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Abstract 

The bandwagon effect is a psychological phenomenon that a 

person’s behaviors, attitudes, and beliefs are influenced by 

other people [1]. This phenomenon has been proved that it has 

an influence to user behaviors, even in online environment. 

However, a few studies have considered both of the 

bandwagon effect and social group opinion simultaneously for 

improving personalized rating prediction performance. In this 

paper, we propose a novel formulation for the users’ ratings 

that each rating is considered as a function of user preference 

rating and group-based social opinion which are adjusted by 

bandwagon effect. For to process real big data, we used 

Hadoop-Spark framework which can make high-speed 

operations. As a result, our method outperforms the existing 

model significantly in improving the prediction accuracy of 

users’ ratings on RMSE. 

Keywords: Bandwagon Effect, Social Opinion, Rating 

Prediction, Apache Spark, Hadoop 

 

INTRODUCTION 

With the number of items (e.g., goods, services, etc.) available 

on the Web has grown continuously, it becomes increasingly 

difficult for users to select items that meet the preferences and 

needs of the users. Under this circumstance, the recommender 

system has become one of the most popular research topics 

since the papers on collaborative filtering (CF) published in 

the 1990s [2]. Broadly speaking, the recommendation 

algorithm of recommender system can be categorized as 

content-based approach and collaborative filtering approach, 

in those of which collaborative filtering is the most promising 

approach [3]. In collaborative filtering, users with similar 

preferences can be obtained through evaluation information of 

items purchased in the past by a specific user and another 

user. Through this, we can predict the preference of item that 

has not purchased before from the specific user, and based on 

this prediction, the system can recommend new item to user 

[4]. 

Especially in recent years, the development of social network 

and web service cause users more easily affected by others’ 

perceptions of items about sales and ratings, the research issue 

of using the bandwagon effect to improve the performance of 

recommender system has received more attention and the 

existence of this phenomenon in e-commerce has been proved 

in various studies [5, 6]. In addition, there is another recent 

work has shown that the bandwagon effect also exists in the 

movie recommendation domain and can be used to design a 

new recommender system [7]. However they did not develop 

a recommendation model considering this phenomenon. 

Quantifying this effect to build a novel recommender system 

is important not just from the point of curiosity, but also 

crucial in improving the accuracy of rating prediction in 

personalized recommender system. However, the above 

articles just proved that the existence of the bandwagon effect 

in online environment but they did not implement a 

recommendation model considering this phenomenon.   

In this paper, we aim at combining the bandwagon effect and 

social group opinion to improve the accuracy of personalized 

rating prediction in recommender system. We propose a novel 

formulation for the users’ ratings that each rating is 

considered as a function of user preference rating and social 

group opinion which are adjusted by item’s bandwagon effect. 

Using this model, we explore the bandwagon effect on a real 

large scale dataset on Hadoop-Spark framework which can 

not only process big data but also can make high-speed 

operations. 

The rest of the paper is organized as follows: Chapter 2 

contains a brief introduction of the related research, and 

Chapter 3 describes the process of the proposed model that 

considers the bandwagon effect and group-based social 

opinions. Chapter 4 shows the performance evaluation of the 

proposed model and Chapter 5 presents the conclusions that 

the authors have gained. 
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RELATED RESEARCH 

Bandwagon Effect 

In a general way, existing recommender system assume user’s 

behaviors always reflect their own preferences. But this 

assumption does not always hold. In 1992, Banerjee analyzed 

a decision model in which each decision maker looks at the 

decisions made by others and found that people will be doing 

what others were doing rather than using their information [8]. 

The effect has also been studied in other models and is called 

bandwagon effect, the tendency to conform [1, 9]. 

And the bandwagon effect not only gets the concern from 

previous researchers but also has received the attention of 

recent researchers. Shyam et. al. described the information as 

product ratings and sales rank influenced user behavior on 

Amazon.com-a famous e-commerce websites [5]. Then they 

designed an experiment including a total of 243 individuals in 

2009. They found that images and metrics conveying others’ 

opinions and expert opinions are psychologically significant 

to users [6]. Users’ decisions were indeed influenced by the 

other peer’s ratings and reviews of items. In 2015, Choi et al. 

considered the bandwagon effect in movie recommendation 

domain and showed that it could be used to model a 

recommender system for the Internet of thing (IoT) which 

means that various types of thing or objects are interconnected 

by utilizing wireless communication [7]. However, in these 

studies, they only mentioned the possibility that the 

bandwagon effect can be used to improve recommender 

system but did not quantify this effect and develop a 

recommendation model considering it. And in this paper, we 

quantify the effect and propose a novel formulation which 

combing the bandwagon effect and social group opinion. 

 

Matrix Factorization and Alternating Least Square(ALS) 

In recommender system, rating prediction is one of the most 

important tasks. To accurately solve the task, one must model 

the characteristic of both users and items precisely. Matrix 

Factorization(MF) as a latent factor model in collaborative 

filtering is the most widely used approach for this task. It 

represents users and items in a latent factor space of 

dimensionality 𝑓—each item 𝑖 is associated with a vector 

𝑞𝑖 ∈  𝐑𝑓, and each user 𝑢 is associated with a vector 𝑝𝑢 ∈

 𝐑𝑓. The rating prediction of user 𝑢 to item 𝑖 with the dot 

product 𝑞𝑖
𝑇𝑝𝑢 is denoted by 𝑟𝑢,𝑖 , leading to the estimate[10] 

 

�̂�𝑢,𝑖 =  𝑞𝑖
𝑇𝑝𝑢                                 (1) 

 

To learn the feature vectors 𝑞𝑖 and 𝑝𝑢 the system minimizes 

the regularized squared error on the set of known ratings: 

 

 𝑚𝑖𝑛𝑝∗,𝑞∗ ∑ (𝑟𝑢,𝑖 − 𝑞𝑖
𝑇𝑝𝑢)2

𝑢,𝑖∈𝑘                     (2) 

 

ALS (Alternating Least Square) is one of approach to 

optimize the MF by finding optimal factor weights to 

minimize the least squares between predicted and actual 

ratings. It is popular because the calculation process in a 

distributed fashion and this can be used efficiently in a 

distributed computing framework which is the basis of recent 

big data analysis [10].  

 

K-means Clustering Algorithm  

As one of the most popular and simple clustering algorithms, 

K-means is to discover the natural grouping(s) of a set of 

given data [11]. 

 

min𝑆 ∑ ∑ ||𝑥𝑖 − 𝜇𝑘||2
𝑥𝑖∈𝑐𝑘

𝐾
𝑘=1                        (3) 

 

Here 𝑋 = {𝑥𝑖 , 𝑖 = 1, … , 𝑛}  is the set of n-dimensional points 

to be clustered into a set of K clusters, C =  {𝑐𝑘 , 𝑘 = 1, … , 𝐾}. 

And 𝜇𝑘 is the mean of cluster 𝑐𝑘. The goal of K-means is to 

minimize the sum of squared error over all K clusters. 

 

Hadoop-Spark Framework  

Spark is an in-memory processing framework that, in the case 

of iterative processing, loads data into memory and drives 

high-speed data analysis. Through this framework, it can 

solve the disk bottleneck caused by MapReduce, which is a 

large-scale data processing method in Hadoop, and can 

efficiently execute data processing requiring iterative 

processing such as machine learning [12]. In addition, Hadoop 

is a cluster system composed of a number of slave nodes for 

storing and processing data and a single master node for 

managing them, which can store and process large amounts of 

data. In Fig. 1, YARN (Yet Another Resource Negotiator) 

manages the entire resources, tasks, scheduling and defects of 

the Hadoop Cluster and parallelizes the work on each slave 

node through the Spark Driver Program of the Master Node. 

In this paper the prototype was constructed for performance 

evaluation of the proposed method based on the Hadoop-

Spark framework. 
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Figure 1: Architecture of Hadoop-Spark Framework. 

 

PERSONALIZED RATING PREDICTION MODEL 

According to the above discussion, a balanced approach that 

each rating is consider as a function of user preference rating 

and social group opinion which are adjusted by item’s 

bandwagon effect is proposed in this section. Let 𝑈 =

 {𝑢1, 𝑢2, … , 𝑢𝑚}  be the set of 𝑚  users, and 𝐼 =

 {𝑖1, 𝑖2, … , 𝑖𝑛} denote a set of 𝑛  items. Then by K-means 

clustering algorithm, we model users into a number of groups 

𝑔𝑘  whose members have similar characteristics and 𝑓𝑘  be 

the sub-group of 𝑔𝑘  without user 𝑢. The predicted rating 

�̂�𝑢,𝑖  for item 𝑖  given by user 𝑢  in our approach can be 

formulized as 

�̂�𝑢,𝑖 = (1 − 𝐵𝑊𝑢,𝑖)𝑟𝑢,𝑖
𝑝

+ 𝐵𝑊𝑢,𝑖 ∙ 𝑆𝑂𝑢,𝑖                   

(4) 

         ∀𝑢 ∈ 𝑔𝑘, 𝑘 = 1,2, … , 𝑚 

Where 𝐵𝑊𝑢,𝑖  represents the bandwagon effect of user  𝑢 to 

item 𝑖 and 𝑟𝑢,𝑖
𝑝

 represents the predicted rating of user 𝑢 to 

item 𝑖  based on user 𝑢 ’s preference, 𝑆𝑂u,𝑖  is the social 

opinion about item 𝑖 without the rating of user 𝑢 to item 𝑖. 

From the Equation (4) we can see that if user 𝑢 has been 

extremely influenced by bandwagon effect then user 𝑢 will 

change its rating such that it becomes same as the social group 

opinion. Now we define 𝑟𝑢,𝑖
𝑝

, 𝐵𝑊𝑢,𝑖, 𝑆𝑂𝑢,𝑖 one by one. 

- User Preference-based Rating 𝑟𝑢,𝑖
𝑝

. In our approach, we 

define the user preference-based rating 𝑟𝑢,𝑖
𝑝

 as the basic 

personalized rating and compute it using the Matrix 

Factorization, which is one of the state-of-art recommendation 

approach and ALS algorithm which can minimized the 

regularized squared error on the set of known ratings in Spark 

open-source Machine Learning library. 

- Bandwagon Effect 𝐵𝑊𝑢,𝑖 . According to the bandwagon 

effect in social network, as the sale and rating of item 

increases, it will become popular item and more and more 

people tend to disregard their own preferences and their 

opinions to the item are also affected by this phenomenon. For 

example, knowing that 5 people choose the item might not 

affect the user a lot. But when the number of people who 

choose the item increases to thousands, the bandwagon effect 

of the user get also boosts. In the same way, the item with 

high rating often influences the user’s decision making. So we 

expect 𝐵𝑊𝑢,𝑖 from two criteria, sale proportion(𝑆) which is 

the proportion of item i’s sale in sub-group 𝑓𝑘 accounted for 

the total sales of all items in group 𝑔𝑘 excluding the sale that 

user 𝑢 to item 𝑖, rating reputation(𝑅) which means that the 

proportion of total rating of members in 𝑓𝑘  to item i 

accounted for the total ideal rating of item 𝑖 if the members 

in 𝑓𝑘  all rate item 𝑖  with the maximum score 𝑟𝑚𝑎𝑥 . For 

example, users rate movies on 1–5 scale (with 5 being the 

best), 𝑟𝑚𝑎𝑥 is 5. Thus we write 

𝑆𝑢,𝑖 =
𝐹𝑟𝑒𝑞(𝑓𝑘,𝑖)

𝐻
                                 (5) 

𝑅𝑢,𝑖 =  
∑ 𝑟𝑛,𝑖𝑛∈𝑓𝑘

𝐹𝑟𝑒𝑞(𝑓𝑘,𝑖)∗𝑟𝑚𝑎𝑥 
                            (6) 
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𝐵𝑊𝑢,𝑖 =
2∗𝑆𝑢,𝑖∗𝑅𝑢,𝑖

𝑆𝑢,𝑖+𝑅𝑢,𝑖
                               (7) 

Here 𝐻 is the number of logs in 𝑔𝑘 excluding the log of 

user 𝑢 to item 𝑖, 𝐹𝑟𝑒𝑞(𝑓𝑘, 𝑖) is the number of item 𝑖’s logs 

in 𝑓𝑘, 𝑛 is the member in 𝑓𝑘, 𝑟𝑛,𝑖 is the rating of member 𝑛 

to item 𝑖 in 𝑓𝑘. 

- Social Group Opinion 𝑆𝑂𝑢,𝑖. We define the social opinion 

as the average rating of members in 𝑓𝑘 to item i. This is 

because users are more likely to be affected by users who 

have similar characteristics in the same group. Then we define 

the function of 𝑆𝑂𝑢,𝑖 as follows, 

𝑆𝑂𝑢,𝑖 =
∑ 𝑟𝑛,𝑖𝑛∈𝑓𝑘

𝑑
                              (8) 

Here d is defined as the number of members in 𝑓𝑘. 

Then every predicted rating of user u to item i is written as 

�̂�𝑢,𝑖 = (1 −
2∗𝑆𝑢,𝑖∗𝑅𝑢,𝑖

𝑆𝑢,𝑖+𝑅𝑢,𝑖
) ∗ 𝑟𝑢,𝑖

𝑝
+

2∗𝑆𝑢,𝑖∗𝑅𝑢,𝑖

𝑆𝑢,𝑖+𝑅𝑢,𝑖
∗

∑ 𝑟𝑛,𝑖𝑛∈𝑓𝑘

𝑑
    (9) 

∀𝑢 ∈ 𝑔𝑘, 𝑘 = 1,2, … , 𝑚 

 

EXPERIMENTS 

The experimental cluster environment consists of 1 master 

and 6 slaves, and detailed cluster specification is shown in 

Table 2. 

 

Table 1: Experimental Environment. 

 Master Slave 

CPU Intel® Core™ i7 or i5 CPU (Skylake) 

Memory Size 

(Total) 

16GB 64GB*6(384GB) 

Storage Size (Total) 6TB 8TB*6 (48TB) 

OS Ubuntu 16.04 LTS Ubuntu 14.04 LTS 

Spark Version 2.01 2.01 

Hadoop Version 2.72 2.72 

 

Dataset  

We test the proposed method on GroupLens movie dataset 

which permits users to rate movies on 0.5 ~ 5 scale (with 5 

being the best). The dataset publishes user ratings along with 

user id and movie id which is composed of 26,000,000 

ratings, for 45,000 movies by 270,000 users as shown in Table 

2. And the dataset is split into a training set and a test set.  

 

 

 

Table 2: Shows the Sample of Gruplens Movie Dataset 

userId movieId rating 

1 112552 5 

10132 96110 3 

6467 60069 4.5 

 

Evaluation Metrics 

In order to measure the prediction accuracy of our 

recommendation model, we adopt the root mean square error 

(RMSE) which is a representative evaluation metric used in 

the evaluation of rating-based recommendations [13], defined 

by the following: 

𝑅𝑀𝑆𝐸 =  √
(�̂�𝑢,𝑖− 𝑟𝑢,𝑖)2

𝑁
                            (10) 

Where N denotes the number of rating-prediction pairs in the 

test set, �̂�𝑢,𝑖 is a predicted rating and 𝑟𝑢,𝑖 is a real rating, 

 

Results of Experiment 

The experiment process is as follows. First, we adopted the K-

means clustering method to the dataset to extract the similar 

preference groups. We got the WSSSE values of each group 

and applied Elbow Method to determine the number of groups. 

In Fig. 2, we can see an elbow chart showing the WSSSE after 

running k-means clustering for k going from 10 to 60. And we 

see a pretty clear elbow at k = 20, indicating 20 is the best 

number of clusters in our experiments so the k-value was set 

to 20. 

 

Figure 2: WSSSE Calculation for Each Cluster 

Then we evaluate our model as well as several rating 

prediction models in the experiments. The models are listed as 

follows: 

 UserAvg, ItemAvg: Directly predict by user/item’s 

average rating. 

 ALS-based MF: Matrix factorization proposed in [10]. 
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The RMSE values obtained using our approach and other 

models are presented in Table 3. We can observe that RMSE 

improves by 0.1% when the bandwagon effect is taken into 

consideration. This indicates the method which not only 

consider individual’s preference but also consider the 

bandwagon effect they get from the other people proposed in 

this paper outperform the ALS approach which just consider 

users’ individual preference. Further, if we calculate RMSE 

only for ratings that are directly predicted by user/item’s 

average rating, the RMSE improves by more than 7%.  

 

Table 3: RMSE Results when k = 20 

Our Model ALS UserAvg ItemAvg 

87.65% 87.75% 95.30% 96.08% 

 

1) 

 

 

2) 

 

 

 

 

 

 

3) 

 

 

 

 

4) 

 

 

5) 

val rawData = 

sqlContext.read.format("com.databricks.spark.csv").

option("header", 

"true").schema(rawDataSchema).load("/user/ubuntu/

ml-latest/ratings.csv") 

 

import org.apache.spark.ml.clustering.KMeans 

for( cluster <- Array(10, 15, 20, 25, 30, 35, 40, 45, 50, 

55, 60)){ 

val setK=new KMeans().setK(cluster).setMaxIter(20) 

val kmeansModel=setK.fit(kmeansData) 

val WSSSE = 

kmeansModel.computeCost(kmeansData)} 

. 

. 

val Array(training, test) = 

rawDF.randomSplit(Array(0.8, 0.2)) 

val alsModel = als.fit(training) 

val prediction = alsModel.transform(test) 

. 

. 

val predictedRating = 

predictions.selectExpr("userId", "movieId", 

"rating", "alsRating", "(1 - bw) * alsRating + bw * so 

AS prediction") 

. 

. 

val evaluatorMY = new 

RegressionEvaluator().setMetricName("rmse").setLa

belCol("rating").setPredictionCol("prediction") 

val evaluatorItemAVG = new 

RegressionEvaluator().setMetricName("rmse").setLa

belCol("rating").setPredictionCol("itemAVG") 

 

Figure 3: Sample of Source Code 

In the end, to facilitate understanding our experiment, we 

show a sample source refer to Fig. 3. 1) input our dataset 

which is stored in Hadoop File System. 2) use user’s rating 

records as features to run k-means clustering for k going from 

10 to 60 and compute the WSSSE values of each cluster. 3) 

split dataset into training set and test set, then use training set 

to train ALS model and test set to get predictions. 4) compute 

the final rating of user applied our approach. 5) evaluate 

RMSE values of our model and the other several rating 

prediction models 

 

CONCLUSION 

This paper has studied a personalized rating prediction 

recommendation model considering the bandwagon effect. 

The proposed approach derives users’ predicted rating by 

aggregating individual preferences relying on the bandwagon 

effect which indicates a person’s behavior, attitudes, and 

beliefs are influenced by other people. Consequently, our 

model showed good accuracy for predicting personalized 

rating and has been proved superior to other models through 

experiments on a dataset in the movie domain. 
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