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Abstract: - Now days millions of people are using social network sites and through these social sites they can express their
opinion, emotions and other advices. Now days growing of social media most beneficial for many business, educational, box-
office movie and so on. In this paper we discuss about Hollywood movies data of previous two years 2014 and 2015. This
dataset of movie divides into two types of features: first is the conventional feature and second one is social media features.
In this number of attributes such as budget, genre, gross, views and comments, sentiments affect the popularity of a movie.
Some social media engine such as Twitter, YouTube etc. are main platforms where public can share their opinions about
the movies.
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I.  INTRODUCTION

In success of movie box office, social media plays a very most important role. Because people too much involved in social network
such as Twitter, Facebook, YouTube etc. [12] Prediction of achievement in business has been of great interest to the economists
and financial professionals.[9] Today social media has shown its analytical control in several domains, which inspires us to exploit
social media content to predict box-office revenues. With initiation of data analytics, the prediction method has been made
intelligent by considering the historical data and employing various data analytical techniques to infer the future events. The movie
commerce international produces a huge widespread variation of movies per year. However, very few movies are a success and are
ranked high. Given the low success rate, modes to predict reliably the box office collections of a movie can contribution by way of
refining the occupational significantly and growth usual returns. The common variation of cinemas produced per 12 months is
increased than a thousand So, to make the film profitable, it goes into a material of condition that the movie succeeds. [4] In the
skill of Web 2.0, clients share their rankings or response simply with additional people after spotting a movie. User grade simplified
the structure which customers prompt their opinions about a product and is a attractive indicator to predict the container office.
More than 4000 movies produced exclusive one year in the whole world. [14] The task of predicting Box-Office revenues for
movies the usage of the chatter from Twitter, one of the fastest emerging social networks in the Internet. Twitter, a micro blogging
website, now plays an important role in the research of social network [14]. People share their preferences on Twitter using free-
format, limited-length texts, and these texts (often called “tweets”) provide rich information for companies/institutes who want to
know about whether people like a certain product, movie, or service. We have intensive on movies in this learning for two key
reasons.

The issue of movies is of significant interest amongst the social media being community, categorized individually via massive
variation of clients discussing movies.

i. The real-world moments can be simply placed from box-office income for movies.
ii. Movie producers spend a lot of effort and currency in publicizing their movies and have furthermore embraced
the Twitter medium for this purpose.

Here, a we said about how sentiments are created, how great and dreadful opinions propagate and how they influence people. For a
bad movie, the opening reviews possibly will be sufficient to discourage others from perceiving it, although on the additional, it is
reasonable for concentration to be generated via earnings fantastic calculations and opinions over time. We got our dataset from the
Internet Movie Database (IMDDb). Hollywood is a multi-billion-dollar industry which releases more than a hundred films a year,
with large variations in the budgets and box office grosses of the movies. Identifying which factors are important to a movie’s
profitability and subsequently predicting the success of a movie given its relevant parameters could save movie studios hundreds
of millions of dollars a year. Some social media engines such as Twitter, YouTube etc. are important structures the place people
can share their opinions about the movies [13]. Most of the studies done for prediction of cinemas success use predictable attributes,
grown from on line movies databases. However, with overview of social media, public opinion has been harnessed about a series
of dual events/entities from panels such as YouTube and Twitter [12]. Similarly, for movies, social media web sites have contributed
a remarkable quantity to the credit of movies. Now absolutely everybody can review, rate, comment or share their opinions about
a movie online. Thus, social media plays an important role in predicting the success of a movie.[10] With the development of
various social media stations, electronic word-of-mouth (eWOM) serves as a reliable foundation of data for movie customers.
Several revisions on the effect of eWOM on sales have been conducted due to the production of eWOM on social media. eWOM
Traditional word-of-mouth (WOM) is defined as informal, Person to person communication between a supposed non-commercial
communicator and a receiver about a brand, a product, an organization, or a service. This has developed into electronic Word-Of-
Mouth (eWOM) through the growing occurrence of the Internet and may be defined as any +ve/-ve statement made by likely, real,
and former customs about a product or a company via the Internet. The impacts of blogs and YouTube on box office revenues were
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consistent through the initial stage until the late stage of opening. So, they represent mass media and interpersonal communication.
Blogs have characteristics of interpersonal communication with strong persuasive effects; users can frequently visit blogs by
searching for the desired information. [11] In recent years, social media has played a huge role in how we share and communicate
our thoughts and opinions. This information can very valuable for companies and governments as it can be used to analyse public
mood and opinion which is a very powerful tool. Specifically, it uses chatter from Twitter to predict box office revenue of movies
by extracting features such as tweets and their sentiments.

Il. RELATED WORK

[1] Apala, Krushikanth R. et al. in 2013 “Prediction of movies box office performance using social media.” In this paper the box
office movie presentation of the cinemas was characterized by issues resultant from social media and IMDb. In this sentiment
analysis, twitter, data mining, you tube and IMDb keywords are used.in this work of research create a predictive model involving
of genre of successful films classified by user scores of the IMDb movie database, via Twitter’s followers total, popularity of box
office denoted by the number of comments and views of official movie trailers accessible by YouTube, and sentiment to a movie
derived from YouTube viewers’ comments.

[2] Chintagunta, Pradeep K. et.al. in 2010 “The effects of online user reviews on movie box office performance: Accounting for
sequential rollout and aggregation across local markets.” In this work online word of mouth, new product release, motion pictures
etc keywords are used. The general technique of moments-based approach to computing the impression of the valence, volume, and
variance of online user ratings from Yahoo! Movies on box office presentation while accounting for together these forms of biases.

[3] Dooms, Simon et.al. in 2013 “Movietweetings: a movie rating dataset collected from twitter.” In this work dataset used by
authors the MovieTweetings dataset in which collect automatically from structured social media posts (i.e., Twitter). In this paper
the number of ratings per user and the cumulative percentage of the total amount of ratings. In this paper, tap into the huge
accessibility of social media and paradigm a new movie rating dataset ‘MovieTweetings’ based on public and well-structured
tweets.

[4] Ping-Yu Hsu, Yuan-Hong Shen et.al. 2014 “Predicting Movies User Ratings with IMDDb Attributes.” The idea to integrate
classical and social media factors to improve the prediction accuracy of the movie success. They collected classical attributes (genre,
budget etc.) from IMDB and social attributes (Tweets, views) from social websites like YouTube, Twitter. IMDDb is the largest
movie database in the world. The website had 2.8 million titles (includes episodes) and 5.9 million personalities in its database on
May 2014. In this dataset of movie different types of attributes like movie name, gross, sentiments, likes and dislikes etc. User can
rate one movie as many times as they want but each rating overwrites the previous rating for the same movie. The rating shown in
IMDb is not an average rating of the original data by every voting user but a kind of weighted average of an undisclosed calculation
method.

[5] Lu Yafeng et.al. 2014 "Business intelligence from social media: A study from the vast box office challenge.” In this research
the application of visual analytics for social media analysis has verified comparatively effective. There are still various tasks in
applying this to all domains of business intelligence. Box office movie estimates effort fine as one can track the usefulness of Ad
campaigns. As the analysis from Twitter it becomes difficult to choose effective keywords. Due to the ever-changing stream of
social media sources and users, it is likely that any automated system for data collection and prediction will ultimately be directed
off course. Here social media, box office, visualization and prediction keywords are used.

[7] Karniouchina et. al. 2011 "Impact of star and movie buzz on motion picture distribution and box office revenue." In this index
terms star buzz, movie buzz, cyber buzz, motion pictures etc are used. This study donates to research on the impression that
consumes buzz on motion picture delivery & box office achievement by examining the effect of buzz generated about the individual
stars & about the movie itself.

[9] Liu, Ting, Xiao Ding et. al 2016 "Predicting movie Box-office revenues by exploiting large-scale social media content.” In this
study both linear and non-linear regression models, which are based on the crowd wisdom of social media, especially the posts of
users, to predict movie box-office revenues. More specifically, the attention and popularity of the movie, purchase intention of
users, and comments of users are automatically mined from social media data. In our model, the use of Linear Regression and
Support Vector Regression in predicting the box-office revenue of a movie before its theatrical release is explored. To evaluate the
effectiveness of the proposed approach, a cross-validation experiment is conducted. The experimental results show that large-scale
social media content is correlated with movie box-office revenues and that the purchase intention of users can lead to more accurate
movie box office revenue predictions. Both the linear and non-linear prediction models have the advantage of predicting movie
grosses in our experiments. Keywords are Movie box-office revenue Social media Prediction Purchase intention mining

[12] Mehreen Ahmed et. Al in 2015 “Using Crowd-source based features from social media and Conventional features to predict
the movies popularity”. This paper presents the contrast of Conventional Features with Social Media features in defining the
popularity of movies. In this paper researches presented that social media features such as Sentiment Score of tweets related to
movies, Number of Opinions and Comments of movies” promos on YouTube and supporter following on twitter can helpfully be
utilized to predict the popularity of movie. In this paper presents the contrast of Conventional Features with Social Media features
in defining the status of movies.

[17] Subramaniyaswamy et. Al in 2017 "Predicting movie box office success using multiple regression and SVM." This paper
studies the effectiveness of using multiple linear regression and Support Vector Machine Classification to predict the box-office
success of movies, although analysing the impact of variables like trailer views, search engine views, rankings and time of release.
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In this paper Data Mining, Box-Office Gross, Regression; SVM Classification; Machine Learning and Data Analytics key terms
used.

[18] Huiyu Bi et. Al in 2016 "Classify user’s rating based on IMDB data." In this research of paper authors used machine learning
methods to classify a user’s rating for a movie into -ve and +ve sentiment based on comments for movie. In this paper Machine
learning techniques Logistic Regression, Random Forest, XGBoost used. SVM best classification model. In this more features by
discovering other structures i.e. movie’s box office & the production country which related to the movie rating. For example: some
directors are good at certain movie genre, so the combination of director and genre could influence the movie quality and movie
rating. In machine learning problem, features are important for the presentation of the model. They are not only representative the
points but also helping us understanding the context of problem. In this paper key-words Sentiment Analysis, Logistic Regression,
Random Forest, XGBoost, RBF SVM, IMDb are used.

[19] Ritu Khandelwal et Al "Comparative Analysis for Prediction of Success of Bollywood Movie" in 2019. In this paper different
types are used for the prediction such as AdaBoost, Naive Bayes, decision tree, KNN, and Logistic Regression to get the greatest
correct predicted results. The results are likened on the basis of several methods of sampling from test and score. Based on Cross-
Validation with 2 folds, Decision tree gives the most accurate results. Because of Random sampling, KNN gives the most accurate
results. Based on Leave one out, the most accurate results are given by Decision tree algorithm. In this paper keywords decision
tree, data mining, Prediction and Orange are used.

[21] Sarlan et Al "Twitter sentiment analysis" in 2014. In this research paper sentiment analysis report design in which huge Amount
of tweets. In this paper user’s perception through tweets into +ve tweets and -ve tweets i.e. represents in the form of pie chart. In
this paper keywords Twitter, Sentiments, opinion mining, social media networks, NLP.

[25] Krauss et. Al. "Predicting Movie Success and Academy Awards through Sentiment and Social Network Analysis" In 2008. In
this paper familiarizes a new Web mining method that associations social network analysis and automatic sentiment analysis. This
paper experiments analysing online forum thoughts on the Internet movie database (IMDDb) by exploratory the correlation of the
social network structure. In this paper keyword used Trend Prediction, Social Network Analysis, Online Forum, Internet Movie
Database, Oscar Awards etc. This paper experiment shows that a high strength of argument about a certain movie at IMDb is a
strong pointer of success of that movie at the box office.

1. PROPOSED METHODOLOGY

1. Data collection: The dataset must include parameters such as Actor, etc. of past Bollywood movies.

The first step is Data Collection. we collect the data from UCI dataset. The UCI Machine Learning Repository is a collection of
databases, domain theories, and data generators that are used by the machine learning community for the empirical analysis of
machine learning algorithms. The IMDb (Internet Movie Database) is an online database of information related to films, video
games, television programs, fictional characters, biographies, plot summaries and reviews. IMDb is the world's most popular and
authoritative source for box office movie content. Find ratings and reviews for the movie and TV shows. Data Collector is the major
module as it retrieves information about movies from diverse sources including movies web sites i.e. IMDB and social media
including YouTube and Twitter.

1.1. Feature extraction: - In our dataset collected data of 15 features for each movie. The feature can further divide into
conventional features and social media features. Here conventional features are those feature that are available in movie
resources like IMDb.

111 Conventional features are following discussed: -
Budget
Gross
Genre
Sequel
Rating

e  Screens

Budget defines as total production cost of movie.

Gross: Gross like Earning of a film from all revenue sources.

Genre: genre defines as Adventure, Action, Drama, sequel as Film, theatre that continues the story or expands upon, some earlier
work. In dataset 15 values available those are mapped into numeric values like 1-15.

Screens: total number of screens in cinemas etc.

1.1.2  Social media features as follows: -
Total Number of views
Total Number of likes
Total Number of dislikes
Total Number of comments
Total Number of Aggregate followers
Total sentiment score

Number of Views and Comments: The number of views and comments of promo of movies on YouTube etc social media sites
calculated.
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Number of likes and dislikes: Number of Likes and Dislikes of trailers on YouTube are considered. Its like as same as number of
views and comments of social media.
Total Number of Aggregate followers: Here number of followers are used social media.

Sentiment score; sentiment score defined the opinion of users about a movie. These sentiments are represented by positive (+Ve)
and negative (-Ve). It is calculated as below:

Sentiment (Mi)= Si, Sz, Sa...... Sn
Here, Sy, S, Sa...... Snare total number of tweets of sentiment score. Sentiment (M;) represents sentiments score of a movie.

2. Pre-processing:

After data transformation, we found there are some NA’s in the numeric variable’s “budget”, “screens” and “aggregate followers”.

2.1 “Budget” variable: Since there are only one NA’s in it and it is not reasonable to replace it with the mean or the median,
we delete the row. Because we can’t analyse the budget of this movie of year 2014 according to another movies budget. So, it
removes from dataset.

2.2 “Screens” variable: In our dataset screens variable have 10 missing values. These missing values are not affected to
gross and budget of movies in year 2014. So, it’s removed from dataset.

2.3 “Aggregate Followers” variable: we remove these values because aggregate followers are valued in only social media
networks. In box-office movie have doesn’t matter about followers because in this movie box office. Because in this paper we
discussed more than social media networks like YouTube, Twitter etc.

Table 1. show all about of data in which different attributes shows their different factors. In above table show’s that their attributes
minimum values, maximum values, average values and median. This table used for simply understand the dataset of movies. In our
dataset have 15 different attributes in which some attributes are conventional features and other’s attributes are social media features.

Table 1: Attributes/Parameter under study

S. Keyword Description Min Max Average Median
No.
1 Gross Earning of a film from all | 2470 643000000 77234127.13 46650000
revenue sources
2 Budget Total production cost 7000 250000000 53584562.66 30000000
3 Genre Adventure, Action, Drama | 1 15 5.255319 3
4 Rating IMDb rating 3.1 8.7 6.431915 6.5
5 Comments Something said about a | O 38363 1821.495 883.5
topic
6 Likes liking something 1 370552 12941.98 6734
7 Dislikes something is unpleasant and | O 13960 714.8989 3735
not like
8 Screens total number of screens in | 2 4324 2341.33 2875
cinemas
9 Sentiment View or opinion. It can also | -38 29 2.829787 0
mean an emotion
10 | Sequel Film, theatre that continues | 1 7 1.43617 1
the story or expands upon,
some earlier work

IV. RESULT AND DISCUSSION

In fig.1 consists of highest ten entries of budget of both 2014 and 2015 year. In both year’s in both year’s highest budget was
250000000 and lowest budget of 2014 was
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BUDGET ACC. TO YEAR
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Fig 1. Highest budget of year 2014 & 2015
70000 and other side 2015 lowest budget was 700000.

Rating acc. to Sequel
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Fig 2. Top Ten Rating according to Sequel of movie’s

In fig.2 discuss that sequel doesn’t affect to rating of a movie because here highest rating 8.7 of 2014 and 8.6 of 2015 and lowest
rating of both years like 3.1 and 4. Another side of sequel highest sequel 7 and lowest sequel 1. But in this fig show that highest
sequel 7 have rating like 7.4, 8.1. this means sequel doesn’t matter in rating system of movie.

In fig.3 The aim of movie makers is to provide audience two to three hours of great entertainment. In addition to this they also aim
to make good profit. This paper examines that does positive or negative sentiment of people towards a movie shared on social media
websites affects its gross income? Well, the results depicted shows that it is not so significant factor. Instead budget is the most
significant factor affecting a movie’s gross income, followed by screens on which movie was screened and if the movie is a sequel
or a prequel of an earlier.
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Fig. 3. Co-relation on different factors

movie. Further factors like expert ratings and aggregate online social media followers also affect the gross income of a movie.

2015 Top Ten Movie Gross
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Fig. 4. Top Ten gross list of 2015 movie’s

In fig 4. Shows the gross income of top ten movies of 2015. In which highest gross of movie Jurassic World with 643000000 Gross
and this movie budget is 150000000. Like this others movie have their own budget and gross.
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Fig 5. Top ten 2015 movie’s gross v/s sentiment

Fig 5. shows that movie gross not fully-dependent on sentiment’s because in this fig shows highest gross of movie’s have positive
sentiment’s as well as negative sentiments. So, we can say that sentiment not affected the gross of movie. If we refers the sentiments
for estimates the grossing of movie then not exact values are there because above example we see that if movie no. 4 furious 7 top
3 grossing movie of year 2015 but another side if we see this movie sentiments then its have negative sentiments. So we finally say
that not only sentiments those effected to the gross of any movie in movie industry.

2014 TOP GROSS MOVIE

X-Men: Days of Future Past 234000000
Maleficent 241000000
Transformers: Age of Extinction 245000000
The Hobbit: The Battle of the Five Armies 255000000
The Lego Movie 258000000
Captain America: The Winter Soldier 260000000
Guardians of the Galaxy 333000000
The Hunger Games: Mockingjay - Part 1 337000000
American Sniper 350000000
0 100000000 200000000 300000000 400000000
Gross

Fig. 6. Top gross list of 2014 movie’s
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Fig 6. Show same as fig 4. Because in fig no. 4 shows the top ten movie’s gross of year 2015 and another side fig 6. Shows the top
ten grossing movies according to year 2014.

V. CONCLUSION

This paper presents the comparison of social media features and conventional features. In this paper shows that in previous year of
work only views effected on movie gross income but in this era of social media sentiments also effected to the gross of movie.
Other side we can say that not only single attribute like sentiments effected the grossing of movie. For success of movie box office
sequel, views, likes etc played main role in success of any movie. In our work discussion about co-relation on different factors.
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