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Abstract: Recommendation systems aim at identifying the best 

products and contents that suits the preference of a user. It has 

become increasingly popular in a number of areas, like 

recommending books, news articles, movies, music, commercial 

products, restaurants, web pages, and many more. Retail 

companies and e-commerce sites take full advantage of 

recommender systems in order to boost their profit margins by 

boosting sales or rather leverage the data that are provided to 

them. To improve performance and accuracy for a more 

specialized recommendation for each customer, there has been a 

lot of research on developing hybrid recommendation systems 

instead of improving collaborative or content-based methods 

alone. Hybrid systems club together both content-based and 

collaborative based methods. LightFM, a hybrid model, has been 

proven to be the most effective when it comes to recommendation 

systems. This makes it interesting to study the effectiveness of 

LightFM compared to other existing models. In this study, we 

provide a literature survey of the existing recommendation 

systems, with our focus based on LightFM which is used for 

implicit feedback and user-item cold start problems. 

 

Index Terms: Collaborative Filtering, Content-Based 

Filtering, Explicit Feedback, Hybrid Filtering, Implicit 

Feedback, LightFM.  

I. INTRODUCTION 

  A recommender system is a filtering technique which aims 

at predicting the preference of a user or rather how the user 

would rate an item and would prefer an item in the future. Let 

us look at an example from the online movie streaming 

company called Netflix. Netflix always recommends movies 

to users based on what he/she has watched or clicked on. 

Suppose, a user likes action movies, Netflix would 

recommend that user action movies all the time. In the case 

of online shopping site called Amazon, when a user views a 

product, it also recommends other similar products viewed by 

other users to that user. Likewise, in the case of friend 

suggestions on Facebook, it always recommends friends 

based on location, user’s details and history, mutual friends, 

etc.  

Recommender system has become increasingly popular in 

this era which consists of technology and advancement in a 

number of areas, like recommending books, news articles, 

movies to a user, music, commercial products, restaurants, 

web pages, and many more. Retail companies and 

e-commerce sites take full advantage of recommender 

systems in order to boost their profit margins by boosting 
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sales or rather leverage the data that are provided to them. It 

aims to identify a user’s interest through this data and predict 

specific items to them or items that the users might find 

interesting. A typical case of recommending items would be 

in the form of ratings. For example, let us take the case of 

movie ratings that the user provides. Whenever a user 

provides a high rating to a movie, say 5 is the highest, the 

recommender system would likely start recommending 

movies that match the genres that the user just rated 5. If user 

rates 1, the recommender system would likely stop 

recommending such genres of movies to that users. So, the 

case here is that the customer is providing the ratings and 

recommender systems are recommending items based on the 

ratings. This is called Explicit Feedback. But there are also 

cases where the user watches movies but never provides a 

rating for the movie he watches. These are cases where 

recommendation system tends to be challenging because now, 

recommendation system has to constantly track that user’s 

activity, like which genre of movie he is clicking, or the web 

pages he is landing to, or the number of minutes/hours spent 

on a particular page and through this information, the system 

has to recommend products to the customers in order to gain 

profits. This type of system is called Implicit Feedback. We 

are going to discuss in detail in the later section on this topic 

of explicit and implicit feedback systems. So, the basic idea 

or principle behind recommender systems is that there exists 

relationship between user and item. Let’s take the example of 

a customer in Netflix who watches only a specific genre of 

movie. So, if the customer likes watching action movies, it is 

highly probable that he would prefer watching action movies 

in the future too.   

II. BACKGROUND 

The primary aim of recommender system is to gather facts 

and information on how the users prefer items (e.g., articles, 

commercial product, movies, friends in the case of social 

media, etc.). This type of information can be collected from 

the user either explicitly or implicitly. Explicitly as in, the 

information can be obtained from user ratings or some other 

data explicitly provided by the user. Implicitly collecting data 

means analysing user’s behaviour like the type/genre of 

songs he listens to, the number of visits on a particular item 

webpage or the genre of movies he clicked on, etc. [1], [2]. 

Recommender systems also make use of demographic 

information like tagged location or age or sex. Recommender 

systems also use a lot of other information like the number of 

followers, tweets, following etc.  
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Since the internet of things is the next big thing in the 

market, recommender systems often use real time 

information of these products to improve their 

recommendation system. (e.g., geo-tagged locations or GPS, 

real-time signals, radio frequencies, etc.). Recommendation 

systems use various sources of data so that it can deliver users 

with the right prediction/recommendation of items. It then 

uses measures like accuracy, mean squared error and other 

evaluation measures.  The most important technique by far 

has been Collaborative Filtering. Even though it is used with 

other techniques like knowledge-based, content-based, etc., 

they have proved to be a major role in recommendation 

systems.   Of late, the implementation of recommendation 

system in the industry has increased drastically. Netflix, the 

online movie streaming global giant uses recommendation 

system in and out in order to leverage their platform. 

Amazon, the world’s largest online retail store, uses it 

thoroughly for its product recommendation to its customers 

and likewise there are several other platforms where it is used 

for news/article recommendation and of course not to forget 

the famous social networking sites like Twitter, Facebook 

and Instagram.  This evolution of recommendation system 

shows how important hybrid techniques can be, in 

recommender systems. These hybrid techniques are basically 

systems where different recommender system techniques are 

merged so that we can yield the advantages of each of these 

individual techniques and provide a better system as a whole. 

The survey on these hybrid techniques have been discussed 

and presented in [3]. With the drastic advancement in 

technology, there is a huge influx of data and information, 

especially in this decade, people have become overwhelmed 

with the amount of information that are provided to them in 

the internet. This in turn creates a huge problem for users 

when choosing items from, given a large set of data. This is 

where recommendation system comes into picture. 

Recommendation system thus helps in identifying the right 

product for the user from these large volumes of data and 

hence, makes the life a customer easier and saves time too 

[4]. Presently with the approach of web-based business sites 

like Amazon, it turned out to be progressively clear the 

critical job that recommender systems play. The significance 

of recommender systems additionally became visible in 

2006. Netflix, an online movie streaming giant declared an 

open challenge in 2006, to predict ratings, based on what the 

users rated previously. The catch here was, there were no 

information provided about the films nor the users. The 

challenge here was, it had to improve Netflix’s own 

algorithm and the team who finally won the challenge 

achieved about 10% improvement on the algorithm of 

Netflix [4]. To honour their hard work and feat, they were 

awarded 1 million US dollars. The way toward creating a 

recommendation system is based on a mix or say 

combination of these [5]: 

1. The kind of information accessible in the database 

(e.g., user id, ratings, content for items which will 

turn into feature at a later stage, user relationships 

and also geotagged location information). 

2. The different filtering techniques/algorithms that is 

used (e.g., content-based, collaborative, 

demographic, hybrid). 

3. The type of model (e.g., ‘‘memory based,’’ where 

data is directly used or ‘‘model-based’’ where data 

is used to generate a model). 

4. The various machine learning techniques used are 

also to be considered: use of probabilistic methods 

like Bayesian Networks, Nearest Neighbours 

Algorithm, Artificial Neural Networks, Genetic 

Algorithms, Deep Learning, Fuzzy Models, 

Singular Value Decomposition Techniques for 

reducing sparsity. 

5. Sparsity of the dataset and also the scalability. 

6. Performance in terms of computation with respect to 

time and space. 

7. The class is considered (e.g., recommendations of top 

N predicted items)  

8. Quality results through various evaluation measures 

(e.g., precision, accuracy, etc.). 

 The research in the recommendation system field 

requires utilizing a set of open databases so that 

investigations on these models and algorithms and 

techniques can be facilitated.  It is from these open databases 

that the scientific community can experiment upon and 

validate and come up with improved techniques. There are 

several public databases available already, namely, 

Movielens, Netflix, Last.Fm, etc. 

The filtering algorithms in recommendation system are 

divided as [6]: 

1. Collaborative Filtering 

2. Demographic Filtering 

3. Content-based Filtering 

4. Hybrid-based Filtering 

 

A recommender system consists of:  

1. Users: These are people who have affinity for 

items/products [4]. Here, a user will have its own 

attributes. For e.g., demographic attributes like age, 

sex, etc. and there are also users from whom a model 

can be inferred, based on their likings like genre of 

movies/music. 

2. Items: These are the products which the 

recommendation  system chooses for 

recommending it to the user [4]. Every item will 

have a set of attributes/properties. For example, a 

movie will have a genre, language etc. Similarly, 

 an article can be a news article or an article on 

technology, etc. 

3. Preferences: These basically refer to items that the 

user would like to prefer over other items. It is 

basically denoted by a like or a dislike or in most 

cases by a rating from 1 to 5 [4]. Let’s say, a movie 

can be rated by a user based on a scale of 1 to 5 with 

5 being the most liked and 1 being the worst movie 

for that particular 

user. 
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The elements discussed above are used by the 

recommendation algorithm in various ways. So, these 

algorithms can also be classified into various types as 

follows:  

1. Demographic filtering is supported on the rule that 

people with certain normal individual traits (sex, 

age, nation, and so forth.) will likewise have regular 

inclinations [8].  

2. Content-Based filtering: The user gives rating to 

items and hence a user preference is created based 

on what he likes and dislikes. This in turn helps in 

creating a model of user preferences for items [4]. 

Let’s take an example in the movie domain. Let’s 

say a user likes romantic comedy and action but 

hates horror.  So the algorithm will learn about this 

trait of a user overtime and marks that the user has a 

positive score for genres like romantic comedy and 

action whereas it has a negative score for horror. 

Also, there might be users who are a fan of some 

actors and who are not. So, the algorithm will figure 

about a particular user, say user A, who likes all by 

Brie Larson but may not be fan of Julia Roberts. 

Content based filtering utilises this data to map the 

ratings of the users against product attributes. So the 

idea here basically is that content based filtering 

makes recommendation based on our past choices 

(e.g. in the online retail shopping platform Amazon, 

if you buy or land on a page on cameras, it will also 

recommend some other cameras to you as well 

based on the type of camera you just browsed). One 

more interesting fact is that content based filtering 

can also make recommendation according the item 

content present in the data or list. So with analysis, 

such as similarity measure, a similar item can be 

recommended in the future. For example, suppose a 

content based filtering algorithm recommends an 

item A to user1. So, through cosine similarity 

measure, a similar item to that of item A can be 

found and recommended to user1 in the future [7]. 

 

 
Fig. 1: A flowchart depicting Content-Based Filtering 

 

3. Collaborative filtering: More emphasis is given to 

the ratings of the user than the data attributes for 

prediction and recommendation [4]. In 

collaborative filtering, we have user and item model 

where user has ratings and also item has a set of 

ratings. When we combine these two models, we get 

a rating which is basically a sparse matrix rating 

with some filled cells and some unfilled cells.  Now, 

the task here is to fill the unfilled cells with ratings 

and in the case of filled cells, it has to be chosen to 

recommend an item. So, Collaborative Filtering [6], 

[9], [10], [11] basically allows users to give ratings 

on items such as news article, products or any 

content in a way that when we have gathered 

enough information, “items are recommended 

based on information which those people have 

provided with who are considered to have the most 

in common with them”. Collaborative Filtering 

provides a wide area in terms of research [12], [13]. 

Also, in CF, we can obtain ratings in an implicit 

manner as well, like, we take into account the times 

a user lands on a particular webpage and the time 

spent on it, activity done on a particular 

music/article, etc.) 

4. Hybrid filtering [15], [8]: Hybrid filtering has 

proven more powerful than ever before. It basically 

clubs two filtering methods to give an even better 

result than the individual filtering would have given 

otherwise. Some common examples include 

“combination of demographic filtering with 

collaborative filtering [16] or content based filtering 

with collaborative filtering [17], [1]. Hybrid 

Filtering is largely associated with probabilistic 

methods like Artificial Neural Networks [21], [22], 

[23], Bayesian Networks [24], Genetic algorithms 

[18], [19], latent features [26], fuzzy genetic [20] 

and clustering [25]. This whole idea of 

recommendation system research started in mid 

1990s where the researches started focusing on 

problems with items that had ratings in it. In the 

basic problem sense in recommendation system, it’s 

problem boils down to solving or rather estimating 

the rating of items which the user has not seen it yet. 

The basic intuition here is the fact that users give 

ratings to items based on their preferences and also 

on explicit feedback criteria and we use this 

information to estimate ratings on other items 

which the use has not rated yet. Thus, when we are 

finished with assessing the ratings for the items, the 

users with the most noteworthy evaluated ratings 

are recommended with the product/item. 

The new evaluations of the items not rated yet can be 

assessed from multiple points of view utilizing techniques 

from approximation theory/estimate hypothesis, machine 

learning and different heuristics. 
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III. LITERATURE SURVEY 

Recommender Systems are typically characterized by their 

way to deal with estimation of ratings. Here, we study 

different types of recommender systems. The definition was 

expressed in [27], [28] for the first time and has been 

considered widely. Additionally, recommender systems are 

normally arranged into these categories, in light of how 

suggestions are made: 

1. Content-based: Recommendation of items happens 

based on how the user favoured items previously. 

2. Collaborative-based: In this case, we look for users 

with similar preferences and tastes and based on 

this, the user will be suggested items; 

3. Hybrid-based: These are methods which clubs 

together both “content-based and 

collaborative-based methods”. 

Apart from the ideas we discussed above about 

recommender systems predicting the ratings which a person 

would give to a not yet seen item, there are 

 
Fig. 2: A flowchart depicting Collaborative-Based Filtering 

 

several other work done in the field of recommender 

system which we call preference-base filtering. This filtering 

basically estimates the preference of the users on items [29], 

[30], [31], [4]. Consider movie recommenders. Here, the 

preference filtering would help in ranking the movies based 

on ranking for the customers or users. Nevertheless, this 

paper has its focus mainly on rating based systems since it is 

one of the major and famous was to deal with recommender 

systems. 

A generally acknowledged scientific classification 

arranges the framework into model-based and 

memory-based: 

Memory-based [6], [10], [32], [33]: This method does the 

following; (a) builds a matrix which consists of ratings from 

the feedback of the user and (b) utilize the recently updated 

rating because the results are constantly refreshed. These 

methods make use of similarity metrics in order to evaluate 

the distance between items and also between users. 

Model-based [6], [11]: The recommendation system in this 

creates a model based on the information provided to them. 

“Among the most broadly utilized models we have matrix 

factorization [40], neural networks [35], latent features [39], 

fuzzy systems [36], Bayesian classifiers [34], genetic 

algorithms [37], [38], and among others.” 

In [41], news recommendation system was displayed as a 

problem which was contextual bandit. So, a new algorithm 

was conceived by the authors in order to tackle this issue. It 

was called LinUCB. This algorithm tackles the bandit 

problem and can also be applied to other domains as well 

apart from news. This algorithm greatly increased the 

effectiveness of the recommendation system as it increased 

the number of clicks in the system to 12.5% when compared 

to the system without this algorithm in use. 

[42] is a great paper when it comes to news 

recommendation. The authors have used both memory as 

well as model based systems here. When it comes to memory 

based technique, it uses “weighted average of the ratings” 

that have been provided previously by the customers. Here, 

weight is relative to the similarity between users. The most 

common measures used are “Pearson Correlation Coefficient 

and Cosine Similarity”. In “model based technique”, the 

feedback/rating are models based on user’s history or past 

data. After the model based technique, they use a clustering 

technique called PLSI and MinHash. When it comes to 

memory based, they make use of item co-visitation. Now, all 

of these three methods appoint a score. At last, two mixes of 

three systems (PLSI, co-appearance and MinHash) were 

utilized for assessment. In one mix, co-appearance was given 

a higher load than different systems (2.0 rather than 1.0).  

CVBiased was the name given to this combination and they 

also experimented with another combination which was 

between MinHash and PLSI wherein they were given higher 

weight of 2.0 and thus this combination was named 

CSBiased. In this experimentation, they used 

recommendation based on recent popularity which was 

called Popular and this acted as the baseline for it. It was 

watched, by and large both CVBiased and CSBiased 

performed 38% superior to the standard Popular on live 

traffic. One more important paper is [41], and this work was 

based on [42]. What they have used here is information 

filtering. So, information filtering basically expels 

undesirable data from a data stream. To begin with, they 

completed an investigation/analysis of a user’s interest over a 

14-month time span for every class of article (categories as 

pre-characterized). In order to study the interest of the user, 

they basically used click distribution of the user. At that point 

they utilized Bayes guideline to predict a clients' enthusiasm 

for a specific timeframe. At that point, predictions made for 

specific period were joined to predict a client's interest for an 

extensive stretch. The expectations made till now were 

clients' certified interest.  
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Be that as it may, a user additionally gets affected by 

current news patterns, so Bayes rule is utilized to make 

forecasts utilizing click circulation of a short ongoing period 

(precedent an hour ago). At long last, users’ veritable interest 

is joined with current news patterns to get IF (article). This 

score for each article IF (article) is multiplied by 

collaborative filtering score for the article CF (article), and 

the last score after augmentation of CF (article) and IF 

(article) is utilized to rank the articles. The communitarian 

sifting score CF (article) is gotten from [31]. Utilizing this 

strategy, navigate/click rates (CTR) were improved by 30.9% 

after existing technique for example [42]. 

The previous papers we discussed dealt with news 

recommendation in particular but [43] does not talk about a 

particular domain but instead is interested in implicit 

feedback model in recommendation system. So, they 

basically use implicit feedback dataset. For finding the 

number of times a user ‘u’ did activity on a program ‘i’ (rui), 

they make use of latent factor models. Least square 

optimization technique was utilized with regularization to 

abstain from overfitting while finding the parameters to 

process rui. This methodology was to prescribe TV programs. 

The fascinating thing about this methodology was there was 

just positive criticism 

 
Fig. 3: Recommendation System Flowchart [48]  

 

and no negative input and this made the undertaking of 

suggestion substantially more troublesome. Assessment was 

finished by the clients themselves as they were given a 

rundown of TV programs arranged from most liked to least 

favored shows. Expected percentile rank was utilized for 

correlation where latent factor display beat both the models, 

namely neighborhoods and popularity. 

In [44], they have worked on the domain of music 

recommendation and they have focused on how to map 

implicit feedback to explicit ratings. They have studied the 

relationship between implicit feedback and explicit ratings 

and they have also done an analytic study on the impact of 

different other variables. To predict ratings, they use a linear 

model. So, they conducted a study in which they collected 

data based on users rating the album in a scale of 1 to 5. They 

had three variables for analysis, wherein implicit feedback 

was, how many times the customer played a particular song, 

worldwide popularity which indicated amassed play tally of 

all users on a given song and lastly, the recently played which 

indicated the time since the user played a given song last. All 

these values are then divided into bins – namely, low, 

medium, high. It was seen that quantized implicit feedback 

and the way in which ratings were distributed were 

connected, quantized recentness and the way in which rating 

were distributed were likewise related yet not as 

unequivocally as implicit feedback and no noteworthy 

connection was found between quantized worldwide 

prevalence and rating distribution. Examination of 

connection between different factors demonstrated some 

connection among recentness and implicit feedback just and 

no other pair. Linear Regression was utilized for the rating 

prediction utilizing three factors and RMSE (root mean 

squared error) was utilized for assessment. Four models were 

utilized for prediction, initial one was just with implicit 

feedback, in second one recentness was additionally included 

with implicit feedback, in third worldwide prominence was 

added to the second and in the fourth and last, a variable 

which was augmentation of implicit feedback and recentness 

was added to the third. The standard utilized was rating 

average. In spite of the fact that execution of all models was 

generally same, however, they all had normal improvement 

of 6.5% over the benchmark. There are likenesses and 

contrasts between the works depicted above The similitude 

and contrast is in the assessment metric or the evaluation 

metric, the features used in the model and the machine 

learning models used. There are papers which have utilized 

linear regression [44], [41] and logistic regression [44], yet 

none of them have demonstrated a comparison among them. 

In assessment, RMSE has been utilized [44] however a large 

portion of them have favored MAP and different other 

metrics, some have even tried their frameworks on live 

traffic.There are certain recommender systems who make use 

of hybrid approaches. A major part of hybrid technique is the 

combination of content based and collaborative based 

techniques. Hybrid technique was built for the fact that it 

could avoid limitations of both the techniques and at the 

same time draw the advantages of both of these techniques. 

However, there are different ways of combining these 

techniques to get a better hybrid recommender system: 

1. build “collaborative and content based” models and 

then combine them for prediction, 

2. some pros of content based or rather advantageous 

characteristics of it can be incorporated in 

collaborative system, 

3. some pros of collaborative based or rather 

advantageous characteristics of it can be 

incorporated in “content-based” system, and 
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4. fuse both content-based and collaborative based 

techniques [6]. 

The above methodologies have been experimented upon by 

recommender frameworks specialists, as portrayed below:  

1) Combination of recommenders which are separate: One 

way to build a hybrid system is to create content based and 

collaborative frameworks separately. At that point, we can 

have two unique situations. Initially, we can consolidate the 

yields (evaluations) acquired from these recommender 

frameworks into one final recommendation utilizing a linear 

combination of voting or rating scheme. On the other hand, 

we can utilize one of the individual recommenders, at some 

random minute utilizing the better one depending on the 

metric score. For instance, the DailyLearner framework 

chooses the recommender framework that can give the 

suggestion with the more elevated amount of certainty, while 

one paper picks the one whose proposal is increasingly 

reliable with past evaluations of the user [6]. 

2) Content-Based to Collaborative System:  A few hybrid 

recommender frameworks depend on conventional 

collaborative filtering methods yet in addition keep up the 

content based profiles for every user. These are then used to 

find similarity among users. As referenced in [6], this 

permits to beat some sparsity-related issues of a pure 

collaborative oriented methodology since, ordinarily, 

relatively few sets of users will have a critical number of 

normally rated items. Another advantage of this 

methodology is that users can be suggested an item not just 

when this item is evaluated exceptionally by users with 

comparable profiles, yet additionally straightforwardly, i.e., 

when this item scores very against the user’s profile. 

3) Collaborative to Content-Based Systems: This system 

use dimension reduction techniques. For instance, as per [6], 

latent semantic indexing is used (LSI) to make a 

collaborative oriented perspective on an accumulation of user 

profiles, where users are denoted by term vectors, bringing 

about an act improvement contrasted with the content based 

methodology. 

4) Fusion of both: Numerous analysts have pursued this 

methodology as of late. For instance, [6] make use of 

collaborative and content based filtering (e.g., could be the 

genre of movie or sex or age) in a single rule-based classifier. 

Some make use of probabilistic method for combining 

collaborative and content-based recommendation system. 

Also, in some cases Bayesian models are used that utilize 

Markov chain Monte Carlo strategies for parameter 

estimation and prediction [6]. 

In light of hybrid systems, let us discuss the latest hybrid 

system called LightFM. LightFM is a “hybrid model that 

incorporates both content-based recommendations and the 

transfer learning of collaborative filtering methods” [49]. It 

was developed by Lyst, a Fashion e-Commerce site based in 

London by Maciej Kula, in 2015. 

LightFM makes sense of what users like by learning 

connections that map users and user metadata to the tasks 

and undertaking metadata that they like. These connections 

are called embedding.' In a request to construct these 

inserting, LightFM uses three arrangements of data: the user 

metadata, the item metadata, and the interaction between 

them. 

For user metadata, we assemble a framework containing 

the majority of the master's business and expertise labels, just 

as chosen words from their profile slogan and 'About Me' 

segment. For instance, on account of movielens100k data, 

user feature matrix is assembled which essentially is a 

network of user versus attributes with 0 and 1 as entries. 

Correspondingly, for item metadata, we fabricate a matrix 

containing the venture's business labels, ability labels, 

chosen words from the task name and description, and 

spending range. On account of movielens100k information, 

it is an item feature lattice of movie vs genre with 0 and 1 as 

entries. 

Now we get the interaction matrix from the user and item 

matrix wherein we have entries of 0 and 1 and 1 represents an 

interaction and 0 represents no interaction. So, this is 

basically a matrix factorization of “user and item feature 

matrix”. 

LightFM then uses all these three matrices and solves for 

the embedding so that it can correctly predict the items. 

This framework is somewhat a combination of 

collaborative and content based method. It figures out how 

gatherings of specialists or experts or users cooperate with 

different activities or items, similar to a collaborative filter, 

yet it is additionally learning connections among user and 

item metadata, similar to a content based framework. By 

working in the two universes, LightFM gives us the qualities 

of both, and encourages us coordinate our various tasks to our 

similarly assorted specialists [15]. 

A. Phases of Recommendation System 

1) Information Collection: In this phase, the task is to 

collect as much data of users as possible which will help in    

Table I: Recommendation System Classification [6] 
Recommendation 

Approach 

Recommendation Techniques 

Heuristic-Based Model-Based 

Content-Based Commonly used 

Techniques: 

1. TF-IDF 

(Information 

Retrieval) 

2. Clustering 

Commonly used 

Techniques: 

1. Bayesian 

Approach 

2. Clustering 

3. Decision Trees 

4. Artificial 

Neural 

Networks 

Collaborative-Based Commonly used 

Techniques: 

1. Nearest 

Neighbor 

(Cosine, 

Correlation) 

2. Clustering 

3. Graph Theory 

Commonly used 

Techniques: 

1. Bayesian 

Approach 

2. Clustering 

3. Artificial 

Neural 

Networks 

4. Linear 

Regression 

5. Probabilistic 

Models 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075, Volume-8 Issue-7, May, 2019 

 

2159 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number: G6205058719/19©BEIESP 

Hybrid-Based Fusion of Content-Based 

and Collaborative-Based 

Filtering using: 

1. Linear 

combination 

of predicted 

ratings 

2. Various voting 

schemes 

3. Incorporating 

one 

component as 

a part of the 

heuristic for 

the other 

4. LightFM 

Fusion of Content-Based 

and Collaborative-Based 

Filtering by: 

1. Incorporating 

one 

component as 

a part of the 

model for the 

other 

2. Building one 

unifying 

model 

 

creating a user profile of important information. The data 

has to include user’s behaviour or explicit feedback as in age, 

gender, some useful preferences. This we do so that the 

recommendation system we built in the later stage can 

function in the most accurate manner [45]. 

2) Explicit Feedback: The system will ask the customer or 

the user using the interface to choose their preferences or 

assess some of the qualities through a questionnaire for 

example. So, the precision of the recommender system 

entirely banks on user’s input. The only drawback of this 

system is that users are required to take the assessment and 

some of them are not always ready to comply with the rule. 

Despite this, proves to provide trustworthy data and it 

similarly gives straightforwardness into the proposal 

technique that results in a to some degree higher suggestion 

quality and more trust in the proposal [46]. 

3)Implicit Feedback:  The system tracks and keeps record 

of the customer’s behaviour when online, for example, the 

pages the customer clicks on and spends time on, the activity 

he/she does on a particular webpage, the number of visits, the 

kind of items bought, etc. This in a way is effortless on the 

customer’s side as they are not asked to provide data. 

However, the data collected through this method may not be 

always accurate [46], [47]. 

 
Fig. 4: A flowchart depicting the phases of a recommendation 

process [48] 

4) Hybrid Feedback: Here, the data acquired through 

explicit feedback system and the data acquired through 

implicit feedback system is taken into account and combined 

to build a better hybrid model and also in that wat they 

overcome their limitations and hence provide a better 

recommender system. 

5) Learning Phases: This is the phase where the training 

of the data happens. All the information gathered in the 

information collection phase will be fed to the algorithm so 

that it learns all the uniqueness and characteristics and 

features about the user. 

6) Prediction/Recommendation Phase: This is the last 

phase of the recommendation system. Here, with the amount 

of information collected from the customers, the right 

products are recommended to the customer, explicitly or 

implicitly, either by memory based or through model based. 

[48]. 

B. Advantages 

E-commerce sites and other companies using 

recommender systems have their main focus on increasing 

the sales of their products and also build an overall easy and 

enticing customer experience. 

These systems are mainly used for speeding the search 

results of a customer and help them find products which they 

would’ve never found otherwise. 

What is more interesting is the fact that these companies 

are able to send personalized emails to each unique customer 

on new offers that interests the customers based on the 

customer’s preferences. This in a way helps customers build 

up a trust and hence not lose customers. Thus, it allows the 

companies to generate a large revenue out of it. 

C. Challenges and Limitations 

1) Data Sparsity: Due to the massive amount of data, the 

matrix that is used for prediction can be huge and 

also very sparse, which will eventually affect the 

performance of the recommendation system model. 

2) Scalability: Let’s take Netflix as an example. Netflix 

is the largest online movie streaming company in 

the world and it has millions of customers and 

millions of items which means the complexity of 

the problem of recommending unique items to each 

and every customer is a huge challenge. Also, these 

systems need to act in real time to every online 

movements and requirements. People are shifting 

to Big Data Technology platforms like Hadoop and 

Spark in order to meet such requirements. 

Cold Start Problem - A recommender system requires 

certain amount of information so that it can rightly predict 

products to its customers. When there is a lack of such 

information available, cold-start problems happen. There is 

so less information or no information at all available about 

newly joined customers that the system faces difficulty in 

drawing inferences in order to recommend items to newly 

joined individuals. 
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IV. CONCLUSION 

This study presents some of the techniques used in 

recommendation systems. Each of these techniques come 

with its own set of advantages and disadvantages. Hybrid 

systems by far have been proven to be the most effective in 

terms of scalability, performance and accuracy. LightFM 

model performs extremely well as compared to other models 

mainly because it uses a combination of both collaborative as 

well as content based filtering and also uses BPR and WARP 

as loss functions. The model proves very effective in the case 

of implicit feedback problem and cold-start problem. Hybrid 

systems were built for the fact that it could avoid limitations 

of both content-based and collaborative-based techniques 

and at the same time draw the advantages of both of these 

techniques. However, there is a continued research in this 

field for creating an even better model than ever before and 

will only continue to get better and better.  
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