
 

 

 

 

 

Abstract— Recommender System (RS) is a system that 

collects information on the preferences for a group of items 

from the users and facilitates them to make decisions from 

among the existing alternatives. A tremendous number of 

recommendation systems are evolving today in parallel with the 

growth of information in web. Now-a-days, these kinds of 

recommendation systems are applied in several domains from 

simple things to more complex items as exemplified by various 

contributions. In the last decade, RS gained popular specifically 

in the field of E-Commerce and its allied domains. This paper 

attempts to identify recent advancements with their possible 

scope for improvements. It is attempted to elaborate several 

types of RS along with their limitations and advantages. 

I. INTRODUCTION 

It is becoming our routine activity to provide 

recommendations to others people based on their interests 

to cater their needs in various categories. As information in 

internet tends to grow exponentially, increasing in the usage 

of the computers almost by every person in their regular life 

made recommendation system to be a mandatory 

component. It has been evolved to handle a huge amount of 

data which are being gathered especially through internet by 

various websites. Basically, Recommendation system 

provides the personalized and group-based suggestions of 

various items (e.g., E-Books, E-commerce products, movies, 

news articles, holiday spots, insurance policies, websites 

etc). Nowadays, RS has become an integral part of the 

majority of E-commerce websites similar to traditional 

sellers like Amazon. Thus, the existing RS such as Amazon, 

Flipkart, Redbus, Uber cabs, LinkedIn, Facebook, etc. show 

their interest to identify user preferences. Based on users 

activities & information provided in their websites as 

feedback, they try to analyze the purchase behavior of 

customers so as to provide necessary recommendations 

through predictions which differs from individuals.  

Recommendation systems can be classified as Content-

based, Collaborative-based and Knowledge-based systems 

as proposed initially by Burke [2]. New categories of RS 

continues to evolve based on the existing need of this 

growing IT era viz., RS based on Deep Learning and Social 

Network Analytics, etc. as illustrated by Prasad and Kumari 

[3]. Recommendation systems generally consider the various 

factors such as users interest, user profile, item features, user 

to user correlation, item to item correlation, user-item 

correlation, geographical location etc., to recommend users 

so as to make decision making process easier.  

 
 

The number of online users is growing rapidly especially 

in developing like India since the past few years [5]. People 

tend to depend on various online applications ranging from 

routine needs to generalize needs like household product 

purchases, news feeds, music, movies reviews, YouTube 

videos, digital marketing, web conferences, Facebook, 

Twitter, and LinkedIn. There are tremendous growths in the 

usage of the various online applications in the last decade 

[6].  It is necessary  to generate the huge amount of data, 

based on users’ search and interest for their decision making 

process like movie recommendations, viewing items, 

visiting the web pages, tags, likes or dislikes in social 

network platforms, comments, reviews, and feedbacks, etc.. 

Normally, people get confused while searching for a specific 

item from a wide range of applications, products, newsfeeds, 

and web links. It is user’s mentality to seek at least a 

recommendation from their co-users of similar item. For this 

process of suggesting users with optimal choices, the need 

for Recommendation Systems plays a vital role. Following 

Table 1 shows for an example of how drastic the online 

purchasing customers are growing year-by-year and how the 

same will impact retail e-commerce sales for the period from 

2016 and 2022 based on the statistical data [5] and the same 

is given in Figure 1. 

TABLE I 

 Predicted E-Commerce sale 

 

Year 
Sales (in Millions 

US Dollars) 

2016 16.073 

2017 20.059 

2018 25.076 

2019 31.123 

2020 37.979 

2021 45.206 

2022 52.301 

This paper starts from describing various types of RS 

followed by review of literature. Current scenario of existing 

RS in diverse domains is briefed followed by findings and 

research scope of this domain and the paper is concluded 

with possible future extensions identified through this study. 

II. TYPES OF RECOMMENDATION SYSTEMS  

During the last two decades, various types of 

recommendation systems have been evolved based on the 

requirements and advancements of online user needs. 
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Substantially, these RS were also found useful in offline 

mode. Various researchers have explored about Content 

Based RS[2], [7]–[10], Collaborative RS[7], [11]–[13], 

Demographic Based RS[2][14], Utility Based RS[2], 

Knowledge based RS[2], [11], [15], Hybrid RS [2-4], 

Intelligent fuzzy based RS[16],Social recommender system 

[3], Deep learning Recommender System [17]–[19]. In this 

section, some of the important recommendation systems are 

described to analyze and understand the RS domain. 

A. Content-Based Recommendation system 

Content-Based (CB) recommendations have its roots in 

Information Retrieval (IR) System community and many 

of the methods have adopted for recommendations from IR 

[7]. CB system is generally described the associated 

features of an item [2]. Consider an example of a particular 

product consisting of various features like item name, item 

type, item department, and item brand which describes the 

associated features of a particular product. In this 

approach, preference has given on the item to item 

correlation than the user to item correlation. Several 

methodologies are used to learn about CB filtering like 

Decision Tree, Artificial Neural Networks (ANN) and 

Vector-based representations. CB Recommended System 

suggests similar items based on the users’ history. The 

Recommendation process can be performed in three stages 

as shown in figure 1 which are: content analyzer, profile 

learner and filtering components [10]. In the content 

analyzer, the type of information can be identified. 

Especially for the unstructured information it is necessary 

to apply some pre-processing techniques in order to extract 

structured information. Profile learner collects the data 

relating to users interests, likes/dislikes to construct the 

user profile by generalization strategy using machine 

learning techniques. Filtering component stage 

recommends the items to the users based on the existing 

profile representations. 

 
Figure 1: Content Based Filtering 

 

B. Collaborative Filtering Recommendation System 

Tapestry, a RS from Xerox consider user actions and their 

opinions into the database and developed a novel search 

system [13]. Similarities between users and their interests, 

it is possible to suggest products or items to others to the 

similar group of users. Collaborative Recommender 

System aggregates the recommender objects or the user 

ratings of the items based on the commonalities of the 

users [2]. Considering the following example, where three 

users and items called  if a user   like items    user  likes 

items   and User   like  . In this scenario for user   ,it may 

recommend the items and  for the user   it may recommend 

the items [1]. CF uses the user to item correlation has more 

advantages than an item to item correlation [3]. 

C. Knowledge-based Recommendation System  

In collaboration filtering, RS users are correlated with the 

item ratings. Consider a system consisting of less number of 

user ratings for the items in a large amount and if the system 

does not effectively recommend items to the users is 

commonly referred as ramp-up problem [11]. In Knowledge-

based recommendation system does not have ramp-up 

problem where the recommender system does not depends 

on the user ratings and need not gather the individual user 

preferences because the recommender system judgments are 

varied to individual tastes, and knowledge based RS have 

the functional knowledge that should correlate the needs of 

user and item [2]. In the knowledge-based RS users directly 

specifies the needs what they exactly want and precisely the 

recommender system is customizable to the specific domain 

[15]. 

D. Demographic Recommendation System (DRS) 

R. Burke, (2002) elaborated Demographic recommendation 

system relay on the various personal attributes of the users 

and classify them into various classes and make 

recommendations based on the categorizations [2]. In DRS 

gathers the information of demographics of the user U and 

its ratings I and identifies the similar demographic users u 

and try to explore the user ratings of the item I to provide 

recommendations in demographic classes. 

E. Location Aware Recommendation System (LARS) 

Location-based recommendation system extracts the 

information from mobile devices that use to understand the 

user location and based on the user rating history 

recommends various places like Movie theaters, parks, 

Malls, museums and events near users location [22]. This 

motivates to further extension of Location aware 

recommendation system (LARS). Levandoski et al., [23] 

proposed the new paradigm called Location aware 

recommendation system which methodology primarily 

works on three different kinds of ratings. LARS uses 

pyramid maintenance algorithm and travel maintenance 

algorithm which provides better recommendations than 

traditional RS. 

F. Context-Aware Recommendation System 

Regular recommendation systems rely on the attributes of 

the user, item, rating to predict recommendations using 

various approaches. To enhance the recommendations a new 

attribute called context [24] is introduced to better 

understand and recommend the items to the users under 
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specific circumstances like when in a day, at what time, 

location, seasons etc., [25].  
𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑅𝑆 ∶  𝑈𝑠𝑒𝑟 × 𝐼𝑡𝑒𝑚 × 𝐶𝑜𝑛𝑡𝑒𝑥𝑡 → 𝑅𝑎𝑡𝑖𝑛𝑔 

This contextual information can be obtained from various 

approaches like explicit, implicit and inferring. Contextual 

user preference gathering and recommendations can be 

performed based on contextual pre-filtering, contextual post-

filtering and contextual modeling as studied by Adomavicius 

and Tuzhilin [25]. 

G. Deep Learning (DL) Based Recommendation System  

In recent years, the term Deep Learning is getting major 

focus among the scholars which is basically a sub research 

domain of Machine Learning [19], [21] as the existing 

traditional Recommendation Systems do not fulfill the 

expectations of the new generation users or their needs due 

to vast amount of data. It needs an in-depth understanding of 

the users, items as well as user-item interaction. Generally, 

three kinds of recommendation tasks such as rating, ranking 

and classification predictions are applied in traditional RS. 

Several Deep Learning techniques are widely used across 

many applications as illustrated by Singhal et al. [18], [26-

28]. It was also shown that this approach yielded a better 

result when compared to other approaches. 

III. REVIEW OF LITERATURE  

Many recommendation systems were introduced by 

various researchers in Mid-1990s. M. Balabanović and Y. 

Shoham in 1997 [7] developed the Fab System using 

content-based and collaborative recommendations. It is a 

distributed application developed as part of the library 

project at Stanford University. In this system, it was 

identified that the combined effects of content based and 

collaboration mechanisms lead to scalability issues. In late 

1990s, E-Commerce began rising steadily among internet 

users. Identifying the different categories of users and their 

purchase patterns, need for several recommendations arose. 

Various strategies based E-Commerce applications viz., 

attribute-based, item-based or people-based were explored 

and paved a tremendous way for the growth of 

Recommendation Systems as analyzed by Ben et al., in 

1999. In due course, couple of some research contributions 

were made from Robin Burke [11][2]. In his research, an 

elaborative study of RS was major aspect. Also, it was 

elucidated about the importance of knowledge-based RS 

[11] and hybrid RS[2]. The result was EntreeC, a RS based 

on combining Knowledge-based and Collaboration based 

approaches. It was concluded that EntreeC proved to be 

efficient when combined with Collaborative Filtering 

Technique. 

Cao and Li proposed a personalized online recommender 

system using fuzzy rules and techniques which used both 

domain knowledge of the system and ephemeral of 

information by the user-generated with multi-attribute 

decision-making method to get the personalized products by 

the system effectively [16]. Pazzani and Billsus  had 

discussed content-based recommender system for item 

representation on structured, semi-structured and 

unstructured data [9]. This survey also focused on learning 

and modeling of user profiles using decision tree algorithms 

like ID3, rule induction algorithm like RIPPER, Nearest 

Neighbor methods, relevance feedback and Rocchio's 

Algorithm. Unlike other recommender systems, the 

collaborative recommender systems have more scope to 

yield better results for the adaptive web. In their work Ben 

Schafer et al., briefly discussed various CF algorithms for 

adaptive web especially under nonprobabilistic algorithms 

such as user based/ item based nearest neighbor and its 

practical challenges [13]. They also had addressed the cold-

start problem with possible solutions for a new item, new 

user and new community but they failed to make it optimal. 

The work also explored the some of the open challenges in 

Privacy, Security and Trust in recommendation system. In 

2009, it was discussed about the importance of combining 

the CF methods which are memory based and model-based 

to overcome the scalability and sparsity problem. It was 

found to produce better recommendations when compared to 

the traditional strategies. This study was carried out by Gong 

et al., [12]  

A survey by X. Su and T. M. Khoshgoftaar (2009) had 

studied various CF techniques including memory based, 

model-based and hybrid CF [1]. This survey found useful in 

the CF algorithm such as MDP (Markov decision process) 

for prediction. Latent Semantic Index (LSI), a statistical 

method was employed to uncover user communities and 

model interest profiles along with traditional CF techniques 

such as clustering and regression. It is mandatory to predict 

accurately for the recommendations and hence metrics were 

used in evaluating the recommendations suggested using 

Mean Absolute error, Root Mean Squared error and 

Receiver Operative characteristics (ROC) sensitivity for the 

same and highlighted the need to overcome the problems 

like sparsity, shilling attacks and avoiding noisy data. 

Bobadilla (2013) added other evaluation metrics such as 

precision, recall and F1-measures in addition [20]. 

Though Content-Based Filtering techniques have an 

important role to recommend items for users to some extent, 

Lops et al., presented various CB internal information 

filtering methods such as content analyzer, profile learner 

and filtering component techniques. They had also showed 

the necessity to understand how an item is relevant and 

useful to the user by providing explicit evolutions like 

relevance feedback techniques. There were several 

drawbacks mentioned in the CB approach like limited 

content analysis, serendipity and new user problem. Authors 

also suggested solutions to limited content analysis through 

semantic analysis methods. They also had proposed views of 

other researcher's possibilities to overcome serendipity and 

new item problem with the limitations of non-optimal 

solution [10]. In 2004, M. Vozalis and K. G. Margaritis 

proposed a new hybrid algorithm known as U-Demog and I-

Demog which combined the collaborative filtering 

algorithms (user based and item based algorithms) with the 
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demographic correlations between users or items and the 

similarity was computed using the dot product of two 

vectors to enable producing better recommendations. For 

this recommendation process, Movie Lens dataset was 

considered for experimental results [29].  

New user or new item problem generally referred as a 

cold-start problem [13] found to be common in CB and CF 

recommendation system was addressed in 2013 [30] by 

providing an evolution framework using user demographic 

attributes. The same data set mentioned above was also used 

in this work and accuracy measure used for the framework 

included Mean Absolute Error, Root Mean Square Error, 

Precision, Recall and F-score. This approach addressed the 

cold-start problem up to some extent but not completely. In 

2016 [31] summarized and experimented using unified 

profiling and isolated profiling using Movie Lens dataset for 

improvement of user profiling approaches for Demographic 

recommender system. Paolo Cremonesi et al., (2011) 

presented a Cross-Domain Recommendation System(CD-

RS). It was based on the knowledge of one domain 

designated as source and expected to recommended items in 

other domain as expected destination using Artificial Dataset 

by considering various CF based Algorithms [32]. 

Fernández-Tob et al., [33] projected CD-RS for ranking and 

diversity for Cold-start Problem using Face book and 

DBpedia dataset. It was claimed that the Ranking accuracy 

for Cold-start problem had improved and diversity showed 

different results.  

Zhang et al., (2017) surveyed various deep learning 

techniques like Multilayer Perceptron (MLP), Autoencoder 

(AE), Convolutional Neural Networks (CNN), Recurrent 

Neural Networks (RNN), Deep Semantic Similar Model 

(DSSM), Restricted Boltzmann Machine( RBM), Neural 

Autoregressive Distribution Estimation (NADA) and 

Generative Adversarial Networks (GAN). Additionally, 

authors described various approaches like Single DL 

Techniques, composite models and Integrate DL with the 

Traditional RS. Among these AE, RNN and MLP were 

widely using DL Techniques in the domains like image 

processing, video recommendations and speech 

reorganization etc., [19]. Wei et al.,(2017) had proposed a 

deep learning based solution for the cold-start problem for 

items using a combination of CF based Singular Value 

Decomposition (SVD++ ) and deep learning based Stacked 

by multiple denoisingautoencoders (SDAE) by classifying 

cold-start items into classified to complete cold-start and 

incomplete cold-start. This approach used Netflix dataset 

and recommendation results shown improvement in 

complete cold-set items over incomplete cold-set [26]. 

IV. PRESENT SCENARIO OF RECOMMENDER SYSTEMS  

Recommendation techniques have been applied across 

several disciplines using different approaches. This section 

explicates a few remarkable recommender systems across 

different domains of specific interest. To make it precise, 

only the summary is presented here below in Table-2. 

TABLE II 

Domain wise Existing Recommendation Systems  

Domains 
C

B 

C

F 

K

B 

Hy

bri

d 

Comput

ational 

Intellige

nce 

Soci

al 

Net

wor

k 

Con

text 

Aw

are 

Group 

Aggre

gation 

E-Business - 1 3 3 4 1 - - 

E-

Commerce/
Shopping 3 1 4 1 4 2 - - 

E-

Governmen
t 1 5 1 5 4 - - - 

E-Group 
Activity 9 5 2 5 1 - - 2 

E-Library 2 2 - 3 1 - - - 

E-Learning 2 - 1 - 2 - - - 

E-Resource 9 6 6 15 8 1 1 - 

 

E-Tourism 5 9 9 9 3 2 11 - 

 

V. HELPFUL HINTS 

Analyzing the existing RS in literature, following 

summarizes the findings: 

a. Though CF, CB and KB approaches contribute 

predominantly across various kinds of application, hybrid 

RS are more popular so as to reduce the existing drawbacks 

of single RS. 

b. Among the identified domains listed in Table-2, E-

resource RS is found to be most-reported for single users. 

c. E-Resource RS use mostly CF methods while E-

Learning RS have applied knowledge-based methods. 

d. Recently, new categories of RS like Social Network-

based and Context Aware-based RS began to emerge across 

domains. 

e. Part of RS reviewed was found to be implemented 

using fuzzy logic across several disciplines which were also 

listed in Table-2 under computational intelligence. 

f. Many new kinds of RS for non-traditional web-based 

platforms are evolving for recommending TV and Radio 

programs, mobile, etc.  

Despite the deployment of recommender system across 

diversified applications, with bundles of open issues paves 

the way for the scope of further improvement. Some of the 

ideas on future research directions are summarized below: 

a. Recommendations for user accessing internet through 

smart mobiles based on their personalized interest and 

locations, context-sensitive recommendations started gaining 

interest of the researchers. Further, heterogeneous natures of 

huge volumes of existing data are noisy and require spatial 

and temporal correlation which still remains as open. 

b. Integrity and security of individuals and e-government 

services is significant aspect as services provided by E-
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Government are usually non-profit due to which the 

negligence of the above factors would contribute certainly 

for several unsolved issues. 

c. Sophistication make people to expect more RS like 

context awareness based models for granular information 

which must be realistic based on their location and time 

factors. 

d. Prediction of users’ behaviors in distributed learning 

environment and e-shopping based on system functionalities 

remain open always consistently. With the outdated user 

data, this task is cumbersome. So, to model user’s preference 

and drift the performance of recommendation systems, more 

contributions are awaiting for the scholars. 

e. Learning based RS which transfer techniques in 

learning can combine relevant dat from several domains into 

one specific domain through which data sparsity problem 

can be addressed. 

f. Methods for recommendations in RS were limited by 

source of information systems. Number of heterogeneous 

dimensions will contribute data to model and predict user 

preferences in this big data era. Extracting user related data 

through improved smart wearable technologies from users 

may be deployed in medical informatics to significantly 

improve health care for any individuals. Many issues in this 

issue demonstrate wider scope of research. 

g. Advancements in Machine learning techniques like 

Deep Learning need more concrete experts and contributions 

as there exists only limited sources for recommendations to 

the user. 

VI. CONCLUSION  

Recommendation systems have its roots in the information 

retrieval, cognitive science, and forecasting theories. This 

paper attempted to provide professionals and practical 

researchers with the state-of-the-art knowledge and 

application developments in recommender system. It also 

provided principles and guidelines for applying RS in 

several different domains to facilitate decision making. This 

review can be differentiated from traditional surveys in the 

way it targeted and focused the real-world applications 

development and systematic analysis of multiple dimensions 

of recommendations through various types. A preliminary 

view on Content-based, Collaborative Filtering, Knowledge-

based, Demographic-based, Location aware, Context-aware 

and Deep learning based RS was presented. The scope of 

further research directions will definitely be a valid 

information source for the thirsty researcher. 
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