
© 2019 JETIR  March 2019, Volume 6, Issue 3                                                    www.jetir.org  (ISSN-2349-5162) 

JETIRAU06018 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 112 
 

ONLINE SOCIAL VOTING BASED ON 

COLLABORATIVE FILTERING 

1Kondam DivyaVani, 2Dr. Chalasani Srinivas, 3Dr. R. Jegadeesan 4Mangalarapu Rakesh, 5Naini Shravani Reddy 

1, 4,5 UG Student, 2,3Associate Professor-Department of Computer Science and Engineering 

1,2,3,4,5Jyothishmathi Institute of Technology and Science, Karimnagar, India  

Abstract – The social voting offers the chance to advance our creative idea, and to gather voting by means of online life channels. 

In online informal communities, social voting is a slanting viewpoint. This perspective raises distinctive difficulties and 

conceivable outcomes for suggestion, pursues a lot of various calculations like, matrix factorization (MF) and nearest neighbor 

(NN) based recommender systems (RSs) that break down client interpersonal organization and gathering connection data for 

social voting proposal. This application demonstrate that interpersonal organization and gathering association data can likewise 

improve the proficiency of notoriety based voting recommendation, and informal community data impacts bunch connection data 

in NN-based methodologies through analyses with genuine social voting records. We further present a crossover recommender 

system (RS), conglomerating distinctive single ways to deal with addition the top n hit rate.  

Index Terms - Matrix Factorization, Social voting, and Recommender systems. 

I. INTRODUDCTION 

Online social networks (OSN), like Facebook and Twitter, facilitate simple data sharing among friends. A user not solely 

will share her updates, in sorts of text, picture, and video, together with her direct friends, however can also quickly publicize 

those updates to a way larger audience of indirect friends, leverage on the wealthy property and global reach of widespread OSNs. 

Several OSNs currently supply the social ballot perform, through that a user will share with friends her opinions, e.g., like or 

dislike, on numerous subjects, ranging from user statuses, profile photos, to games compete, products purchased, websites visited, 

and so on. Taking like– dislike style of voting one-step more, some OSNs, empower users to initiate their own voting campaigns, 

on any topic of their interests, with user customized voting choices. The chums of a voting leader can participate within the 

campaign or retweet the campaign to their friends.  

The increasing quality of social voting forthwith brings forth the “information overload” problem: a user can be 

overwhelmed by varied voting that were initiated, participated, or retweeted by her direct and indirect friends. It is vital and 

difficult to gift the “right voting” to the “right users” therefore on improve user expertise and maximize user engagement in social 

voting. Because of social propagation and social influence, a user voting behavior is powerfully correlative along with her social 

friends. Social voting poses distinctive challenges and opportunities for RSs utilizing social trust info. Moreover, voting 

participation are unit binary while there are no negative samples. It is, therefore, intriguing to develop RSs for social voting. 

Toward addressing these challenges, we tend to develop a group of novel RS models, as well as matrix-factorization 

(MF)-based models and nearest-neighbor (NN)-based models, to find out user-voting interests by at the same time mining 

information on user-voting participation, user–user relationship, and user group affliction. We tend to consistently measure and 

compare the performance of the projected models exploitation real social voting traces collected from real time records. The 

contribution of this paper is threefold.  

 On-line social voting has not been abundant investigated to our data. We tend to develop MF-based and NN-based RS 

models. We tend to show through experiments with real social voting traces that each social network information and 

group affiliation information are well mined to considerably improve the accuracy of popularity-based voting 

recommendation. 

 Our experiments on NN-based models recommend that social network information dominate group affiliation 

information. In addition, social and group information is a lot of valuable to cold users than to serious users. 

 We tend to show that straightforward metapath-based NN models surmount computation-intensive radio frequency 

models in hot-voting recommendation, whereas users’ interests for nonhot voting is higher well mined by MF models. 

 

II. RELATED WORK 

Asim Ansari, and Rajeev Kohli [1] analyze the benefits of the community oriented sifting strategies, propose that 

inclination models utilized in promoting offer great options that permits measurable incorporation of five kinds of data valuable 

for making suggestions: an individual's communicated inclinations, inclinations of different purchasers, master assessments, thing 

qualities and individual attributes.  

A dominating way to deal with community oriented separating is neighborhood based ("k – closest neighbors") [2], 

where a client – thing inclination rating is interjected from evaluations of comparative things as well as clients. Recommender 

frameworks examine examples of client enthusiasm for things or items to give customized suggestions to things that will suit a 

client's taste. The CF issue can be given a role as missing worth estimation: given a client – thing lattice of scores with many 

missing qualities, and the objective is to evaluate the missing qualities dependent on the given ones. The realized client thing 

scores measure the measure of enthusiasm between individual clients and things. 
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The matrix factorization describes the two things and clients by vectors of elements derived from thing rating designs. 

High correspondence among thing and client factors prompts a proposal. One quality of framework factorization [3] is that it 

permits joining of extra data. At the point when unequivocal input isn't accessible, recommender frameworks can surmise client 

inclinations utilizing verifiable criticism, which in a roundabout way reflects conclusion by watching client conduct including buy 

history, program history, and hunt designs.  

Yehuda Koren [10] proposed recommender frameworks that give clients customized recommendations for items or 

administrations. These frameworks frequently depend on Cooperative separating, where past exchanges are dissected so as to set 

up interchanges among clients and items. The two increasingly effective ways to deal with CF are dormant factor models, which 

legitimately profile the two clients and items, and neighborhood models, which break down likenesses between items or clients. 

III. SOCIAL VOTING 

 Weibo (the Chinese word for "microblog") might be a half and half of Twitter and Facebook-like social application 

propelled by the Sina Company, China's greatest net entry, in August 2009. Starting at 2013, it had amassed more than 600 

million enrolled clients and more than 120 million every day dynamic clients in 2016. Clients on Weibo tail each other. A client 

can compose posts (tweets) and offer them together with his supporters. Clients may likewise be a piece of altogether different 

intrigue groups bolstered their geographic/statistic alternatives and interests of subjects. Casting a ballot is Partner in nursing 

inserted highlight of Sina Weibo. In excess of 92 million clients have taken an interest in changed votes on Weibo as of Jan 2013. 

There are over 2.2 million progressing votings offered on Sina Weibo once a day. As appeared in Fig. 1, any client will start  a 

casting a ballot crusade. After a casting a ballot started, there are two noteworthy methodologies that through which different 

clients will see the casting a voting and most likely take part. The primary methodology is social engendering: when a client 

started or took an interest in a casting a voting, all his/her adherents will see the casting a ballot without support. The other 

methodology is through Weibo casting a ballot proposal list that comprises of basic votings and customized suggestion. We have 

no data concerning Weibo's casting a voting proposal calculation.       

                Vote    

vote 

 

         Voting 

         Initiator         friend           2 – hop friend 

  

 

           User         Retweet     vote 

     vote            

 

                 friend          2 – hop friend 

            remote user 

Fig. 1. Social voting propagation paradigm. 

A. Measurement Study 

We acquired client casting a ballot logs legitimately from the specialized group of Sina Weibo. The informational 

collection covers votings from November 2010 to Gregorian date-book month 2012. the informational collection has cautious 

data with respect to votings each client took an interest in, casting a ballot substance , and in this way he complete time of each 

decision. We will in general comprehend client casting a ballot cooperation, not client casting a ballot results, i.e., we don't 

comprehend that decision choice a client chose. The data set moreover contains social associations among clients and groups a 

client joined. The information set exclusively contains biface social connections, i.e., A pursues B and B pursues A. Our 

following investigation is in this manner focused on the effect of social ties between clients with pretty much equivalent statuses. 

Layout insights of the data set appeared Table I. Mostly, every client has 82.7% adherents, and every client has taken an interest 

in 3.9% casting a ballot. In the event that we will in general check exclusively clients with at least one decision, the basic decision 

scope of every client is 7.4. A couple of presents the dispersion bends of the previously mentioned measurements. The basic 

scope of client's connation an equivalent bunch is 18.9. The regular scope of votings partaken by a gaggle is in regards to 56.7. 

To increase numerous understandings concerning in any case, clients are associated and how social votings engender in 

OSNs, we tend to compute the social separations, i.e., the length of most limited way inside the informal organizations, between 

varying sorts of client sets. We tend to mull over the whole interpersonal organization with 1 011 389 clients as a chart and in 

numerous ways pick 10k clients on the grounds that the supply vertices. We iteratively direct broadness first-look (BFS) to figure 

the briefest way separate between everything about sources and all-elective vertices on social chart edges. Clearly, clients took 

part in a similar choice are socially closer than aimlessly chosen users. Extra prevalent social votings spread further inside the 

hidden interpersonal organization, and their members will be more remote far from each other than less mainstream votings. 
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IV. SOCIAL VOTING RECOMMENDATION 

We assesstop-n voting recommendation in OSNs. For each user, the RS must advocate a little variety, say n, of votings 

from all obtainable votings. We tend to introduce performance metrics for top-n recommendation. MF strategies were found to be 

terribly economical generallytop-n recommendation [5]. What is more, social network info can exploited to enhance the accuracy 

of top-n recommendation.We tend to propose a multichannel MF model, that factorizes user-voting repose actions, user–user 

interactions, and user- group interactions simultaneously, power train to optimize top-n hit rate. Other than radio frequency 

approaches, we tend to conjointly take into account NN approaches. We tend to construct first neighborhoods by traversing 

different types of metapath within the Weibo heterogeneous information network. Then we tend to explore user neighborhoods in 

the latent feature house derived from MF models. 

A. Performance Metrics 

Recall or best n hit rate is wide used in assessing RSs. To figure the best n hit rate, we have propensity to rank the things  

i∈ I as per their anticipated rating for each client u ∈ U. The best n hit rate or review of client u is illustrated as the part of 

pertinent things inside the check set that appear in the best n of the positioning rundown, signified by M(n, u), from among every 

applicable thing, M(u). Like, the review over all clients registered as pursues: 

Recall =
∑ 𝑀(𝑛,𝑢)𝑢

𝛴𝑢𝑀(𝑢)
.      (1)  

Note that the next top-n hit rate or recall is best. We use recall because the analysis metric in our experiments. 

B.Nearest-Neighbor Methods 

 Other than MF approaches, NN-based suggestions have conjointly been examined. NN methodologies are broadly used 

in RSs. In this manner, it is horribly captivating to check the execution of NN models on social determination suggestion issue. In 

NN-based methodologies, the area of a client can be determined exploitation communitarian sifting [6], or it might be a lot of 

legitimately or in a roundabout way associated companions amid an interpersonal organization or essentially an accumulation of 

clients with comparative interests amid an equivalent gathering. This makes it helpful to incorporate social trust and client 

aggregate communication into NN-based best n proposal [4]. 

1) Metapath Neighborhoods: In heterogeneous information systems, objects are of various sorts and associated by means of 

various kinds of relations or arrangements of relations, shaping a lot of metapaths. Metapath could be a way that associates 

objects of different sorts by means of a grouping of relations. Distinctive metapaths have altogether different phonetics. Sun et al. 

[8] use metapaths for agglomeration task in heterogeneous information systems. Amid this paper, we will in general use 

metapaths for proposal task.  

2) Neighborhoods in Latent Feature Space: Aside from neighborhoods visited through metapaths, we tend to conjointly 

investigate neighborhoods inside the client inactive element region got from MF models. Note that, past works demonstrate that 

PureSVD and AllRank perform higher than neighborhood-based methodologies in client thing region straightforwardly once 

utilized in best n suggestion [5]. Demonstrates that area in idle component zone approach is equivalent AllRank; along these lines, 

we will in general examination neighborhood in inert element territory in this segment.  

3) Combined Neighborhoods: Hybrid Approach is that the mix of UGUV, UUV (m-bounce), UVUV, and UNN approaches. We 

tend to coordinate the four recommenders[9] by joining their casting a ballot results. For an objective client u, we consider an 

accumulation of neighboring clients that either share a similar group with u, or have short social separations to u, or offer 

comparable preferences for votings. 
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Algorithm 1 Algorithm of Weibo-MF Model 

Data: Sina Weibo voting dataset 

Result: Top-k Hit Rate 

// Training part 

1. Load sina weibo voting training data; 

2. Initialize latent feature matrices Q and P; 

// Update latent features by ALS 

3. whileNot Converge & Iteration Number is less than Iter_Num 

do 

4.  Update Q by fixing P and minimizing Eq. (5); 

5.  Update P by fixing Q and minimizing Eq. (5); 

6. end 

// Testing part 

7. foreach user u in Sina Weibo voting dataset for testingdo 

8.  foreach voting i in test dataset for user u 

do 

9.   Calculate the predicted rating of user u on voting i as = rm + Qu ; 

10.   Put into the queue recomm_pool; 

11. end 

12. Sort recomm_pool in an decreasing order according to the value of   ; 

13.  Select foremost K votings with largest from recomm_pool as the items for recommendation; 

14.  Calculate top-k hit rate for user u; 

15. end 

16. Return average top-k hit rate for entire system; 

 

V. EXPERIMENTS 

In this section, we have a tendency to judge the planned MF models and NN models victimization Sina Weibo voting 

data set [7]. 

A. Methodology 

 We analyze the performance of a group of voting RSs using the same record. We tend to use an easy popularity-based 

RS because the baseline model. 

• MostPop: This RS recommends the most popular things to users, i.e., the voting that voted by the foremost 

numbers of users. 

We tend to analyze many variants by setting very different weights for social and group information. 

1. Voting-MF: By setting γs = 0 and γg = 0, we only consider user-voting matrix and ignore social and group information. 

Note that Voting-MF is the same as AllRank model that planned in.AllRank found to be the most effective model of 

optimizing top-n hit quantitative relation on varied information sets. 

2. Voting + Social-MF: By setting γs> 0 and γg = 0, we additionally contemplate social network data on top of Voting-

MF. 

3. Voting + Group-MF: By setting γs = 0 and γg> 0, we additionally contemplate user-group matrix data on prime of 

Voting-MF. 

4. Weibo-MF: By setting γs> 0 and γg> 0, we tend to add each social and group data to Voting-MF. 

We randomly select 80% of the data set as training set and the remaining 20% as test set. The random choice carried out 

5 times severally, and that we report the common statistics. We have a tendency to conduct our experiments on a Linux server 

with four E5640 Intel Xeon CPUs. Every CPU has four cores with 2.67 GHz, and every core has 12.3-MB cache. The shared 

memory size is 36 GB. 

B. MF-Based Approaches 

 We tune the regularization constant λ and the optimum value is 0.5. For the spatiality, we decide j0 = 10. We tune the 

remaining parameters to optimize top-20 hit rate. The performance of MF-based RSs compared in Table I. In Voting-MF model, 

the parameters that cause the simplest top-20 hit rate are wm = 0.01 and rm = 0. Obviously, Voting-MF considerably outperforms 

the naive popularity- based RS. Since user-voting information are binary, impute the missing value of user voting as rm< 1, 

resulting in identical result as rm = 0.  
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Table I. Top-n Hit Rate of MF methods (j0 = 10).The percentage numbers in each cell are the relative improvements over 

the MostPop baseline. The standard deviations of the results are within 0.006. 

Top-n 10 20 50 100 

MostPop 0.030 0.052 0.085 0.125 

Voting-MF 0.047 

40.2% 

0.074 

50.5% 

0.134 

54.6% 

0.198 

59.3% 

Voting+Social-MF 0.045 

52.3% 

0.080 

56.8% 

0.150 

70.8% 

0.220 

72.0% 

Voting+Group-MF 0.052 

50.7% 

0.082 

56.8% 

0.146 

66.8% 

0.223 

72.5% 

Weibo-MF 0.054 

57.0% 

0.075 

59.5% 

0.150 

72.2% 

0.223 

72.5% 

It is evident that Weibo-MF outperforms all different MF-based approaches, since many data utilized in the model ends 

up in a lot of prediction power. Another attention-grabbing observation is that Voting + Group-MF and Weibo-MF nearly will not 

or can only bring restricted improvement over Voting + Social-MF approach. This means that group data dominated by social 

data in social voting recommendation. This is as a result of voting propagate via social links not via teams as described. 

C. NN-Based Approaches 

 Table II shows the top-n hit rate for neighborhood-based methods. The share numbers in every cell area unit the relative 

enhancements over the MostPop method. Among that UNN is predicated on user latent options obtained by Voting-MF at j0 = 80. 

The clear performance of UNN at different neighborhood sizes. 

Table II Top-n Hit Rate comparison for Voting-MF and neighborhood based methods. The percentage numbers in each cell are 

the relative improvements over the MostPop baseline. The standard deviations of the results are within 0.007. 

Top-n 10 20 50 100 

MostPop 0.029 0.052 0.083 0.125 

Voting-Mf(j0= 80) 0.091 

191.8% 

0.130 

159.4% 

0.200 

133.2% 

0.264 

111.2% 

UGUV 0.060 

96.0% 

0.089 

87.4% 

0.148 

73.8% 

0.206 

64.8% 

UUV(1- hop) 0.064 

117.4% 

0.104 

102.4% 

0.147 

72.7% 

0.190 

53.8% 

UUV(2-hop) 0.068 

121.2% 

0.100 

100.0% 

0.170 

101.7% 

0.241 

92.9% 

UVUV 0.095 

191.0% 

0.125 

155.4% 

0.187 

120.0% 

0.252 

100.0% 

 

From Table III, we have a tendency to create the subsequent observations. For hot voting, among all the one strategies, 

UVUV performs the best. For nonhot voting, UNN performs the most effective among all single methods, and Voting-MF ranks 

the second. Thus, we have a tendency to see here MF-based approaches (UNN and Voting-MF) not solely learn users’ thought 

interests (hot voting), however conjointly learn users’ nonmainstream interests (nonhot voting) with efficiency. 

Table III. hot voting versus nonhot voting. The standard deviations of the results are within 0.009 

Approach Top-10 Top-20 Top-50 Top-100 

Hot non-hot Hot non-hot hot non-hot Hot non-hot 

MostPop 0.142 0 0.220 0 0.388 0 0.566 0 

UGUV 0.185 0.024 0.272 0.041 0.417 0.073 0.545 0.111 

UUV(1-hop) 0.140 0.046 0.195 0.070 0.275 0.112 0.332 0.152 

UUV(2-hop) 0.211 0.026 0.314 0.045 0.481 0.086 0.627 0.133 

Voting-MF 0.228 0.050 0.297 0.083 0.375 0.151 0.441 0.215 

UNN 0.214 0.079 0.286 0.114 0.383 0.179 0.456 0.240 

UVUV 0.280 0.035 0.386 0.051 0.550 0.085 0.673 0.132 

Comparing UUV (1-hop) with UUV (2-hop), we can see that UUV (1-hop) is way higher in nonhot voting and UUV (2-

hop) is way higher in hot pick. It may be explained that nonhot voting area unit native events, and cannot propagate far away in 

social networks, and therefore do not want users so much away for recommendation. 

From Table III, it is forever easier to advocate hot voting. This explains why hit rates for cold users are systematically 

higher than those for heavy users across all the approaches. 
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VI. CONCLUSION AND FUTURE SCOPE 

This paper incontestable that social and group data is far more valuable to boost recommendation accuracy for cold users 

than for heavy users. This is soften because of the fact that cold users tend to participate in well – liked voting. In our 

experiments, straight forward metapath based NN models outgo computing. In this paper, we tend to present a group of MF based 

and NN based RSs for online social voting. Through experiments with real knowledge, we tend to found that each social network 

data and group affiliation data will considerably improve the accuracy of popularity based voting recommendation. As on the spot 

future work item, we would prefer to study however, voting content data will be well mined for recommendation, particularly for 

cold voting. We fascinated by developing voting RSs made to order for individual users, given the provision of multichannel data 

regarding their social neighborhoods and activities. 
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