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ABSTRACT 

Enormous amount of digital information has made it 

increasingly challenging to identify the relevant information 

for users. Recommender systems were introduced to solve this 

problem by providing personalized recommendations to users. 

Context-based recommender systems are recent which uses 

contextual information to provide more personalized 

recommendations. In this paper, an exhaustive study of 

context-based recommender systems has been presented. The 

key concepts and various approaches used in context-based 

recommender systems have been discussed. Various 

application areas have also been presented.  
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1. INTRODUCTION 
These days, enormous amount of information is available 

online. Due to the overload of available information, users have 

to spend lot of time and energy to find useful content. 

Recommendation systems have now became an important part 

of many online platforms, including e-commerce sites, 

streaming services, and social media platforms. They offer 

personalised and appropriate recommendations to customers in 

order to assist them to browse through the large amounts of 

information and products available online. Traditional rec- 

ommendation systems used different approaches for recom- 

mendation such as collaborative filtering [1], content-based 

filtering [2] and hybrid methods [3]. They have been successful 

in providing personalized recommendations to some extent. 

Context of a user can give better insights of current situation of 

a person. However, traditional recommender systems tend to 

ignore the context in which the recommendations are being 

made, which can lead to irrelevant or even incorrect 

recommendations. [4] 

Context-based recommendation systems aim to address these 

limitations by utilizing context information and making more 

appropriate recommendations. A users context may in- clude 

information such as user location, browsing history, and 

preferences, item context such as item features, reviews, and 

ratings, and social context such as social network information 

and user interactions. By considering these different types of 

context, context-based recommendation systems can provide 

more accurate and relevant recommendations. [5] 

In this work therefore a study has been presented on available 

literature to provide an insight into the current trend of research 

in context-based recommendation systems. We begin by 

defining what context is in the context of recommendation 

systems and how it differs from traditional recommendation 

systems. Different contexts that are usually utilized in 

recommendation systems are discussed. The various methods 

that have been proposed for incorporating context into 

recommendation systems have also been discussed.  

1.1 The paper is organized as follows –  
In Section 2, the traditional recommender system have been 

discussed. The traditional methods and their limitations have 

been presented. In section 3, Context bases recommender 

systems and its various types have been discussed. In section 4, 

the approaches for context aware recommender systems and 

their applications have been presented. In section 5 various 

challenges associated with context based recommender 

systems have been discussed. The paper has been concluded in 

section 6. 

2. TRADITIONAL RECOMMENDER 

SYSTEMS 
Recommender systems have been a significant area of research 

in the field of artificial intelligence for several decades. A 

recommender system’s purpose is to provide users customized 

suggestions based on their interests, preferences, and 

behaviour. The rise of the internet and digital content has 

created a huge demand for recommender systems [6], as users 

are faced with an overwhelming amount of information and 

choices. [7] 

Three major types of filtration techniques have been used in 

past for recommendation these are, 

1) Content-based filtering. 

2) Collaborative filtering. 

3) Hybrid filtering methods. 

A detailed description of these methods is given in next 

subsections. 

2.1 Content-based filtering 
It uses the different contents of a single user such as his past 

purchase history, rated items or history of personal videos 

viewing, tv programs, types of movies etc. Contents generated 

by the user is used for recommendation. It works on principle 

that if a user has liked some content or consumed some product 

then it is more likely that user might like the similar product in 

future. In this method user’s previous history is analyzd and 

accordingly recommendations are made. For example, if a user 

likes action movies, a content-based recommender system can 

recommend similar action movies based on the genre, director, 

and actors [8]. Since it uses history of user to recommend, it is 

not suitable for new users who do not have past history. This 

problem is known as cold start problem [2]. 

2.2 Collaborative filtering 
As the name suggests collaborative filtering utilizes 
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preferences of multiple users to make recommendation. It uses 

the concept that if some group of users have similar interests 

then they may have similar choices. One persons preference 

may get influenced by other persons preference. This method 

has been used in many areas such as E-commerce [9], social 

networking [10] and Movie or music streaming services [11] 

[12]. Collaborative filtering approach also face problems like 

cold start problem when new users do not have any activity. It 

also suffers from problem of filter bubble effect [13] in which 

if users are exposed only to small number of options then they 

do not get recommendation on new ideas [1]. 

2.3 Hybrid Methods 
In hybrid methods both content based and collaborative 

filtering methods are combined according to make 

recommendations. Hybrid methods can take advantage of the 

strengths of both methods and overcome their weaknesses [14] 

[15]. For example, if a user has not given rating to some items, 

a hybrid recommender system can use content-based filtering 

to generate recommendations based on preferences used by 

other similar users. [3] 

According to Aditya et al. [16] Recommender systems can be 

further classified into memory-based and model-based 

methods. Memory-based methods store the past behavior of 

users in memory and use this information to generate rec- 

ommendations [17]. Model-based methods [18], on the other 

hand, use statistical models to generate recommendations. 

Model-based methods can be more scalable and efficient than 

memory-based methods, but they also require more 

computational resources. 

Limitations of traditional recommender systems are discussed 

next. 

2.4 Limitations of traditional 

recommender systems 
This section presents the limitations observed in existing 

traditional recommender systems. 

Lack of Personalization: 

 Traditional recommendation systems often rely on broad 

demographic information [19] or general item features to make 

recommendations [20]. This can lead to irrelevant or generic 

recommenda- tions for very large number of users. 

Cold Start Problem: Traditional recommendation sys- tems can 

struggle to make recommendations for new users or items that 

have little or no information associated with them [21] [22] [23] 

[24]. 

Limited Contextual Information: Traditional recom -mendation 

systems often do not consider the context in which 

recommendations are being made, which can lead to incorrect 

or irrelevant recommendations. 

Literature related to context based recommender system was 

surveyed and is discussed in next section. 

3. CONTEXT-BASED RECOMMENDER 

SYSTEMS 
By considering the context, context-based recommender 

systems are able to provide recommendations more accurately 

to the users which are relevant to them [25]. 

Several contexts can be used for making recommendations. For 

example, context can be used to suggest items which are 

dependent on users current location. such as restaurant or any 

tourist attraction place present in the vicinity. Time-based 

context can be used to recommend items that are relevant to the 

current time of day. Mood based context can be used to suggest 

products which matches with the current mood of user, such as 

calming music when the user is stressed. [26] 

Context-based recommender systems can also use demo- 

graphic information, such as users’s age, gender, annual or 

monthly income etc. to provide recommendations that are 

according to the user’s specific needs and behavior. For 

example, suggesting a comic book or toy for a user of age in 

range 10-15. 

There are three ways to incorporate context in recommender 

system. [27] 

• Contextual pre-filtering 

• Contextual post-filtering 

• Contextual Modelling 

These are discussed in details in next subsections. 

3.1 Contextual pre-filtering 
In contextual pre-filtering, the most related User*Item data is 

used for generating recommendations. The contextual infor- 

mation helps us for selecting most usefull rating data , which 

can be exact or generalized using context. This approach can 

be used it in combination with any of the possible traditional 

recommendation methods. Adomavecius et al. [27] suggested 

a reduction-based approach, which reduces the problem of 

multidimensional contextual recommendation to the standard 

2D User Item recommendation problem [27]. In this approach, 

contextual information is used to filter or arrange the set of 

items generated by the underlying recommendation algorithm 

[28], [29] using the available context information.  

3.2 Contextual post-filtering 
The contextual post-filtering approach is a recommendation 

technique that ignores context information while generating 

recommendations and generates responses according to tradi- 

tional techniques but minimizes the recommendation output for 

each user using context information [30]. This is achieved by 

filtering out irrelevant recommendations. Ranking of rec- 

ommendations is done based on context-specific item usage 

patterns. Heuristic and model-based post-filtering approaches 

are two types of contextual post-filtering techniques. Heuristic 

technique finds common item attributes for a given user in a 

given context and then adjusts the recommendations based on 

these attributes. While model-based method build predictive 

models to calculate the probability of relevance for specific 

items in a given context and then adjust recommendations 

based on this probability. The main benefit of contextual post- 

filtering is that it can also be used with any of traditional 

recommendation technique [31].  

3.3 Contextual Modelling 
Both contextual pre and post filtering uses traditional two- 

dimensional functions to generate recommendations, While the 

use of contextual modelling approaches produces mul- 

tidimensional recommendation functions that may be incor- 

porated into predictive models created using decision trees, 

regressions, probabilistic models, or other methods. Heuristic- 

based contextual modeling techniques, such as the nearest 

neighbor approach, needs to build a contextual profile for every 

user in a given context, and then finding the N near- est 

neighbors based on these profiles. Model-based tech- niques, 

such as the regression-based Hierarchical Bayesian 

collaborative filtering model, allow for the incorporation of 

additional contextual attributes, like time and location, into the 

Hierarchical Bayesian model. Another strategy is the matrix 

factorization-based strategy, which adds more model 
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parameters to simulate how contextual elements interact with 

ratings. On the basis of the context modelling paradigm, new 

techniques have also been created specially for context-aware 

recommender systems, such as adding contextual aspects right 

into the recommendation space and utilizing machine learning 

to generate recommendations [32]. 

4. APPLICATIONS OF CONTEXT 

AWARE RECOMMENDER SYSTEMS 
Context aware recommendation system for social network have 

been surveyed by Suhaimet. al. The context information such 

as user demographics social network structure and location has 

been used. The features and advantages of these systems 

include their ability to improve the accuracy and diversity of 

recommendations, as well as their ability to take into account 

various types of context information. However, the limitations 

of these systems include the need for large amounts of data and 

the difficulty in modeling complex interactions between 

context and recommendation [33]. 

A library called DeepCARSKit developed in python has been 

presented by Zheng et al. It uses deep learning algorithms and 

provides a common platform for researchers to create, 

implement, and evaluate various types of context- aware 

recommendation models. It may be useful for better 

comparisons and benchmarking. The platform is currently 

limited to supporting only two types of context-aware 

recommendation models: FM (factorization machines) and 

NeuCF (neural collaborative filtering). This limitation may be 

a drawback for researchers who are interested in exploring 

other types of context-aware models. Nonetheless, the authors 

believe that DeepCARSKit represents a significant 

contribution to the field of context-aware recommendation 

systems and can serve as a valuable resource for researchers 

working in this area [34]. 

The multi-context-aware recommendation system for learning 

user/item representations using a knowledge graph has been 

discussed by Wu et al. The propagation-based and path-based 

approaches and a rule is used to characterize a user’s 

preferences. On the basis of the knowledge network and user 

behaviours, an rule discovery technique is also put forth that 

can automatically choose the most representative user 

preferences templates in a given recommendation situation 

[35]. 

In another work, A hybrid algorithm that combines a neural 

collaborative filtering method and an item-splitting approach 

for incorporating context [29]. 

A context-aware recommendation system which uses review 

mining has been discussed in a work. The system uses a 

classifier to categorize the user’s context from the review texts. 

The inferred context is then used to produce context-aware 

recommendations by defining a utility function for items that 

reflects the user’s preferences based on the current context. The 

system has been tested using a dataset of hotel reviews [36]. 

An overview of context-aware recommendation systems 

(CARS) in the IoT environment (IoT-CARS) is discussed. The 

work defines context as any information that characterizes the 

situations of users and items in a specific interaction. The goal 

of CARS was to provide accurate and personalized 

recommendations by exploiting contextual information. 

Context-aware recommenders are characterized based on the 

different IoT contexts and how these contexts are modeled. 

Challenges faced by CARS, including limitations in learning 

user profiles and behaviors and the importance of  proper 

context selection in model design also has been discussed[37]. 

5. CHALLENGES ASSOCIATED WITH 

CONTEXT BASED RECOMMENDER 

SYSTEMS 
An overview of context-aware recommendation systems 

(CARS) in the IoT environment (IoT-CARS) is discussed. The 

work defines context as any information that characterizes the 

situations of users and items in a specific interaction. The goal 

of CARS was to provide accurate and personalized 

recommendations by exploiting contextual information. 

Context-aware recommenders are characterized based on the 

different IoT contexts and how these contexts are modeled. 

Challenges faced by CARS, including limitations in learning 

user profiles and behaviors and the importance of proper 

context selection in model design also has been discussed [37]. 

There are several challenges associated with context-based 

recommender systems. These challanges are listed below:  

• Availability of context data: In order to use context 

effectively, the recommender system must have access to 

accurate and relevant context data.  

• Integration of context: The recommender system must be able 

to use context effectively to generate accurate and relevant 

recommendations. [17]  

• Technical challenges: Developing algorithms and models that 

can effectively incorporate contextual information into 

recommendation systems is a significant technical challenge. 

There are several technical issues, such as modeling context, 

effectively combining different contex- tual factors, dealing 

with sparsity and cold start problems in the presence of context, 

and handleing real-time rec- ommendations.  

• Evaluation challenges: Evaluating the performance of 

context-aware recommendation systems is another sig- nificant 

challenge. There are several evaluation metrics that need to be 

considered, such as accuracy, diversity, serendipity, novelty, 

and coverage. The recommendation system’s level of 

performance can also very greatly depend on the evaluation 

measures chosen. Addition- ally, there are no standardized 

evaluation methods and datasets to analyze output of 

recommendation systems. This makes it difficult to compare 

the performance of different context-aware recommendation 

systems.  

• User-related challenges: One significant challenge is ensuring 

user privacy and data protection while collecting and using 

contextual information. Challenge is under- standing user 

preferences and behavior in the presence of context, and 

designing recommendation systems that can effectively adapt 

to changing user preferences over time. Additionally, user 

acceptance and trust in the recommen- dation system can be a 

challenge, as some users may find contextual recommendations 

intrusive or annoying. 

6. CONCLUSION 
In this paper, we conducted an exhaustive study on context- 

based recommender systems. We reviewed a wide range of 

approaches and techniques used in this domain and discussed 

their strengths and weaknesses. Through our analysis, we 

identified several key trends and challenges in the field, 

including the need for effective context representation, the 

importance of user feedback, and the trade-off between 

accuracy and diversity in recommendations. We can conclude 

that context- based recommender systems have enormous 

potential to improve user satisfaction and engagement in 

various domains such as e-commerce, entertainment, and 

education. Overall, our study highlights the importance of 
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ongoing research and development in the field of context-based 

recommenders. We hope that this survey paper will serve as a 

valuable resource for researchers and practitioners alike, and 

inspire new ideas and approaches to enhance the performance 

and usability of these systems. 
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