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ABSTRACT: We develop a novel framework, named as l-injection, to address the sparsity problem of recommender systems. 

By carefully injecting low values to a selected set of unrated user-item pairs in a user-item matrix, we demonstrate that top-N 

recommendation accuracies of various collaborative filtering (CF) techniques can be significantly and consistently improved. 

We first adopt the notion of pre-use preferences of users toward a vast amount of unrated items. Using this notion, we identify 

uninteresting items that have not been rated yet but are likely to receive low ratings from users, and selectively impute them as 

low values. As our proposed approach is method-agnostic, it can be easily applied to a variety of CF algorithms. Through 

comprehensive experiments with three real-life datasets (e.g., Movielens, Ciao, and Watcha), we demonstrate that our solution 

consistently and universally enhances the accuracies of existing CF algorithms (e.g., item-based CF, SVD-based CF, and 

SVD++) by 2.5 to 5 times on average. Furthermore, our solution improves the running time of those CF methods by 1.2 to 2.3 

times when its setting produces the best accuracy. 

INTRODUCTION: 

  

To develop a novel framework, named as l-

injection, to address the sparsity problem of 

recommender systems. By carefully injecting low 

values to a selected set of unrated user-item pairs in a 

user-item matrix, to demonstrate that top-N 

recommendation accuracies of various collaborative 

filtering (CF) techniques can be significantly and 

consistently improved. First adopt the notion of pre-

use preferences of users toward a vast amount of 

unrated items. Using this notion, the system identifies 

uninteresting items that have not been rated yet but 

are likely to receive low ratings from users, and 

selectively impute them as low values. As our 

proposed approach is method-agnostic, it can be 

easily applied to a variety of CF algorithms. Through 

comprehensive experiments with three real-life 

datasets (e.g., Movielens, Ciao, and Watcha), we 

demonstrate that our solution consistently and 

universally enhances the accuracies of existing CF 

algorithms (e.g., item-based CF, SVD-based CF, and 

SVD++) by 2.5 to 5 times on average. Furthermore, 

our solution improves the running time of those CF. 

 

The goal of recommender systems (RS) is to suggest 

appealing items (e.g., movies,books, or news articles) 

to a user by analyzing her prior preferences. As a 

large number of online applications use RS as a core 

component, improving the quality of RS becomes a 

critically important problem to businesses. Among 

existing solutions in RS,in particular, collaborative 

filtering(CF) methods have been shown to be widely 

effective. Based on the past behavior of users such as 

explicit user ratings and implicit click logs, CF 

methods exploit the similarities between users 

behavior patterns.However, when the fraction of 

known ratings in a rating matrix R is overly small (so 

called data sparsity problem), CF method to suffer. 
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For an R with m users and n items, if to assume that 

each user has rated k items on average, fraction of 

rated items in R is k n(=mmn). Asymptotically, such 

a fraction of rated items in R is extremely small 

(i.e.kn). It is common for an e-business to sell 

millions of items with a very long tail, and many 

users rate very few items (i.e.,cold-start users). The 

goal of this work is to mitigate such a data sparsity 

problem to improve top- N Recommendation 

accuracies of CF methods. 

To summarize, our main contributions are as follows: 

introduce a new notion of Uninteresting items, and 

classify user preferences into pre-use and post-use 

preferences to identify uninteresting items. That is 

proposed to identify uninteresting items via pre- use 

preferences by solving the problem and show its 

implications and effectiveness. To suggest low-value 

injection (called l injection) to improve the accuracy 

of top-N recommendation in existing CF 

algorithms.To evaluate the proposed solution with 

three real- life datasets, and demonstrate that our 

solution consistently outperforms baseline CF 

methods e.g item-based CF, SVD-based CF, and 

SVD++) with respect to accuracy (by 2.5 to 5 times) 

and running time (by 2.5 to 5 times) on average. The 

remainder of this paper is organized as follows., They 

explain the preliminaries of our approach we present 

our approach. To evaluate our approach by 

comparing it with existing methods via extensive 

experiments. 

 

 

LITERATURE SURVEY: 

In general, CF methods are categorized into two 

approaches: memory-based and model-based . First, 

memory based methods predict the ratings of a user 

using the similarity of her neighborhoods, and 

recommend the items with high ratings. Second, 

model-based methods, build a model capturing a 

users’ ratings on items, and then predict her unknown 

ratings based on the learned model. Most CF 

methods, despite their wide adoption in practice, 

suffer from low accuracy if most users rate only a 

few items (thus producing a very sparse rating 

matrix), called the data sparsity problem. This is 

because the number of unrated items is significantly 

more than that of rated items. To address this 

problem, some existing work attempted to infer 

user’s  ratings on unrated items based on additional 

information such as clicks.[1] Location-based-

services (LBSs) may be built on top of microblogs to 

provide for targeted advertisement, news 

recommendation,oreven microblogs 

personalization.[2] Appropriate motivation is relevant 

assuring continuous participation. This paper presents 

a new method of designing a community based 

computing environment that uses motivation analysis 

in determining the most probable critical software 

features that will maximize continuous user 

participation. [3] People make tweets on whatever 

events they are seen in their day to day life. In this 

paper, we take advantage of this for detecting road 

traffic by using tweets related to traffic and accidents. 

[4] The public nature of this data makes it a prime 

candidate for data mining. Twitter users publish 140-

character long messages and have the ability to geo-

tag these tweets using a variety of methods. [5] . 

These include the development of new sentiment 

word mining method based on three wording 

standards and point-wise metrics. [6] To explore 

several different classifier types on this dataset. We 

show the degree to which classifier accuracy varies 

based on tweet volumes as well as when various 

kinds of profile metadata. [7] To we compare both 
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the Gaussian Mixture Model (GMM) and the 

Maximum Likelihood Estimation (MLE). [8] The 

content-based, collaborative, and hybrid 

recommendation approaches. This paper also 

describes various limitations of current 

recommendation methods. [9] The rating servers 

predict scores based on the heuristic that people who 

agreed in the past will probably agree again. [10] The 

context is defined in its own latent space, which can 

be independent of that of the user and item. In 

addition, instead of modeling the relevance between 

the user/item and context, the proposed approach 

includes an additional layer of latent space for the 

user given a context, and an additional layer of latent 

space for the item given a context 

Challenge for online shopping: 

“Online shoppers have an entire global marketplace 

at their fingertips. They expect that there is always a 

way to get the product they want, shipped where they 

want when they want it. This creates both 

opportunities and challenges for retailers,” Snyder 

said further.According to the survey, “Click-and-

collect” – purchasing online and picking up in store – 

is now common practice for 40 percent of global 

online shoppers, up from 28 percent the previous 

year. In the US alone, this option is exercised by 46 

percent of online shoppers versus 27 percent in the 

previous year. And the practice is most common in 

Hong Kong where 69 percent shoppers click-and-

collect.The survey also found out that 62 percent of 

retailers have a cross-border e-commerce business 

today. And the vast majority of retailers who don’t 

offer cross-border, plan to in the next 12 months." 

 

 

        Needs of Customer: 

 Consumer Wants: In the era of internet and 

smartphone consumers are able to make 

more informed choices. They want to 

embrace a better shopping experience and 

expect prompt and faster response to their 

queries from retailers. 

 Retailers Need: As consumers’s have got a 

fleet of channels, such as social media, 

mobile and internet, to get connected with 

brands and representatives, Retailers need to 

be more attentive and volatile to the 

customers. The report highlights in such 

changing equations what are the set of 

hurdle retailers are facing to improve their 

relationship with customers. 

Conclusion: 

To propose in this method, l-

injection, for uninteresting items by using a 

new notion of pre-use preferences. This 

approach significantly alleviates the data 

sparsity problem but also effectivelyprevents 

those uninteresting items from being 

recommended. Because the proposed 

approach ismethod-agnostic, it can be easily 

applied to a wide variety of existing CF 

methods. Throughcomprehensive 

experiments, to successfully demonstrated 

that the proposed approach is effectiveand 

practical, dramatically improving the 

accuracies of existing CF methods (e.g., 

item-basedCF, SVD-based CF, and SVD++) 

by 2.5 to 5 times. Furthermore, our approach 

improves therunning time of those CF 

methods by 1.2 to 2.3 times when its setting 

produces the bestaccuracy. 
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Future work: 

We improve the efficiency of successfully 

demonstrated that the proposed 

approach is effective and practical, 

dramatically improving the accuracies of 

existing CF methods by 2.5 to 5 times. 
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