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Abstract— the growth of the Internet has made it much more 

difficult to effectively extract useful information from all the 

available online information. Recommender systems tend to 

suggest items which are both unexpected and useful to 

users. These items are not only profitable to the retailers but 

also surprisingly suitable to consumers’ tastes. Due to the 

imbalance in observed data for popular and tail items, 

existing methods fail to give results with novelty. User 

satisfaction with recommender systems is related to how 

accurately the system recommends and how much it 

supports the user’s decision making. Because being accurate 

is not enough, because the quality of recommendation is 

also important. The Recommended quality is defined to 

meet or exceed expectations of customer, and, the user will 

not only be satisfied with some of the Repeated and “not so 

interesting” recommendation. We studied the papers to 

understand how novelty can be introduced in 

recommendations to improve user satisfaction.   
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I. INTRODUCTION 

Recommender systems tend to gain popularity and 

importance. The traditional algorithms used in the 

recommender system determine the efficiency of the 

recommender systems. The requirement of today’s 

recommender systems   is to find the appropriate algorithms 

to meet users' expectations. Till now the research carried out 

has focused on improving the accuracy of recommender 

systems. But today most algorithms focus on improving the 

accuracy of the recommender systems, because providing 

accuracy alone is inadequate. An example is as follows: 

Imagine you are having a video recommender 

system. Suppose all of the recommendations you got are for 

videos you already know and watched. Would you like to 

use such a system? Absolutely not, on the accuracy of the 

example has good performance, but it gives repeated 

redundant and nothing new recommendation.  

A. Evaluating Recommender System 

The multiple characteristics of recommendation systems 

lead us to consider multiple dimensions for recommender 

system evaluation [1]. Just one dimension and metric for 

evaluating the variety of recommendation systems and 

application domains is too much simplistic to obtain a 

nuanced evaluation of the approach as applied to the 

domain. The author [1] investigated a variety of dimensions 

that may be used to play an important role in evaluating a 

recommendation system. We listed these dimensions below 

according to  their relative  importance, along with the 

characteristics to measure the dimension. Some of these 

dimensions are qualitative characteristics while others are 

quantitative. 

They have grouped these dimensions into four 

categories, depending on different aspects of the 

recommendation system. The categories they used are: 

Recommendation-centric, User-centric, System-centric and 

Delivery-centric. 

Recommendation-centric dimensions assess the 

recommendations generated by the recommendation system 

itself: by their coverage, correctness, diversity and level of 

confidence in the produced recommendations.  

User-centric dimensions used to assess the degrees 

to which the recommendation system under evaluation 

fulfils its target end-user needs. This includes 

trustworthiness, novelty, serendipity, utility of the 

Recommendations from the users’ perspective, and risks 

associated with the recommendations produced from the 

users’ perspective. 

System-centric dimensions principally provide 

ways to gauge the recommendation system itself, rather than 

the recommendations or user perspective. It  include 

assessment of the robustness of the recommendation system, 

its learning rate given new data, its scalability given data 

size, its stability under data change, and degree of privacy 

support in the context of shared recommendation system 

datasets. 

Delivery-centric dimensions primarily focus of the 

recommendation system in the context of use, including its 

usability (broadly assessed) and support for user 

configuration and preferences. 

 
Fig. 1: Dimensions for Recommender Evaluation [1] 

- Trustworthiness can be defined how trustworthy your 

recommendations are? 

- Recommender confidence can be defined how confident 

is the recommendation system in its recommendations? 

- Novelty can be defined how successful is the 

recommendation system in recommending items that 

are new or unknown to users? 

- Serendipity can be defined to what extent has the 

system succeeded in providing surprising yet beneficial 

recommendations? 

- Utility can be defined what is the value gained from this 

recommendation for users? 

- Risk can be defined how much user risk is associated in 

accepting each recommendation? 
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- Robustness can be defined how tolerant is the 

recommendation system to bias or false information? 

- Learning rate can be defined how fast can the system 

incorporate new information to update its 

recommendation list? 

- Usability can be defined how usable is the 

recommendation system? Will it be easy for users to 

adopt it in an appropriate way? 

- Scalability can be defined how scalable is the system 

with respect to number of users, underlying data size 

and algorithm     performance? 

- Stability can be defined how consistent are the 

recommendations over a period of time?  

- Privacy can be defined are there any risks to user 

privacy? 

- User preference can be defined how do users perceive 

the recommendation system? 

II. NOVELTY IN RECOMMENDER SYSTEM 

Novelty recommendations are recommendations for items 

that the user did not know about. For applications that 

require novel recommendations the obvious and easy way to 

implement an approach is to filter out items that the user 

already used. It will reduce trust in the system, resulting in 

the loss of the user. When using a recommender system such 

as those of online stores (Amazon.com, Netflix, etc.) one 

might experience the problem as shown in Figure. Because 

the user profile is composed of a couple of Beatles’ albums, 

a recommendation engine focused only on accuracy may 

provide a list having other albums of the Beatles and a some 

of other authors (Pink Floyd, Bob Dylan). Although it is 

highly probable that the user will also like the recommended 

albums, it is clear that the recommendation is not very 

useful. 

 
Fig. 2: Not So Useful Recommendations [15] 

 

- The lack of diversity, probably a smaller sample of 

albums from the Beatles would have been as useful to 

discover the work of the band and would have given 

space for other interesting music from other authors; 

and  

- The lack of novelty, since the Beatles are a massive 

word-wide known band for which a recommender 

system is not even required.  

Besides the decision to which items to recommend, 

an additional aspect to consider is the order those are 

recommended. The problem here is  when a 

recommendation consists a selection of the top-n items with 

highest-predicted relevance for the target user, the order in 

which these are presented influences the user perception.  

Novelty in recommendation is relevant to show the 

Long Tail effect, which is the situation where some items 

are more popular and some of them are less popular (Figure 

1.3). Recommender systems gives benefit by recommending 

less known items to more users instead of recommending on 

highly-popular items [7]. 

 
Figure 1.3.The long tail effect [7] 

III. DEFINITION OF NOVELTY 

Generally item novelty can be defined as the difference 

between an item and “what has been observed” in some 

context.  

According to Wordnet dictionary [5] 

(http://wordnet.princeton.edu), novel (adj.) has two senses: 

“New–Original and of a kind not seen before”; 

“Refreshing–pleasantly new or different”. 

e.g. familiar (adj.) is defined as “well known or easily 

recognized”.[5] 

According to the definition, “Novel item” Should 

have the following three characteristics: 

1) Unknown: The item is unknown to the user; 

2) Satisfactory: The item is satisfied for the user; 

3) Dissimilarity: The item is dissimilar to items in profile 

of the user. 

Recommendation system explicitly obtaining 

information about unknown and satisfactory of items may 

destroy user experience, so it is advisable to infer only the 

possibility of unknown and satisfactory of items from 

profile of user. Suppose dis (i, profu) is dissimilarity 

between item I and the set of items in user’s profile, the 

definition of novelty as follows [5] 

Novelty (i, u) = p (i | like, u) × p (i | unknown, u) × dis ( i, 

profu)     (5) 

Traditional recommendation algorithm is mainly 

predicting the possibility of the user like the item by using 

user’s preferences from his profile history. It considered the 

first aspect of the novelty. The novelty in recommender 

systems refers to how different the recommended objects are 

with respect to what the users have already seen before. [10] 

IV. NOVELTY MODELS 

A. Distance based Item Novelty Model 

Relative novelty can also be modeled with respect to a set of 

items on a Euclidean view. This can be defined as the 

average or minimum distance between the item at hand [12], 

and the items in the set: 

Novelty (i/s)=min d(I,j)    (6) 

Where d is some distance measure. The distance can be 

defined e.g. as  

d (i,j)= 1- sim(i,j)     (7) 

For some similarity measure (cosine-based, 

Pearson correlation, etc., normalized To [0,1]) in terms of 

the item features (content-based view) or their user 

interaction Patterns (collaborative view).  
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B. Popularity Based Item Novelty Model 

The novelty of an item can be defined relative to a set of 

observed events on the set of all items. A common way to 

formalize the generic novelty of an item is by the amount of 

information its observation conveys, in terms of some 

distribution involving the item. This is expressed in 

Information Theory as: 

Novelty (i) =I (i) =-log2 p (i)   (8) 

Where p(i) represents the probability that  i is observed, and 

I(i) commonly called self-information or surprisal. 

A user-relative novelty variant can be defined by  

Novelty (i/u)=-log2 p(i/u)   (9) 

This amounts to restricting our observations to the target 

user: 

Discovery-based popularity model is to consider 

the probability p(k/i) that an item is known or is familiar to 

(rather than chosen by) a random user. In this case, we 

define generic and user-relative novelty respectively as: 

Novelty (i)=1-p(k/i)    (10) 

Novelty (i/u)=-log2 p(k/I,u)   (11) 

C. Novelty Ground Models 

The models upon which novelty is defined in the previous 

section can use different estimation approaches, depending 

on the availability and type of observation data, the choice 

of random variables and any additional restriction on the 

observed events upon which the distributions are 

estimated[12]. We broadly distinguish three main categories 

of user-item relationships: 

1) Choice: an item is used, picked, selected, accessed, 

browsed, bought, etc. It is common to have a frequency 

associated to this event, though the relation can also be 

binary (e.g. one-time purchase). 

2) Discovery: an item has/has not been seen before. This is 

understood as a binary fact, independently from the 

frequency of interaction, or the degree of enjoyment / 

dislike. 

3) Relevance: in the context of RS, relevance can be 

related to notions of preference, i.e. how much a user 

likes or enjoys an item, or how useful the item is. 

 
Fig. 1.4: Choice, Discovery And Relevance: Ground Models 

[12] 

A chosen item must obviously be seen, and 

relevant items are more likely to be chosen than irrelevant 

ones. As a simplification, They [12] assume relevant items 

are always chosen if they are seen (as illustrated in Figure 

1..4), irrelevant items are never chosen, and items are 

discovered independently from their relevance. In terms of 

probability  

Distribution, all these assumptions can be expressed as: 

 

p(choosen)~p (seen)p (relevent)                   (12) 

In general terms, ( 1) reflects a factor of item 

popularity, whereby high novelty values correspond to long-

tail items few users have interacted with, and low novelty 

values correspond to popular head items. If we wish to 

emphasize highly novel items, we may also consider the log 

of the inverse popularity: 

nov (i | )=-log2 p(seen |i, )               (13) 

V. RELATED WORK 

Time rolls on and shadow falls but the work carried out by 

the eminent personalities will always be the stepping-stone 

for the future revelations. As the saying in all matters 

success depends on preparation without preparation there 

will always be failure. This section briefly discusses about 

the previous work carried out by the researchers which are 

related to topic and helped to build platform for my work. 

The drawbacks of developing recommender 

systems with accuracy as the single goal have been 

articulated in recent research. For example, it is argued in 

McNee and Konstan [2006] that recommendation evaluation 

needs to move beyond conventional accuracy metrics. 

Wen Wu et.al. Understanding Various Evaluation 

criteria beyond traditional Accuracy for various 

recommender algorithms to judge meaningful performance 

of algorithm. They compared five algorithms from different 

facets and proved that the preference of different algorithms 

varies from person to person. [5] 

Neil Hurley et.al. Studied solution strategies to the 

optimization problem and demonstrate the importance of the 

control parameter in obtaining desired system performance. 

To better capture the user’s range of tastes, they partition the 

user profile into clusters of similar items and compose the 

recommendation list of items that match well with each 

cluster, rather than with the entire user profile. It is used to 

Increase the probability of retrieving unusual or novel items 

which are relevant to the user and introduce a methodology 

to evaluate their performance in terms of novel item 

retrieval. They formulated the trade-off between diversity 

and matching quality as a binary optimization problem, with 

an input control parameter allowing explicit tuning of this 

trade-off. [23] 

Liang Zhang et.al. Studied research results about 

definition and algorithm of novel recommendation, and 

define novelty of item in recommendation system. User 

satisfaction and support to the user’s decision making using 

Novelty. The novelty to recommend can effectively 

recognize the item that the user is familiar with and ensure 

certain accuracy. [16] 

Liang Zhang et.al. Embedded Dissimilarity and the 

time-popularity in the traditional collaborative filtering 

algorithm. By using time popularity outdated popular items 

can better identified. The Ability of predicting user’s future 

needs and coverage of recommended list improved, and 

Ability of recommended long tail items were enhanced. [11] 

Pablo Castells et.al. To derive metric schemes that 

take item position and relevance into account, addressed in 

the novelty and diversity metrics.Two novel features in 

novelty and diversity measurement, ranking sensitivity and 

relevance-awareness are introduced in a generalized way. 

[12] 
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Qiang Guo et.al. Presented an improved algorithm, 

called biased heat conduction (BHC), which could 

simultaneously enhance the accuracy and diversity. This 

algorithm is used to simultaneously identify users’ 

mainstream and special tastes, resulting in better 

performance than the standard heat conduction algorithm. 

Recommendation lists generated by the BHC algorithm are 

of competitively higher diversity and remarkably higher 

accuracy than those generated by the standard HC 

algorithm. [22] 

Punam Bedi et.al. (1) Proposed a new Novelty 

Score (NS) metric based on item frequency and inverse user 

frequency for unseen items. (2) Proposed Modified 

Collaborative Filtering Approach for Novel 

Recommendations (MCFNR) which utilizes this metric to 

generate novel recommendations. This is applicable in 

MCFNR eradicates the problem of popularity bias while 

keeping the relevance by introducing the concept of novelty 

in the recommendations. The results show that the value of 

evaluation metrics for MCFNR is better than the CF 

technique which implies that, recommendation quality for 

novel recommendation outperforms the traditional 

collaborative filtering technique for persistent users. [24] 

Jinoh Oh et.al. Proposed an efficient novel-

recommendation method called Personal Popularity 

Tendency Matching (PPTM) which recommends novel 

items by considering an individual’s Personal Popularity 

Tendency. PPT helps to diversify recommendations by 

reasonably penalizing popular items while improving the 

recommendation accuracy. By experiments they show that 

this method, PPTM, is better than other methods in terms of 

both novelty and accuracy. [13] 

de Master et.al. Proposed an Information Retrieval 

approach to the evaluation and enhancement of novelty and 

diversity in Recommender Systems and a new formalization 

and unification of the way novelty and diversity are 

evaluated on Recommender Systems, considering rank and 

relevance as additional and meaningful aspects for the 

evaluation of recommendation lists. Which provide new 

ways of stating, formalizing and addressing the problems of 

novelty and diversity in RS and Metric framework for 

novelty and diversity provides a platform for analysis of 

common components of metrics based on simple properties 

of recommendation lists. The Experiments conducted on 

datasets from Movie Lens and Last.fm provided empiric 

evidence of the effectiveness of their IR diversification 

approach and allowed for observation and analysis of the 

characteristics of the different metrics derived from the 

framework. [14] 

Praveen Chandar et.al. Modeled the expected 

utility of a ranked list by estimating the utility of a document 

at a given rank using preference judgments and define 

evaluation measures based on the same. Which can easily 

handle relevance assessments against multiple user profiles, 

and that they are robust to noisy & incomplete judgments 

and also most well-suited for assessments done by crowd-

sourcing. They incorporates novelty and diversity, but can 

also incorporate any property that  influences user 

preferences for one document over another also  has several 

advantage over the existing measures based on explicit 

subtopic judgments. [17] 

 

Qihua Liu et.al. They integrated a user preference 

matching algorithm based on communities of interests and a 

diverse information recommendation algorithm based on 

trustable neighbors to develop a hybrid information 

recommendation model that allows for both accuracy and 

diversity. In a personalized recommender system which 

provides users with customized information by mining the 

binary relations between users and items. This model can 

increase the diversity of recommendations with only a 

minimal loss of accuracy. [18] 

Moreira et al. observed that by focusing on 

recommendations of long-tail items, which are usually more 

interesting for users, it was possible to reduce the bias 

caused by extremely popular items and to observe a better 

alignment of accuracy results in offline and online 

evaluations. [25] 

Elbadrawy et.al. Proposed method for top-n 

recommendation of new items given binary user 

preferences. Learning multiple global item similarity 

functions and learning user-specific weights that determine 

the contribution of each global similarity function in 

generating recommendations for each user. [26] 

Gediminas Adomavicius et al. introduced a number 

of item re-ranking methods that can generate substantially 

more diverse recommendations across all users while 

maintaining comparable levels of recommendation 

accuracy. [15] 

Moreira et al. proposed method to reduce the bias caused by 

extremely popular items and to observe a better alignment of 

accuracy results in offline and online evaluations [24] 
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