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ABSTRACT 

Social voting is an emerging new feature in 

online social networks. It poses unique 

challenges and opportunities for 

recommendation. In this paper, we develop a set 

of matrix-factorization (MF) and nearest-

neighbor (NN)-based recommender systems 

(RSs) that explore user social network and group 

affiliation information for social voting 

recommendation. Through experiments with real 

social voting traces, we demonstrate that social 

network and group affiliation information can 

significantly improve the accuracy of popularity-

based voting recommendation, and social 

network information dominates group affiliation 

information in NN-based approaches. We also 

observe that social and group information is 

much more valuable to cold users than to heavy 

users. In our experiments, simple metapath-

based NN models outperform computation-

intensive MF models in hot-voting 

recommendation, while users' interests for 

nonhot votings can be better mined by MF 

models. We further propose a hybrid RS, 

bagging different single approaches to achieve 

the best top-k hit rate. 

 

I.INTRODUCTION 

 

ONLINE social networks (OSN), such as 

Facebook and Twitter, facilitate easy 

information sharing among friends. A user not 

only can share her updates, in forms of text, 

picture, and video, with her direct friends, but 

also can quickly disseminate those updates to a 

much larger audience of indirect friends, 

leveraging on the rich connectivity and global 

reach of popular OSNs. Many OSNs now offer 

the social voting function, through which a user 

can share with friends her opinions, e.g., like or 

dislike, on various subjects, ranging from user 

statuses, profile pictures, to games played, 
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products purchased, websites visited, and so on. 

Taking like– dislike type of votings one step 

further, some OSNs, e.g., Sina Weibo [20], 

empower users to initiate their own voting 

campaigns, on any topic of their interests, with 

use customized voting options. The friends of a 

voting initiatorcan participate in the campaign or 

retweet the campaign to their friends. Other than 

stimulating social interactions, social voting also 

has many potential commercial values. 

Advertisers 

can initiate votings to advertise certain brands. 

Product managers can initiate votings to conduct 

market research. E-commerce owners can 

strategically launch votings to attract more 

online customers. The increasing popularity of 

social voting immediately brings forth the 

“information overload” problem: a user can be 

easily overwhelmed by various votings that were 

initiated, participated, or retweeted by her direct 

and indirect friends. It is critical and challenging 

to present the “right votings” to the “right users” 
so as to improve user experience and maximize 

user engagement in social votings. 

Recommender systems (RSs) deal with 

information overload by suggesting to users the 

items that are potentially of their interests. In 

this paper, we present our recent effort on 

developing RSs for online social votings, i.e., 

recommending interesting voting campaigns to 

users. Different from the traditional items for 

recommendation, such as books and movies, 

social votings 

propagate along social links. A user is more 

likely to be exposed to a voting if the voting was 

initialized, participated, or retweeted by her 

friends. A voting’s visibility to a user is highly 

correlated with the voting activities in her social 

neighborhood. Social propagation also makes 

social influence more prominent: a user is more 

likely to participate in a voting if her friends 

have participated in the voting. Due to social 

propagation and social influence, a user’s voting 

behavior 

is strongly correlated with her social friends. 

Social voting poses unique challenges and 

opportunities for RSs utilizing social trust 

information [14], [26], [28], [32], [34]. 

Furthermore, voting participation data are binary 

without negative samples. It is, therefore, 

intriguing to develop RSs for social voting. 

Toward addressing these challenges, we develop 

a set of novel RS models, including matrix-

factorization (MF)-based models and nearest-

neighbor (NN)-based models, to learn user-

voting interests by simultaneously mining 

information 

on user-voting participation, user–user 

friendship, and usergroup affliction. We 

systematically evaluate and compare the 

performance of the proposed models using real 

social voting traces collected from Sina Weibo. 

The contribution of this 

paper is threefold. 

1) Online social voting has not been much 

investigated to our knowledge. We develop MF-

based and NN-based RS models. We show 

through experiments with real social voting 

traces that both social network information and 

group affiliation information can be mined to 

significantly improve the accuracy of popularity-

based voting recommendation. 

2) Our experiments on NN-based models 

suggest that social network information 

dominates group affiliation information. And 

social and group information is more 

valuable to cold users than to heavy users.1 

3) We show that simple metapath-based NN 

models outperform computation-intensive MF 

models in hot-voting recommendation, while 

users’ interests for nonhot votings can be better 

mined by MF models. The rest of this paper is 

organized as follows. Section II presents the 

related work. We provide a quick overview on 
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the social voting function of Sina Weibo and 

present measurement results of our data set in 

Section III. In Section IV, we first develop a 

multichannel MF model that simultaneously 

mines user-voting, user–user, and user-group 

information. We then propose several NN 

models based on different metapaths in the 

heterogeneous information network. 

Experimental results are presented in Section V. 

This paper is concluded in Section VI. 

 

II.EXISTING SYSTEM 

 Gao et al. studied the content information on 

location based social networks with respect 

to point-of-interest properties, user interests, 

and sentiment indications, which models 

three types of information under a unified 

point-of-interest recommendation 

framework with the consideration of their 

relationship to check-in actions. In contrast, 

online social votings are quite different from 

the traditional recommendation items in 

terms of social propagation. 

 Different from the existing social-based 

RSs, besides social relationship, our models 

also explore user-group affiliation 

information. We study how to improve 

social voting recommendation using social 

network and group information 

simultaneously. 

 One-class collaborative filtering (OCCF) 

deals with binary rating data, reflecting a 

user’s action or not. In OCCF, only positive 

samples are observed, and there are a large 

number of missing entries. 

DISADVANTAGES OF EXISTING 

SYSTEM 

 Trust-CF does not work with binary data 

set, as the weighted average of all observed 

items is 1. 

 It is critical and challenging to present the 

“right votings” to the “right users”. 

 Social voting poses unique challenges and 

opportunities for RSs utilizing social trust 

information. 

 

III.PROPOSED SYSTEM 

 In this paper, we present our recent effort on 

developing RSs for online social votings, 

i.e., recommending interesting voting 

campaigns to users. 

 We develop a set of novel RS models, 

including matrix-factorization (MF)-based 

models and nearest-neighbor (NN)-based 

models, to learn user-voting interests by 

simultaneously mining information on user-

voting participation, user–user friendship, 

and user group affliction. 

 We systematically evaluate and compare the 

performance of the proposed models using 

real social voting traces. The contribution of 

this paper is threefold. 

 Online social voting has not been much 

investigated to our knowledge. We develop 

MF-based and NN-based RS models. 

 Our experiments on NN-based models 

suggest that social network information 

dominates group affiliation information. 

And social and group information is more 

valuable to cold users than to heavy users. 

 We show that simple meta path-based NN 

models outperform computation-intensive 

MF models in hot-voting recommendation, 

while users’ interests for nonhot votings can 

be better mined by MF models. 

ADVANTAGES OF PROPOSED SYSTEM: 

 We show through experiments with real 

social voting traces that both social network 

information and group affiliation 

information can be mined to significantly 

improve the accuracy of popularity-based 

voting recommendation. 

 Improved recommendation accuracy for 

cold users than for heavy users. 

 Social network information and group 

affiliation information can significantly 
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improve the accuracy of popularity-based 

voting recommendation, especially for cold 

users, and social network information 

dominates group affiliation information in 

NN-based approaches 

 

IV.SYSTEM ARCHITECTURE 

 
 

 

V.IMPLEMENTATION 

Admin 

In this module, the Admin has to login by using 

valid user name and password. After login 

successful he can perform some operations such 

as Authorizing users, List Users and 

Authorize,View all Friend request and 

response,Add Posts,View all Posts with Videos 

,View All Recommended Posts,View All 

Service Usage Reviewed Posts,View all user 

search History,View Collaborative Filtering 

based Recommendation,Find Top K Hit Rate  in 

chart 

Friend Request & Response 

In this module, the admin can view all the friend 

requests and responses. Here all the requests and 

responses will be displayed with their tags such 

as Id, requested user photo, requested user name, 

user name request to, status and time & date. If 

the user accepts the request then the status will 

be changed to accepted or else the status will 

remains as waiting. 

Social Network Friends  

In this module, the admin can see all the friends 

who are all belongs to the same site. The details 

such as, Request From, Requested user’s site, 

Request To Name, Request To user’s site. 

All Recommended Posts 

In this module, the admin can see all the posts 

which are shared among the friends in same and 

other network sites. The details such as post 

image, title, description, recommend by name 

and recommend to name. 

Adding Posts 

In this module, the admin adds posts details such 

as title, description and the image of the post. 

The post details such as title and description will 

be encrypted and stores into the database. 

User 

In this module, there are n numbers of users are 

present. User should register before performing 

any operations. Once user registers, their details 

will be stored to the database.  After registration 

successful, he has to login by using authorized 

user name and password. Once Login is 

successful user can perform some operations 

like Register and Login, View your profile,Req 

for friend, Find Friends, View all your friends, 

Search Post, My Search History, View 

Recommends, View User Interests in the 

pos,View Top K Hit Rate. 

Searching Users 

In this module, the user searches for users in 

Same Site and in Different Sites and sends 

friend requests to them. The user can search for 

users in other sites to make friends only if they 

have permission. 
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VI.CONCLUSION 

 

In this paper, we present a set of MF-based and 

NN-based RSs for online social voting. Through 

experiments with real data, we found that both 

social network information and group affiliation 

information can significantly improve the 

accuracy of popularity-based voting 

recommendation, especially for cold users, and 

social network information dominates group 

affiliation information in NN-based approaches. 

This paper demonstrated that social and group 

information is much more valuable to improve 

recommendation accuracy for cold users than for 

heavy users. This is due to the fact that cold 

users tend to participate in popular votings. In 

our experiments, simple metapath-based NN 

models outperform computationintensive MF 

models in hot-voting recommendation, while 

users’ interests for nonhot votings can be better 

mined by MF models. This paper is only our 

first step toward thorough study of social voting 

recommendation. As an immediate future work 

item, we would like to study how voting content 

information can be mined for recommendation, 

especially for cold votings. We are also 

interested in developing voting RSs customized 

for individual users, given the availability of 

multichannel information about their social 

neighborhoods and activities. 

 

REFERENCES 

 

[1] R. M. Bond et al., “A 61-million-person 

experiment in social influence and political 

mobilization,” Nature, vol. 489, pp. 295–298, 

Sep. 2012. 

[2] G. Adomavicius and A. Tuzhilin, “Toward 

the next generation of recommender systems: A 

survey of the state-of-the-art and possible 

extensions,” IEEE Trans. Knowl. Data Eng., vol. 

17, no. 6, pp. 734–749, Jun. 2005. 

[3] X. Su and T. M. Khoshgoftaar, “A survey of 

collaborative filtering techniques,” Adv. Artif. 

Intell., vol. 2009, Aug. 2009, Art. no. 421425, 

doi: 10.1155/2009/421425. 

[4] Y. Koren, “Factorization meets the 

neighborhood: A multifaceted collaborative 

filtering model,” in Proc. ACM KDD, 2008, pp. 

426–434. 

[5] Y. Koren, “Collaborative filtering with 

temporal dynamics,” in Proc. KDD, Paris, 

France, 2009, pp. 447–456. 

[6] A. Paterek, “Improving regularized singular 

value decomposition for collaborative filtering,” 
in Proc. KDDCup, 2007, pp. 39–42. 

[7] R. Salakhutdinov and A. Mnih, 

“Probabilistic matrix factorization,” in Proc. 

NIPS, vol. 20. 2008, pp. 1257–1264. 

[8] K. Yu, A. Schwaighofer, V. Tresp, X. Xu, 

and H. P. Kriegel, “Probabilistic memory-based 

collaborative filtering,” IEEE Trans. Knowl. 

Data Eng., vol. 16, no. 1, pp. 56–69, Jan. 2004. 

[9] R. H. Keshavan, A. Montanari, and S. Oh, 

“Matrix completion from noisy entries,” J. 

Mach. Learn. Res., vol. 11, pp. 2057–2078, Jul. 

2010. 

[10] P. Cremonesi, Y. Koren, and R. Turrin, 

“Performance of recommender algorithms on 

top-N recommendation tasks,” in Proc. ACM 

RecSys, 2010, pp. 39–46. 

[11] Y. Zhang, B. Cao, and D.-Y. Yeung, 

“Multi-domain collaborative filtering,” 
in Proc. 26th Conf. Uncertainty Artif. Intell. 

(UAI), Catalina Island, CA, USA, 2010, pp. 

725–732. 

[12] H. Steck, “Training and testing of 

recommender systems on data missing not at 

random,” in Proc. ACM KDD, 2010, pp. 713–
722. 

[13] B. Marlin and R. Zemel, “Collaborative 

prediction and ranking with non-random missing 

data,” in Proc. ACM RecSys, 2009, pp. 5–12. 

[14] X. Yang, H. Steck, Y. Guo, and Y. Liu, 

“On top-k recommendation using social 

networks,” in Proc. ACM RecSys, 2012, pp. 67–
74. 

Journal of Engineering Sciences Vol 13 Issue 07,2022, ISSN:0377-9254

www.jespublication.com Page 1160



[15] Y. Sun, J. Han, X. Yan, P. S. Yu, and T. 

Wu, “PathSim: Meta pathbased top-k similarity 

search in heterogeneous information networks,” 
Proc. VLDB Endowment, vol. 4, no. 11, pp. 

992–1003, 2011. 

[16] Y. Sun, B. Norick, J. Han, X. Yan, P. S. 

Yu, and X. Yu, “Integrating meta-path selection 

with user-guided object clustering in 

heterogeneous information networks,” in Proc. 

ACM KDD, 2012, pp. 1348–1356. 

[17] R. Pan et al., “One-class collaborative 

filtering,” in Proc. ICDM, 2008, pp. 502–511. 

[18] Y. Li, J. Hu, C. Zhai, and Y. Chen, 

“Improving one-class collaborative filtering by 

incorporating rich user information,” in Proc. 

ACM CIKM, 2010, pp. 959–968. 

[19] V. Sindhwani, S. S. Bucak, J. Hu, and A. 

Mojsilovic, “One-class matrix completion with 

low-density factorizations,” in Proc. IEEE 

ICDM, Dec. 2010, pp. 1055–1060. 

[20] Weibo. [Online]. Available: 

http://weibo.com/ 

 

Journal of Engineering Sciences Vol 13 Issue 07,2022, ISSN:0377-9254

www.jespublication.com Page 1161


	II.EXISTING SYSTEM
	DISADVANTAGES OF EXISTING SYSTEM
	III.PROPOSED SYSTEM
	ADVANTAGES OF PROPOSED SYSTEM:

