and can allow him to see new items. Diversification
is now one of the main solutions to most effectively address the problem of
overfitting in recommender systems. Several researches address this aspect,
which has become one of the key issues in recommender systems [28].
There are still many challenges to diversification and the most significant, in
our view, is while they did question the users about the perceived diversity
of recommendations, they did not question how the users actually define
diversity and use this knowledge to develop an appropriate diversity measure.
Further users studies with expanded questions could therefore provide some
benefit when developing new definitions of diversity [42]. The problem that
arises is how to handle systems that work with many different item types
(collaborative RS for example) or with items that do not have all the meta-data
available (user created content for example). A sort of generalization should
therefore be proposed with such measures in order to simplify their use in
different systems [48]. Diversity should be considered during the recom-
mendation process instead of being applied during the post-recommendation
process, as is the case with most of the algorithms presented in this review.
If a system suffers from overfitting, one can come across a case where all of
the recommendation items will be more or less the same, which will cause
the diversification process to fail. Diversification should therefore be present
from the start of the recommendation procedure and should be included in
the process of ranking/calculation of predicted ratings [3]. Future research on
diversification of recommender systems should therefore focus not only on
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developing new algorithms, but also on finding an evaluation measure that
would reflect the average user’s perception of diversity [28].

Classical recommender system methods suffer from a recurring problem
because they are based on users’ numerical ratings as the main source of
information about users’ interests [44]. Unfortunately, scalar ratings are often
not supported by a good semantic interpretation to illustrate the user’s true
expectations, leading to considerable degradation of the recommendation’s
relevance [14]. To overcome this setback, some recommendation approaches
associate both user reviews and ratings.

In this section, as a summary of RQ3, we have dealt with potential
solutions based on text-reviews, which can be considered as reliable to solve
the main challenges raised. Finally, we have made contributions to the new
future tendencies of this field.

RQ3 summary

4 User Review and Ratings

The important information gathered from reviews has been summarized
and utilized to improve the standard recommendation approaches discussed.
Habitually, a large evaluation catalog called user-item matrix is filled with
the ratings given by a user for any item used as a single source of information
to predict the missing ratings in the matrix based on the available ratings and
suggest a relevant item to a user by referring to the choice of its neighbor [47].

In case of the sparsity of the user-item rating matrix due to explicit
ratings of few items, the quality of recommendation strongly decreases espe-
cially in the diversity of the suggested items. Therefore, many researchers
consider review content information to solve this issue [48]. To address
this matter, various recommendation approaches incorporate user-review and
ratings. Typically, the evaluations are expressed as texts of reviews and
sample words, reflecting the different actions or opinions of a user towards
a specific item [42]. Moreover, even though the raw review information is
in unstructured textual form that cannot be easily interpreted by the system,
developments in the field of opinion mining (sentiment analysis) and topic
modeling make it possible to process the reviews and derive useful infor-
mation from them [49]. In the past, many elements that could be extracted by
the recommendation system have been represented [19, 42, 44]. For example,
Opinion by sentiment (negative or positive) [33], Keywords, Semantic data
or No-demographic data, Data knowledge, Contextual information, Acoustic



Recommendation System Issues, Approaches and Challenges 1031

features are some of these elements. In the following subsections, some
of these elements are briefly discussed as to how they can be used in a
recommender system.

Review terms: A user review is expressed in natural language; therefore the
easiest way to examine it is to select the most significant elements. A weight
measure as TF-IDF [18] can be used to determine the relevance of each term.
The extracted terms may then be used to measure the similarity between
different users instead of numerical review ratings in a user-item matrix of
the CF approach [19].

Review topics: Topics are defined as the aspects of an item that the author
describes in his review. Thus in the statement “the laptop’s storage capacity
is huge”, the topics mentioned include the laptop and its storage capacity.
There are numerous techniques for recognizing topics in reviews, such as
frequency-based techniques for identifying topics in reviews. The first one
is the frequency-based approach, which firstly identifies the most frequent
terms based on a set of words and then manually classifies them into topics
or automatically, based on a predefined dictionary [18]. The second one is
conditional random fields [35], syntax and topic modeling technique and
Latent Dirichlet Allocation (LDA) [16] to automatically detect hidden topics
in review texts, Probabilistic Latent Semantic Analysis (PLSA) [31] or Latent
Semantic Analysis (LSA) [50]. Review topics can be associated with the
similarity measure in the neighborhood-based CF [47] and latent factors in
the model-based CF approach [14]. Detected review topics can also be used
to enhance the actual evaluations in classical CF approaches [25].

Contextual opinions: The statement “first of the day sports by the sea”
provides contextual information. This other statement “the battery life of the
laptop is bad when I execute several tasks at the same time and heat up in
the summer” provides contextual information about the review. The “in the
summer” quote is the context; “the battery life of the laptop” quote is the
feature and the adjective “bad” is a negative opinion. These opinions can
be joined with ratings to infer the relevance of a user’s selection in various
contexts [30], to represent the interests of the feature concerning the context
or the latent factors regarding the context of an individual [2]. As aspects,
reviews contexts are typically fixed or learned contexts that are retrieved
automatically. They can be selected using rule-keyword matching, based
reasoning or using a classifier like LDA classifier, clustering via k-means &
cuckoo techniques [3]. Review context has also proven its benefit in enhanc-
ing recommendation performance, by either joining it with explicit rating to
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provide a user’s rating for an item in a particular context [54], or by applying
it in user modeling as proposed by Rhul and Om [3] using context-sensitive
aspect preferences or context-independent aspect preferences.

Review emotions: Emotion is the mental state of a person (for example,
happiness, sadness, distress, joy, etc.). It is difficult to detect it in reviews
than in opinions. On the other hand, an emotion classifier can be designed
to label a text with one or more emotions [55]. Emotions gathered from
reviews can be used to define the probability that a user likes an article [57].
For example, emoticons (emotional and distressed faces), which represent
emotions symbolically, can also be combined with opinions.

4.1 Techniques Considering User Review Terms

These techniques are based on review terms such as keywords gathered
from user-reviews where each word kj is assigned a weight Ui,j by TF-IDF
algorithm that indicates its interest for the user Ui [56]. In the same way,
the term-based item index TPi is defined using terms taken from the reviews
posted on item Pi. In fact, the index-based approach that is an upgrade of
the content-based approach, makes the correspondence between the user
index and the indexes of items, and finds the most similar items [56] during
the recommendation process. Following the evaluation conducted on the
Flixter dataset, which consists of 43,173 reviews expressed by 2,157 users
towards 763 films [44], the result indicates that the accuracy of the index-
based approach is lower than CF classification methods based on ratings, but
more effective in terms of diversity (average dissimilarity of products in the
recommendation list) [42] and novelty (amount of different or new products
recommended to an individual) [57].

In the same way, the improved version of the user-based method is also
used, but this time to calculate the similarity between individuals by referring
to textual reviews similarities, instead of the ratings for each evaluated item.
These similarity scores are thus included as weights during the prediction of
ratings [58]. For this purpose, the convolutional matrix factorization model
(ConvMF), which uses word embedding and convolutional processing to
retrieve latent information of articles from their comments is proposed. Then,
the induced latent characters are integrated into a matrix factorization model
to obtain the users’ ratings of targeted articles [59].

The NARRE model [60] that uses convolutional neural networks (CNN)
has also been proposed to extract latent incorporations of items and users
from text reviews, and to estimate missing scores. The latent factors of users
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with attention scores are integrated into a factorization machine (FM) [4], in
contrast, ratings information and reviews were merged into a common model.
The so called model uses an attention mechanism and CNNs to identify
suitable latent properties by referring to their reviews. Finally, the model
establishes latent ratings by rating-based component for elements and users
from the interaction matrix. To infer the final rating, the selected content
features and latent ratings are added to an MF.

4.2 Techniques Considering User Review Topics

A new recommendation technique using aspects extracted from reviews
combined with ratings to generate predictions, such as the Hidden Factor and
Topic (HFT) technique, which associates ratings with review topics [51]. It
starts with Matrix Factorization (MF) to model the ratings and LDA-based
topic model to present the text of reviews. Then the items are designated as
a topical list, and the topics with high ratings are repeated to increase their
impact. In addition, users are distributed in a similar topical field through
their ratings. To predict ratings, the observations of users and items are
incorporated into a latent factorization model [42]. Similarly, the Hidden
Factor and Topic (HFT) technique uses classical MF to model ratings and
LDA-based topics for reviews, of which Softmax transformation function is
exploited to incorporate latent topics during learning the latent feature model.
Ratings are then obtained from the built model.

Moreover, Aspect-Aware Latent Factor Model (ALFM) that is based on
Aspect-aware Topic Model (ATM) has been also proposed to represent the
items/users according to aspect as composite topic repartitions, each one
is displayed as a set of terms. The observations obtained from ATM are
combined with latent evaluation factors in ALFM to generate missing ratings
using the MF method [52].

Moreover, since most users put only one rating and one comment, two
algorithms (ICFTM and UCFTM) have been proposed to produce recom-
mendations by taking into account user reviews and user ratings. Thus, the
sparsity problem is treated by calculating the similarity of items or users
through a topics model [Article topics]. With this regard, the comments are
examined using the topic model (ASUM) in order to produce the appropriate
topic allocation. Then the topic allocation of the element (or user) is inferred
from the topic allocation of the review. Afterward, the similarity of items (or
users) is calculated on the basis of the most appreciated characters of the item
(or user).
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In the same way, the Aspect-based Neural Recommender (ANR) tech-
nique is developed using a neural network to determine the importance of
ratings of latent aspects. The latent aspect ratings are obtained by calculating
the weighted sum of all the terms included in the reviews. The importance of
latent aspects is also deduced based on the common similarity of each pair of
latent aspect ratings of users’ items. As a matter of fact, the synthetic rating
of every user-article pair is calculated by combining aspects’ importance with
aspect ratings within the Modified Latent Factor Model (MLF) [53].

4.3 Techniques Considering User Review Context

Authors often use the notion of rating (User * item => rating) to express
user preferences. The advent of smart devices such as mobiles and the
ability to use them anytime and anywhere, has given more opportunity to
recommend relevant items to users (User * Context => RatingContext) [38].
According to [42], a context represents any information that describes the
state of an object (time, location, product, person, etc.) and is designated as
an essential element for processing user preferences that have not been taken
into consideration by previous evaluations in accordance with laws on the
books (GDPR) and other anti-tracking issues. Imen et al. [61] used contextual
data to propose guidelines to help the user make a better decision from a large
number of possible actions, such as the movie to watch, the diet for a specific
disease, the place to visit and when to go on a trip, and the friend to add to the
social network. On the other hand, the long-term tastes of users are expressed
not only in the form of items and users, but through three main elements:
user, item, and context [62]. Clearly unlike traditional systems, contextual
recommender systems integrate contextual information beyond the user and
item’s frame, to estimate ratings on items not ever seen by the user [23].
In practice, the integration of contextual meaning in a recommender system
can be fulfilled using Contextual pre-filtering approach, Contextual modeling
approach and Contextual post-filtering approach [63].

Contextual pre-filtering approach uses the contextual information as a
label to remove measures that are not so adequate with the adopted context.
This is done before the traditional recommendation procedure is run on
the selected data set. If a context C is considered, the approach selects all
appreciations related to the specified C context from the basic set, and builds
the “item * user” matrix including only the data related to the C context.
Then, the recommender system approach, namely collaborative filtering, is
applied to the reduced dataset to remove the items related to the C context.



1038 K. Benabbes et al.

Contextual modeling approach involves the contextual information
within the algorithm operated in the multi-dimensional recommender system
framework during the recommendation phase (Users * Items * Context).

Contextual post-filtering approach uses contextual information after
the main two-dimensional recommendation approach (User * Item) is
launched. Once the unknown ratings are assessed and recommendations are
produced, the system analyzes the data for a particular user in a precise con-
text to find models of usage of specific items and uses them to contextualize
the recommendations (Item * User * Context) resulting from the classical
recommendation approach (Item * user), like collaborative filtering.

Yue et al. [30] developed a new context-sensitive movie recommendation
algorithm based on joint matrix factorization (JMF) to recommend movies
based on mood tags of movies and keywords of their stories. It is used to
exploit contextual similarities between movies (mood-specific, movie simi-
larity) and similarity between movies based on PK-based movie similarity.
This algorithm can be adapted to other types of recommendations, such as
movies with a specific actor or music with a specific genre.

Another method of review rating prediction (RRP) based on user context
(UC) and product context (PC) has been proposed. It begins by model-
ing the correlation between the sentiment word and the user context and
presents a prediction approach of review rating that associates content review
and user context. Then, it models the correlation between the sentiment
word and the product context on which it models the review rating pre-
diction approach based on review content and product context. Lastly, it
offers a rating review prediction approach based on the user and product
context [64].

4.4 Techniques Considering User Review Emotions

Sociologists and psychologists have shown that information that evokes
emotions and feelings is a strong indicator of users’ interests (agreement
or disagreement) [57]. The emotional aspects of reviews (i.e., happiness,
sadness, surprise, fear, shame, etc.), which represent the attitude and state
of the mood of users during the draft of reviews, can also be used to learn
about the interests of individuals.

Ultimately, the emotions described in reviews have been used to evaluate
the possibility a user will like a product [49, 65]. For example, each movie
is evaluated according to three types of spaces: the movie, the emotion and
the semantic space. To identify emotional features, Ortony et al. [55] used the
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OCC model and the emotion classifier developed by Moshfeghi et al. [65] to
check whether a type of emotion is expressed in the content.

As another example shown in Table 7, Ebesu and Fang [42] transform
reviews into global emotions scores using a machine learning method. To do
this, the review vectors are combined with the actual user ratings to learn
a Naive Bayes model of the positive and negative classes. This model is
then used to deduce the new evaluations from the reviews retrieved using
the deep neural network technique. To better predict the evaluations given by
the reviews and used to build an evaluation matrix that is incorporated into
the traditional neighborhood-based CF techniques.

On the other side, Nassar et al. [29] introduced a user preference-based
FC that integrates aspect-level information to give a reflection of users’
interests from reviews. Particularly, two measures for aspect interests have
been suggested, namely, aspect importance and aspect need to express the
difference in opinions on aspects and the relationship between explicit rating
and aspect. Using these measures, the authors computed the similarity within
users, which is later incorporated into the memory-based CF for making
further recommendations.

As a feature field (c) and a user with his evaluation history (u), the
probability that a user appreciates a movie (m) is P (m, u, c), they elaborated
the Latent Dirichlet Allocation (LDA) model to designate the evaluator as a
probability distribution in some latent groups and items that are appreciated
by individuals of the same group described as a probability distribution. The
probability P (m, u, c) is obtained by marginalization over these latent sets.
Finally, Ortony et al. [55] used a classical machine learning method (gradient
boosted-tree) [66] to combine the predictions of the three kinds of feature
spaces to obtain the ultimate prediction.

Moreover, emotions as symbols of emoticons can be combined with
opinion words to deduce the average of each reviewer. As the approaches
in the literature have not been able to overcome the problems of data sparsity,
overloading and cold-start, the integration of emotions in reviews can help
diminish the risks of cold-start, data sparsity and overloading [67]. In the
same way, WIRROR framework, which uses positive or negative emotions
in reviews and neutralizes emotion in local or global contexts, has been pro-
posed to improve the relevance of recommendations. In fact, emotion signals
can be employed to infer user satisfaction with a product even if the user
has not reviewed the product. The integration of this information is based on
matrix factorization. Thus, the identification of emotional signatures of spam
and irrelevant data can help establish a solid model for appropriate RS [67].
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Furthermore, Personal Assistance Agents (PAA) are used to extract, filter,
and provide only relevant information to users [59]. Having that in mind,
there is no research currently in the field of real-time textual processing that
answers the gap-based emotions. The implementation of real-time RS based
on emotions would be crucial, requires to take part the theory of the emotion
desired as well as approaches of natural language process, elaborated in the
fields of artificial intelligence and the MAS (Multi-agent system) [65].

In order to evaluate the accuracy and the performance of the approaches,
the following section describes the evaluation measures techniques adopted,
and their drawbacks in terms of the use context.

5 Approach for Evaluating Recommendation Systems

Various measures are used by RS researchers to evaluate the performance of
the approaches adopted and to determine its effectiveness in a given recom-
mender system [33]. On this basis, two types of evaluation are performed;
one is used to train the system, while the other is for testing the user’s
preferences produced. System relevance is not limited to the possibility of
producing useful recommendations for a user [19], neither to the ability that
these recommended products are consistent with the preferences of each user
even in a sparse database.

The question that often arises is what value of relevance measure
should be provided when evaluating a recommendation system following the
approach being developed. To respond to this question, the most commonly
used evaluation metrics in RSs have been in Table 8 grouped along with their
characteristics, definitions, limitations and formulas.

We have focused on the evaluation results generated by each evalua-
tion metric to select the best values for the contributions processed, the
approaches, and the recommendation techniques used in a specific domain as
shown in Table 8. Evaluation methods can be categorized into two distinct
approaches [68]: The first evaluation approach is online; it recommends
products to users and asks them how they perceive the received items. The
second approach is offline, the user interaction in this case is not required, but
the approach uses the history of user/item interactions to recommend (top-1
items) or a set of items (state-based recommendation) [68]. Currently, the
offline approach [32] is still the most used because of its ease to handle and
it only takes little time to process even though the online approach provides
information that is more relevant for a user [71].
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6 Discussion and Feedback

Most studies have been conducted on user review text (Section 4) to opti-
mize classical recommendation techniques (Section 2). For instance, in the
first group, text-based ratings from Lexicon Sentiment reviews can be used
to override explicit ratings in memory-based CF approaches [36]. Latent
incorporations of items and users obtained by attention-based CNN and
deep neural networks from reviews can be employed as properties in latent
matrix factorization (LMF) to carry out rating predictions. KNN (user-based)
similarity can also be improved by using reviews and Lexicon Sentiment [18].
Furthermore, neural network techniques [50] have confirmed their effective-
ness in comparison with techniques based on modeling topics with a negative
impact on deep textual properties through coarse-grained text mining algo-
rithms. Besides, they are effective in the presentation of neural networks for
mining relevant semantic elements of review texts to identify items and users.

The second group focuses on the use of explicit ratings adjusted by
implicit ratings inferred from review-text to get reliable and accurate ratings.
As an illustration, through integrated CNN structure, the studies as shown
in [21] & [50] have developed numerical ratings in standard latent factor
model in coordination with latent properties vector coming from review
terms. Different classical latent factor models have been modified, such as
ALFM, JMARS, HFT, TopicMF and RBLT to enhance real ratings adjusted
with latent topics in the text reviews [51, 53]. In addition, traditional proba-
bilistic MF has been optimized by tuning real ratings with sentiment notations
extracted from text reviews [70].

The third group explores specific supplementary information from review
texts to improve the effectiveness of the system according to the evolution of
the user’s temporal preference and the benefit from a large amount of data. As
an illustration, Semantic (non-demographic) and demographic data derived
from text reviews are often combined to fill in the gaps due to the cold-
start and sparsity problem [4]. Social tweets, social tags and social hashtags
gathered from reviews are also used as side sources inferred by social-based
recommender systems through RSboSN (Recommender Systems based on
Social Networks) technique [44]. In fact, the use of a recurrent neural network
is more efficient to extract the temporal information constituting the latent
factors of users in collaborative filtering [36]. Additionally, the merging of
different types of contextual information in recommendation such as text,
image, music and the integration of other deep learning methods like the
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attention mechanism certainly help to improve the quality of the recommen-
dation according to the user’s changing behavior, interests, preferences and
profile as a result [17].

This research contributes not only in terms of evaluations, but also helps
to propose model and strategies to overcome the inability of these existing
systems to make an appropriate recommendation to the users. This covers
the systems that focus only on single criteria recommendation, this is one
of the future trends that can be explored to enhance the effectiveness of
recommender systems.

Firstly, all studies that take up combinations of two features from reviews
have proven that accuracy of RS is enhanced over any other baseline. Thus,
it is necessary to build up multi-criteria recommendations that look at more
combinations of features to enhance the reliability of recommendations [29].

Another forthcoming tendency is the precise profiling for items and users
based on the features retrieved from the user’s reviews. Accordingly, precise
profiling of the items and users is essential to get an accurate recommenda-
tion. Although, there is a limited number of studies that focus on organizing
and using review features to build or optimize profiles of items and users [20].

Another future trend is the enhancement of the current review-based
multi-criteria RS assessment process, as it has some restrictions, particularly
in terms of the type of baselines with which it is mapped. For instance, the CB
approach that handles reviews to construct a user’s profile has interfaced with
profiles that are constructed from static item details [48] and not with others
that are built using reviews, and approaches that employ reviews to render
item rankings have matched their approach against the popularity-based
approach, not with the approaches that implement traditional preference
ranking [29].

Finally, the ample information gained from user evaluations can be
employed to generate some explanation to users throughout the recommen-
dation process. This explanation will raise the user’s confidence to use the
recommender system because it represents and gives reasons why these
recommendations are made to them. Currently, there is a huge gap in the
literature on this issue.

In the long run, three major problems (sparsity, cold-start and serendipity)
used as references by 70% of the studies to improve the accuracy and
efficiency of prediction systems ([43]) performed in less sparse datasets
such as incarMusic (Figure 3) using improved similarity measures compared
to traditional similarity measures (e.g., fusion of PCC and Jaccard index,
JacUOD, JMSD, etc.) to address their main limitations [19].
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7 Conclusion and Future Work

Nowadays, due to the emergence of text mining, context, semantic data, fil-
tering, normalization, and relevant data recommendation techniques, tremen-
dous efforts have been devoted to addressing the major challenges affecting
the performance of recommendation and incorporation of review texts. Vari-
ous review texts are used to fill gaps in the classical rating-based model and
offer relevant items in conformity with users’ interests (e.g., review terms,
review emotions, review topics and review context opinions). In this paper,
a detailed analysis of the main challenges impacting the performance of a
recommender system, cold-start, serendipity, sparsity, overfitting, grey-sheep,
accuracy and evaluation metrics, has been provided. The techniques used to
overcome each challenge are also described, as well as the different user
review text manipulated and how they are exploited to enhance the standard
user profile rating features. At last, review-based recommender systems in
terms of improving prediction accuracy and overcoming the sparsity and
cold-start problems are as well discussed. The discussion and findings of
these studies have led to various recommendations and perspectives for the
future.

Regardless of the progress and development of new algorithms in the RS
area, we noticed through our review of different RS techniques, that further
work is needed. For instance, the combination of several RS review-based
methods and RS classification could be more effective in determining the best
user preferences. Additionally, another potential research area could be the
implementation of intelligent text exploration approaches to better manage
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the combination of ratings and review texts using multi-criteria and multi-
attribute systems.

All of the chosen articles have been published during the last ten years
and the selected articles have been cited by others, which makes them more
credible.

We hope that this study will allow researchers gain a better idea on
recommendation systems using multi-criteria reviews and persuade them to
exploit the implicit ratings of a given review in their future studies.
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