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ABSTRACT :  
 

 Data mining is a procedure to discover designs at costly informational indices that include the 

intersection strategy of AI measurements and the database framework. The location recommendation 

helps people find attractive places with social and geographic information, but addresses the problem of 

cold start that can appear if we do not have enough information about the element. This is the situation 

that mostly occurs among new registered users. Due to human mobility, data is shared on social networks. 

One method is to incorporate them into explicit comments that are widely used in the research field of the 

recommendation system. They are often informed of the numerical rating of users to express their 

preferences. A content-aware collaborative filter framework based on implicit feedback in which 

information is easier to collect. The implicit feedback system performs passive tracking of different types 

of user behavior, such as purchase history, observation trends and persuasive movement to show user 

preferences. Do not does not have any immediate contribution from users with respect to preferences. 

And an efficient optimization algorithm used to scale linearly with the size of the data and the size of the 

characteristics and develop their relationship with the grafication of the Laplacian grid matrix of 

regularization. Finally, the data set of social networks based on the large-scale location in which the user 

profiles and content are obtained was used. 

Keywords: Location recommendation, cold-start problem, explicit feedback ,regularized matrix 

INTRODUCTION: 

As the cities are developing the no. Places, interests such as hotels, attractions and restaurants, offer 

people more opportunities than ever. People enjoy the neighbor and visit places to their interests. As a 

result, the location recommendation helps people discover more interesting places and accelerate the 

familiarization of users with their environment . Location-based social networks such as foursquare, 

jiepang and yelp make it possible to analyze human mobility data on a large scale, giving credit to 
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commercial opportunities for mobile advertising. Previous research has investigated mainly how to take 

advantage of spatial patterns, of human mobility. Some of these methods require that each user have 

sufficient training data, while others claim that the locations have accumulated sample textual 

information. Challenging them to address the cold start problem for location recommendation for new 

users. Fortunately, users are linked to twitter and weibo that collect information from users. Therefore, 

you can then exploit the cold start challenge and even improve the location recommendation. Frames 

require that negative locations that are not visited be displayed in low preferences. 

We proposed a new collaborative filter framework based on implicit feedback and based on implicit 

feedback to clean up negative sampling locations when dealing with all unvisited locations and the 

dispersed and weighted configuration of negative proposals to model preference trust. ICCF takes the user 

location preference matrix, a matrix of user characteristics and a matrix of location characteristics such as 

entries and maps of each user. The point product between two objects defines a preference score. For 

example, the product point between the last factor of the users as categories (for example: restaurant). The 

relative factor indicates a score of user preferences for the category. ICCF not only improves the location 

recommendation. But it also addresses the cold start problems of both new users and new locations. We 

propose the descent of coordinates for optimization. which scales linearly with the size of the data and the 

characteristic without any adjustment to the algorithm. We can easily determine whether or not to include 

the bias of the user / location by increasing the latent matrix of the user / location with a single vector or 

with all the vectors zero the incorporation of the user / The location bias can help even more to deal with 

the problems of scarcity, according to empirical studies. Through the analysis of ICCF, we establish its 

close relationship with the graph.Laplacian regularized matrix factorization offers a good explanation of 

the proposed algorithm, so that user characteristics refine the similarity between users in the implicit 

feedback. Next, we apply ICCF for the location recommendation based on human mobility data of more 

than 18M visits records of 265K users obtained from a location The locations of the social networks 

based have two levels of categories and geographic information based on the results of the evaluation of 

the cross-validation of 5 times in the mobility data corresponding to the case of hot start. cross-validation 

by dividing users into 5 non-overlapping groups. The results indicate that both the user profile and the 

semantic content are useful to block the cold start problem in the location recommendation based on 

human mobility data. 

RELATED WORK:  

 

Location recommendation is the main issue in location-based services. Of the types of 

recommended elements, the main research focuses on practices in a particular type of location and others 

in any type of location. For example, D.Lian has developed a collaborative filtering based on human 
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mobility. C.Cheng designed a recommendation system based on location and conscious of interests using 

geographically labeled social media, W. Zhang proposed a social collaboration aware of the location and 

time for new successive recommendations of IDPs. In this study, for the most part, we study the effects of 

user information instead of location information, while addressing the problem of cold start. As an 

additional factor, we proposed a recommendation framework based on human mobility data, which 

includes any characteristic without a deep understanding of the factoring model. In addition to the 

existing work, all the characteristics of the implicit feedback will not be taken and most require a 

preferred location sampling negatively by the unvisited. Content-aware collaborative filtering is the 

combination of content-based recommendation and collaborative filtering. In some common algorithms 

the latent factor model is included, SVD features have been proposed, etc. These algorithms are mostly 

similar to each other in the representation of the model but different in terms of optimization algorithms. 

In the first algorithm, it uses sampling methods for the latent factor. In the midst of major research work, 

some methods implemented in an open source framework and widely , It is used in many applications, 

such as the recommendation of the music recommendation film and friendship prediction, but these do 

not work due to its great power. Most algorithms are assigned for explicit feedback with negative and 

positively preferred samples and are optimized compared to the non-zero attributes of the user rating 

matrices. The complexity of time is linear in proportion to the number of entities other than zero in the 

rating matrices. In this existing framework, we represent a corresponding number of elements with 

negative preference with positive for the purpose of efficiency. Unlike the algorithm, we proposed a 

content-aware collaborative filter based on implicit comments and effective labels. Demerits by treating 

items not preferred by users as negative while giving them less confidence for negative preferences and 

achieving linear time optimization. 

 

FRAMEWORK: 

 

It consists of two types of evaluation. One is the suggestion in the frame, alluding to making proposals for 

users who have a portability history in the frame. You can see the improvements by presenting user 

profiles and printed content. The other is a suggestion outside the network, which suggests areas for users 

who do not have portability information. Due to the suggestion of the network, we randomly divide each 

user's portability information into five parts. For each fold, we fit a model to the next four folds (piece 

preparation) and test the internal areas of overlap for each user. We structure an anticipated inclination for 

the retained set that produces a summary of the best prescribed areas, and then calculate the 

measurements. After the evaluation of each overlay, we inform the arrival at the midpoint of the 

measurements. Because of the lattice suggestion, we randomly divide all users into five folds. For each 

overlay, we fit a model to the submatrix formed by out-of-fold clients (preparation part), and after that we 
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tested the proposals for each user in the areas visited within the folds. Since each user in the test crease 

needs to prepare information, the community-oriented separation pumps for this situation. In light of 

these two plans, we first look at the ICCF, and then we reflect on the impacts of user profiles, moreover, 

the literary substance, followed by the clarification of its impact on the performance gain. Despite the 

execution of the proposal, examine the productivity and the assembly of the proposed calculation finally. 

 

 

 

 

 

 

 

 

 

 

 

 

CONCLUSION: 

 

In this document, we propose an ICCF framework for collaborative filtering that takes content into 

account from implicit feedback data sets, and we develop the descent of coordinates for efficient and 

effective parameter learning. We establish the close relationship of ICCF with the factorization graph of 

the regular Laplacian matrix and show that user characteristics actually refine the similarity of mobility 

among users. Then we apply  ICCF for location recommendation in a large-scale LBSN data set. The 

results of our experiments indicate that ICCF is superior to five competing base lines, including two state-

of-the-art location recommendation algorithms and a classification-based factoring machine. When 

comparing different weighting schemes for the negative preference of unvisited locations, we observed 

that the user-oriented scheme is superior to the element-oriented scheme, and that the dispersed and one-

range configuration significantly improves the performance of the recommendations. The assessment of 

biases reveals that they play an important role in recommending dispersed data sets. By studying the 

effects of user profiles and semantic content, we find that they improve the recommendation in hot start 

cases and help solve cold start problems. Finally, we empirically study the efficiency and convergence 

problems of the proposed algorithm, and note that the descent of coordinates is more slowly convergent 

than the alternative minimum square, but the differences in its recommendation yields and the differences 
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in its objective values are subtle after dozens of iterations. Involving the descent of coordinates is a better 

option for learning parameters. 
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