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1. Introduction 

This aim of this report is to analyse a database extract and perform data mining processes on it to 

identify if any significant patterns or trends can be found. The dataset will go through many pre-

processing operations before being imported into industry standard data mining and visualisation 

software including Weka and Tableau. Once successfully imported, various methods of processing 

which could include classification, clustering and association analysis will be used to create models, 

visualisations, and to identify patterns. There will be pre-defined questions that will attempt to be 

answered using the different models. Any significant findings will then be discussed and reported and 

finally a conclusion will be drawn on the overall process. 

 

2. The Data Set 

The dataset selected for analysis and investigation in this report is based on data collected about 

movies. The dataset has been retrieved from the Kaggle website. Kaggle are specialists in providing 

data for data science projects [1]. The origins of the dataset come from the MovieLens [2] website, 

which is an online movie recommender service, and in turn the dataset has been collected and made 

available through GroupLens Research [3]. Although the data has been collected between 1995 and 

2017, it does not imply that a movie must have been released between those years to be featured in 

the dataset. This is simply the date range in which data was collected about each individual movie. 

Some elements of the dataset are blended from other sources, including selected movie details, 

credits and keywords, which have been retrieved from The Movie Database (TMDb) website. TMDb is 

a user editable database built for movies and TV shows and provides extensive metadata, with over 

200,000 developers and organisations using the platform [4]. 

As well as data collected about movies, part of the dataset includes data collected from users of the 

website such as their ratings for movies that have been viewed. These users were selected randomly 

for inclusion and must have previously rated at least twenty movies in order to be included. Each user 

in the dataset is represented by an ID number and there is no demographic information included that 

could be used to identify individuals [5]. 

The MovieLens website works as a movie recommendation system, where users create an account 

and rate movies that they like. The recommendation system is then able to gather data from the users, 

build a profile on their specific likes and dislikes and use association methods to recommend other 

similar movies which may also appeal to the user. An example of the MovieLens website can be found 
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in Figure 1. Here you can see the website has made a prediction about the rating that a user is likely 

to give based on the data that has been gathered about that user to date. 

 

Figure 1: The MovieLens website [2] 

 

The main purpose for this dataset according to Kaggle is to build a recommendation engine for users. 

Whilst this goes beyond the scope of this report, the dataset has been chosen because it is still 

substantial enough for analysis and it is hoped that there could be hidden patterns or trends which 

can be explored further. 

The full dataset consists of seven files in CSV format, however on closer inspection it became clear 

that not all of them would be relevant to this report and some could be disregarded. The primary 

dataset file for analysis is called ‘movies_metadata.csv’. Within this file there is data about 45,467 

movies. 

In total, there are 24 attributes of varying data types and sizes. On first examination of the dataset, it 

was found that not all of the attributes were suitable to be included for analysis and some were 

therefore disregarded. It was also discovered that the data is not yet suitable to be loaded into any 

data mining software as it requires a considerable amount of pre-processing and cleaning. This is due 

to many factors including null values, illegal characters, as well as missing data. The pre-processing 

methods used to clean the data and prepare it for analysis will be explained later in this report.  

An extract of the raw dataset prior to any pre-processing can be seen in Figure 2. 
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Figure 2: The 'movies_metadata' CSV file 

 

Microsoft Excel was used to load the dataset to begin the process of exploring what data was included and to identify any attributes that may not be relevant. 

It also enabled a plan to be drawn up to outline the pre-processing operations that would be required to make the data suitable for analysis in data mining 

software.
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2.1  Dataset Attributes 

Attribute Data 
Type 

Description 

adult Boolean Indicates whether a movie has been rated as having adult 
content 

belongs_to_collection String Gives information on whether a movie belongs to a series or 
collection e.g. Star Wars 

budget Numeric The budget of the movie given in dollars 
genres String 

Array 
A list of all genres that can be associated with a movie 

homepage String The location of the official homepage URL of a movie 
id Numeric The official ID number allocated to the movie by the 

MovieLens website 
imdb_id String The unique ID allocated to the movie by the IMDB website. 

There is no association with the ID given by the MovieLens 
website 

original_language String The spoken language that the movie was originally filmed in 
original_title String The original title given to the movie when it began 

production. On rare occasions, movies can change titles 
during production and this is represented by the title 
attribute instead 

overview String Gives potential viewers a brief outline of the plot and 
storyline to engage their interest 

popularity Real This is the popularity score assigned to a movie by the TMDB 
website. The scores allocated range from 0 to 547, with a 
mean value of 2.9 

poster_path String A URL given to locate the official movie poster image 
production_companies String A list of all production companies who were involved in the 

making of the movie 
production_countries String A list of all the countries that the movie was filmed in 
release_date Date The theatrical release date of the movie 
revenue Numeric The total revenue of the movie in dollars. The revenue ranges 

from 0 to £2,787,965,087 with a mean of £11,209,348 
runtime Numeric The runtime of the movie given in minutes 
spoken_language String The spoken languages that are featured in the movie. This 

can be different from the language that the movie was filmed 
in 

status String The status of the movie at the time of data collection. Values 
can include Released, Announced, Post-Production, etc 

tagline String The tagline or caption for the movie 
title String The official final title of the movie. This can sometimes differ 

from the original title 
video Boolean This indicates if there is a video of the movie available on the 

TMDB website 
vote_average Real The average rating given to the movie by users of the 

website. The score is based on a range from 1 to 10. The 
mean value of votes is 5.6 

vote_count Numeric The number of votes given by users to each particular movie. 
The count of votes ranges from 0 to 14075, with a mean 
value of 109.8 
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3. Data Pre-Processing 

3.1  Removal of unsuitable attributes 

The first step in the pre-processing stage was to remove the attributes that were deemed to be 

unnecessary or unsuitable for further analysis. The following attributes were removed: 

Attribute Example Data Reason 
adult FALSE There were only 13 movies in the dataset 

categorised with adult content. It was 
therefore deemed unsuitable for further 
analysis 

belongs_to_collection {'id': 10, 'name': 'Star Wars 
 Collection'} 

Less than 10% of the total movies in the 
dataset belonged to a collection. As this report 
is focused on individual movies it was decided 
to remove this attribute 

homepage http://www.starwars.com/ 
/films/star-wars-episode-
v-the-empire-strikes-back 

There is no further analysis that can be 
performed on this attribute, so it was removed 

original_language en The vast majority of movies in the dataset 
were filmed in English. This attribute may be 
useful in future exploration but on this 
occasion, it was removed 

original_title Return of the Jedi There were few instances where the original 
title was different to the final title attribute, so 
it was felt that this attribute was not necessary 

overview The epic saga continues as 
Luke Skywalker tries to 
defeat the Galactic Empire 

There is no further analysis that can be 
performed on this attribute, so it was removed 

poster_path /n8V09dBX6hN8X.jpg There is no further analysis that can be 
performed on this attribute, so it was removed 

production_companies {'name': 'Lucasfilm','id': 1} This attribute may be useful in future 
exploration of the dataset to help predict the 
success of movies, but on this occasion, it was 
removed from the dataset 

production_countries {'iso_3166_1': 'US'} This attribute may be useful in future 
exploration of the dataset to help predict the 
success of movies, but on this occasion, it was 
removed from the dataset 

spoken_language {'iso_639_1': 'en'} Similar to the original_language attribute, this 
may be useful in future exploration but on this 
occasion, it was removed 

status Released There is no further analysis that can be 
performed on this attribute, so it was removed 

tagline A long time ago in a galaxy  
far, far away... 

Similar to overview, there is no further 
analysis that can be performed on this 
attribute, so it was removed 

video FALSE Only 100 movies had the full video available to 
view on the TMDb website. It was therefore 
deemed unsuitable for further analysis 
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Following the removal of these attributes, the dataset was then left with 11 attributes that were either 

considered to be suitable for further analysis and exploration or deemed necessary to provide context 

to the data. In Excel, some formatting was done to tidy up the appearance of the dataset and 

reorganise the columns into a logical order, which can be seen in Figure 3. 

 

 

Figure 3: The reorganised dataset in Excel 

 

3.2  Attributes with missing values 

Being able to use Microsoft Excel to inspect the dataset prior to loading into the data mining and 

visualisation software was very helpful. By applying filters to the various attribute columns and 

changing the properties, it was discovered that there were numerous missing values throughout the 

dataset. Through experience of working with Weka, it is necessary for all values to be present when 

importing the dataset into the software. Weka is able to process null values but if a value is missing or 

blank it will cause issues during the data import operation whereby the software thinks there is an 

error in the data file. 
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The first task was to deal with the missing values and replace them with a question mark character ‘?’ 

so that Weka would interpret and understand them as being intentionally missing, rather than 

assuming there was an error in the dataset. 

Figure 4 shows an issue that was identified with the Runtime attribute in column G. There were 

approximately 264 records with this attribute missing. To rectify this, a question mark character was 

added to all of the missing values.  

A cursory glance through the movie titles in column B with missing runtimes showed that the vast 

majority of them tended not to be movies with English as the predominant language. There is no 

known explanation for this, however it could possibly be due to differences in how movies that 

originated in different countries were originally recorded in the database. 

 

Figure 4: Missing Runtime attribute 

 

The Runtime attribute had the most missing values; however, it was not the only one. A similar 

check was also performed on the other attributes and there were a few instances where missing 

values had to be replaced in the Release_Date and Revenue attributes, although not to such a great 

extent. 

The filters in Excel proved to be very effective at rectifying these issues.  
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3.3 Illegal Characters 

The next step in cleaning the data was to ensure that no illegal characters were present in the dataset 

as Weka would identify these and reject the data. Illegal characters can exist in many different types 

of software and operating systems and can vary between them meaning that some illegal characters 

may be unintentionally used.  

It was decided to use the find and replace tools in Excel as they would be able to quickly and efficiently 

perform updates to the whole dataset. The vast majority of the data is in numeric format and it was 

identified that the primary attribute that would need to be checked for illegal characters was Title.  

In particular, the characters/issues that needed to be checked and removed included: 

• Spaces between words (replaced with an underscore character) 
• Apostrophes  - ‘ 
• Commas - , 
• Percentage symbols - % 
• Quotation marks - “ 
• Question marks - ? 

With the exception of spaces between words, which were replaced with an underscore, all other illegal 

characters were simply removed. This process was not expected to cause any issues with 

understanding the data. 

It was a relatively simple process to use the find and replace tool to address these issues. One problem 

that became apparent was with the question mark symbol. When using the find and replace tool, Excel 

identifies a question mark as a wildcard and therefore removes every character from the specified 

attribute during the replace option. In a dataset of this size, it took some time for Excel to complete 

this process which then had to be rectified, taking a similar amount of time.  

To resolve this issue, a tilde ~ symbol was used in front of the question mark character so that Excel 

would interpret the query correctly and only replace question mark characters within the text rather 

than replaces all characters as a wildcard. An example of this can be seen in Figure 5: 

 

Figure 5: Using the Find and Replace tool in Excel 
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3.3 Checking for nonsensical data and incomplete records 

By using the custom sort tool within Excel, it was possible to sort by different attributes to identify 

records that did not make sense or were incomplete. These records would not have imported correctly 

into Weka and need to be dealt with. In total, there were 8 records found out of the 45,467 in the 

dataset that needed to be removed for these reasons. This figure represented only 0.02% of the total 

records which was deemed an acceptable figure. 

Figure 6 shows how the incomplete records were originally found in the dataset.  

 

Figure 6: Incomplete or nonsensical records which were removed 

 

 

3.4 Splitting an attribute into separate groups 

In order to perform association analysis algorithms on the Genre attribute in Weka, the current 

structure of the attribute will need to be amended. Presently, the data is all grouped together in a 

similar format which looks as if it has been previously exported from another software. Column C in 

Figure 7 shows this: 

 

Figure 7: The Genre attribute before splitting 

 

Here you can see that the movie Toy Story 3 has been assigned the following genres: 

• Animation 
• Family 
• Comedy 

In order to split the genres and assign them individually to each movie, it was decided to use the built-

in functions in Excel. 

The first step in the process was to identify all of the different genres that existed in the dataset. This 

resulted in 20 genres being found: 
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• Action 

• Adventure 

• Animation 

• Comedy 

• Crime 

• Documentary 

• Drama 

• Family 

• Fantasy 

• Foreign 

• History 

• Horror 

• Music 

• Mystery 

• Romance 

• Science Fiction 

• Thriller 

• TV Movie 

• War 

• Western 

 

Next, it was necessary to add columns to the end of the dataset file using the different genres as 

column headings, as seen in Figure 8: 

 

Figure 8: The keyword columns added to the dataset file 

 

Once the columns had been added it was then possible to use Excel functions to identify if the genre 

keyword was present in the string of the existing genre attribute. This was accomplished by using the 

following function: 

=ISNUMBER(SEARCH(“Action”,C1)) 

 

An example of this can be seen in the formula bar in Figure 9: 

 

Figure 9: Using a function to find a keyword in a string 
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This function would search through the string within the cell and return True if the genre was found 

and False if it was not found. Once the results of this function had been checked to see if it was working 

correctly, it could then be replicated down to the following rows and across columns. Upon successful 

completion, the original Genre attribute could then be removed from the dataset as it is no longer 

needed. 

One issue that became evident at this stage was the need to ensure the genre name had been spelt 

correctly within the function. If for any reason a genre name was typed incorrectly the function would 

have been unable to find the text within the string and this could easily have resulted in the results 

being distorted during the data mining stage.  

Completing this process and adding the extra columns has meant that the number of attributes in the 

dataset has now grown to 30, although this does mean that the size of the dataset file has increased 

to 7Mb.  

However, despite a marginal increase in the file size it is still relatively small. Having all of the attributes 

stored together in one dataset file allows flexibility when analysing the data in Weka. The pre-

processing tools in Weka will enable attributes to be temporarily removed during different operations 

and will also allow them to be restored at a later time. These temporary changes will not affect the 

master dataset. 

 

3.5 Restructuring date values 

The next step in the pre-processing stage was to rearrange the date values in the dataset as they were 

not in the correct format to be imported into Weka.  

The original date values were all structured  as “DD-MM-YYYY”, but for working with Weka they need 

to be rearranged to “YYYY-MM-DD”. These amendments can easily be made using the Format Cells 

options in Excel and choosing a different method of displaying the date, as seen in Figure 10: 
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The date attribute in its original format: 

 

 

 

 

The date attribute in its amended format: 

 

 

Figure 10: Changing the date structure for Weka 
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3.6 Creating the ARFF file for Weka 

Once the dataset has been cleaned and made ready for Weka it needs to be structured correctly in 

ARFF format so that it will be recognised by the software. This was achieved by opening the updated 

CSV dataset file in Notepad++ and adding the following header section for the file: 

 

@RELATION genres 
@ATTRIBUTE ID Numeric 
@ATTRIBUTE Budget Numeric 
@ATTRIBUTE Revenue Numeric 
@ATTRIBUTE Release_Date Date “YYYY-mm-DD” 
@ATTRIBUTE Runtime Numeric 
@ATTRIBUTE Popularity Numeric 
@ATTRIBUTE Vote_Average Numeric 
@ATTRIBUTE Vote_Count Numeric 
@ATTRIBUTE Action {FALSE,TRUE} 
@ATTRIBUTE Adventure {FALSE,TRUE} 
@ATTRIBUTE Animation {FALSE,TRUE} 
@ATTRIBUTE Comedy {FALSE,TRUE} 
@ATTRIBUTE Crime {FALSE,TRUE} 
@ATTRIBUTE Documentary {FALSE,TRUE} 
@ATTRIBUTE Drama {FALSE,TRUE} 
@ATTRIBUTE Family {FALSE,TRUE} 
@ATTRIBUTE Fantasy {FALSE,TRUE} 
@ATTRIBUTE Foreign {FALSE,TRUE} 
@ATTRIBUTE History {FALSE,TRUE} 
@ATTRIBUTE Horror {FALSE,TRUE} 
@ATTRIBUTE Music {FALSE,TRUE} 
@ATTRIBUTE Mystery {FALSE,TRUE} 
@ATTRIBUTE Romance {FALSE,TRUE} 
@ATTRIBUTE Science_Fiction {FALSE,TRUE} 
@ATTRIBUTE Thriller {FALSE,TRUE} 
@ATTRIBUTE TV_Movie {FALSE,TRUE} 
@ATTRIBUTE War {FALSE,TRUE} 
@ATTRIBUTE Western {FALSE,TRUE} 
@DATA 
 
 
 
It is important to ensure that the data types alongside each attribute are correct otherwise Weka will 

report errors during the import stage. Once complete, the file then needed to be saved with a ‘.arff’ 

extension so that it would be recognised and opened by Weka. 
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4. Data Visualisation in Weka 

The data was successfully imported into Weka . The first step was then to create a visualization to see 

if any interesting patterns could be found prior to the data mining processes being run. The ID and 

release date of each movie as well as all 20 of the genres were removed from the visualisation as they 

were not deemed to be suitable for this stage. 

 

Figure 11: Initial Weka visualisation 

 

From this visualisation, it would appear that the Vote_Average attribute seems to peak around a value 

of 6 with a fairly even distribution either side. There also appears to be a spike in the Runtime attribute 

at the lower end of the graph, suggesting that the majority of the movies in the dataset were of a 

shorter runtime. 

However, it is clear to see that not much else can be concluded from this visualisation, therefore it will 

be necessary to use Tableau in order to explore the dataset in greater detail using the sophisticated 

tools and techniques available. 
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5. Data Analysis 

There are 4 questions that will attempt to be answered by investigating the dataset: 

Question Technique Used 
1. Is it possible to predict the popularity score for a movie based on 

the existing records in the dataset? 
Weka 
Classification 

2. Are there any patterns contained in the genres? Are there any 
genres that feature frequently in the dataset? 

Weka  
Association Analysis 

3. Is there any relation between the budget for a movie and the 
revenue it makes? 

Tableau Visualisation 

4. Is there a relationship between Runtime and Revenue? 
 

Tableau Visualisation 

 

 

5.1 Question 1 - Is it possible to predict the popularity score for a movie based on the existing 

records in the dataset? 

 

This question requires classification techniques to be applied to the dataset. Figure 12 shows that the 

Popularity attribute values range from 0 to 547.488, with a mean value of 2.921 and a standard 

deviation of 6.005. This would suggest that the Popularity values are somewhat skewed and the values 

at the higher end of the scale are not commonly found in the dataset. 

 

 

Figure 12: Popularity attribute values 

 

The top 10 movies with the highest popularity score are shown in Figure 13: 
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Figure 13: Top 10 movies with highest Popularity score 

 

There are some very well-known and blockbuster movies in this list. However, what is not clear is how 

the Popularity score is assigned by TMDb. Viewers of a movie are able to provide their own rating, but 

this is stored in a separate attribute and is on a scale of 1 to 10. There is nothing on the TMDb website 

to indicate how this score is calculated. One possible suggestion could be to do with the date that a 

movie was released. All of the movies in this list were released within the last decade. As the growth 

and popularity of the Internet and social media have continued to grow, maybe this has had an effect 

on the Popularity score of newer movies resulting in them being higher than older movies in the 

dataset.  

For example, the TMDb website sometimes provides trailers for potential viewers to see if they would 

be interested in watching a film. Maybe the use of social media and internet enabled devices in the 

last decade has driven more users to the website and had an effect on the Popularity score. However, 

this is just a theory and cannot be proven. 

As the Popularity scores varied so much, it was anticipated that this could cause inaccurate results to 

be reported by Weka. To try and combat this, it was decided to manually group movies together into 

8 evenly spread groups or buckets numbered 1 to 8, where 1 would be movies that were least popular 

and 8 would be movies that were most popular.  

This meant going back to Excel, adding an additional column to hold the bucket number, and manually 

assigning a bucket number to each movie. There were approximately 5,682 movies in each bucket. 

The data was then reloaded back into Weka. 
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Next, it was necessary to remove any attributes that were not suitable to answer this question. The 

attributes removed were ID, Title, Budget, Revenue, Release_Date, Runtime Vote_Average, 

Vote_Count and IMDB_ID.   

 

This left 21 attributes available as seen in Figure 14: 

 

 

Figure 14: The dataset loaded into Weka 

 

 

The Popularity attribute is the class in this investigation, so it was necessary to use the Edit tool to 

make this change, as seen in Figure 15.  

By default, when a class is defined it then moves to the bottom of the list of attributes. 
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Figure 15: Setting the Popularity attribute as a class 

 

Classification algorithms cannot be run on a dataset if the class attribute is numeric. This caused an 

issue with the Popularity data which was all in numeric format. Fortunately, Weka has built-in filters 

which can be used to convert data into nominal format to make it usable. 

Figure 16  shows the NumericToNominal filter has been applied and has successfully changed the type 

of data in Popularity to nominal. You can also see the 8 evenly spread buckets in the preview window. 

 

Figure 16: The NumericToNominal filter being applied 
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Now the dataset is ready for classification. The algorithm that will be used to try and extract rulesets 

from the data is J48. According to Witten, Eibe and Hall [6] J48 is a decision tree algorithm in Weka 

which is a derivative of the C4.5 algorithm. It uses simple divide and conquer methods in order to 

determine if rules can be found. 

The main objective for this question is to find out if the algorithm will be able to identify how to classify 

the popularity of future movies based on existing data. 

As the dataset is 45,000+ records, it was decided to use a percentage split. This will allow a subset of 

the dataset to be explored by the algorithm and the results can then be tested on the remaining data 

to check for accuracy. The algorithm was run 3 times using a different percentage split for each 

occurrence. 

The results for this method can be found in the table below: 

 

Percentage split Correct classification Incorrect classification 

75% 21.13% 78.86% 

66% 21.11% 78.88% 

55% 20.75% 79.24% 

 

 

There appeared to be very little difference in the results when running the different percentage splits. 

The highest number of correct classifications (21.13%) was achieved using a 75% split, the results of 

which can be seen in Figure 17. 
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Figure 17: Results of 75% split classification 

 

It was initially hoped that the algorithm would return a higher number of correctly classified instances. 

One theory is that having the 8 different buckets has resulted in too many different leaves of the 

decision tree and therefore produced more inaccurate classifications. Indeed looking at the confusion 

matrix in Figure 17, it would seem that there is a fairly even spread of numbers between the different 

groups. 

In an attempt to try and improve the accuracy of the model, it was decided to modify the dataset by 

reducing the number of groups/buckets to 4 instead of 8. It was hoped that a reduction in groups 

could lead to a slimmed down decision tree and more movies being correctly classified.  
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The first step was to modify the dataset in Excel. The 8 assigned bucket numbers were removed and 

replaced with numbers 1 to 4 instead, with 1 being lower popularity and 4 being higher popularity. 

Again, the data was spread evenly between the 4 buckets which increased the number of movies per 

group/bucket to approximately 11,365. 

Figure 18 shows the reimported dataset in Weka and the updated groupings for Popularity: 

 

Figure 18: Updated dataset groupings 

 

To ensure a fair comparison, the same percentage splits were used with the updated dataset. The 

results can be found in the table below: 

Percentage split Correct classification Incorrect classification 

75% 37.70% 62.30% 

66% 38.10% 61.90% 

55% 37.68% 62.31% 
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Again, there appeared to be very little difference in the results when running the different percentage 

splits. The highest number of correct classifications (38.10%) was achieved using a 66% split, as can be 

seen in Figure 19. 

 

Figure 19: Results of the 66% percentage split classification 

 

It is now evident that reducing the number of buckets from 8 to 4 has led to an improvement in the 

classification of movies. Similarly, if the number of buckets was reduced again it is very likely that the 

correctly classified number would increase. 

However, this method of thinking presents problems. By reducing the number of buckets from 8 to 4, 

correct classifications have indeed gone up. This would be because the range of each bucket has 

become broader allowing more movies to be grouped together in the same bucket. However, there 

could be very big extremes in the Popularity score within each bucket. Depending on how these results 

were planning to be used, it might not be realistic to assume that there could only be 4 possible 
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buckets that a movie could be assigned to.  This is where domain knowledge would come in useful to 

be able to help understand what would make this process more effective. 

It is also worth looking at the new confusion matrix to see if any conclusions can be drawn:  

 

Figure 20: Confusion matrix for 66% split / 4 buckets 

 

It would appear that the highest number of correct classifications are achieved in group D (1995) for 

the most popular movies, followed by group A (1505) with the least popular movies. This would 

suggest that the model found it easier to classify those movies that were at the extremes of the 

Popularity score range, rather than those that were in the middle.  

Bearing in mind that the Popularity attribute values originally ranged from 0 to 547.488, with a mean 

value of 2.921 and a standard deviation of 6.005, it was hoped that by allocating movies into a series 

of groups/buckets the model would be able to better classify them. This does not seem to have been 

the case for those movies that are not at the higher and lower ends of the Popularity score range. In 

conclusion, 1 in 3 movies can be correctly classified. Depending on how this model might be used, this 

may not be accurate enough to be trusted. 

 

 

5.2 Question 2 - Are there any patterns contained in the genres? Are there any genres that 

feature frequently in the dataset? 

This question requires association analysis techniques to be applied to the dataset. This will focus on 

applying an association algorithm to the individual Genre attributes that were added in the pre-

processing stage.  

It was necessary to remove any attributes that were not suitable to answer this question. The 

attributes removed were ID, Title, Budget, Revenue, Release_Date, Runtime, Popularity, 

Vote_Average, Vote_Count and IMDB_ID.   
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This left 20 attributes available as seen in Figure 21: 

 

Figure 21: The dataset loaded into Weka 

 

The algorithm chosen for association analysis is Apriori. Witten, Eibe and Hall [6] state that Apriori is 

effective for finding frequent item sets  and looking for patterns between them to generate association 

rules. It is a popular data mining algorithm often used in market basket analysis for supermarkets. 

Witten, Eibe and Hall [6] go on to explain that although effective, the generation process of the 

algorithm can be computationally costly particularly in very large datasets. 

 

The dataset file was again imported into Weka. There were no changes made to the default settings 

for the algorithm in the first instance. The algorithm should produce 10 rule sets with a minimum 

confidence level of 90% - which indicates how frequently a rule is found to be true.  

The results from the first application of the algorithm can be seen in Figure 22: 
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Figure 22: Results of the Apriori algorithm 

 

The algorithm has successfully identified 4 large item sets and 10 association rules. The most confident 

rule found suggests that if a movie is categorised as Family and Western it is therefore not likely to be 

a TV Movie. As this is the most confident rule that the algorithm could find, it does raise some 

questions about the accuracy of the results. Whilst it is possible that a family movie could indeed also 

be a western, it is not a combination that would normally be associated together. 

This prompted further investigation of the rules. It would appear that TV Movie seems to be used in 

all of the 10 rules found. As an experiment and as part of secondary pre-processing, TV Movie was 

removed from the attributes list in Weka and the algorithm was run again. The results of this can be 

seen in Figure 23: 
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Figure 23: Updated results of the Apriori algorithm 

 

This time TV Movie has been removed from the rules found. The most confident rule on this occasion 

suggests that a movie that is not categorised as Adventure would therefore not be a Western. The 

second rule found suggests that a movie that is not categorised as History or Western can therefore 

not be categorised as War.  

There is not a lot of knowledge that can be gained from these rules as there does not seem to be any 

real patterns or trends.  

In addition, upon closer examination of both implementations of the algorithm, it appears that all of 

the values in the rules have been returned as False. This is to be expected as in total there are 909,180 

possible values that can be collected for each genre and each movie (45,459 records x 20 attributes).  

91,094 of those values have been recorded as True, which leaves 818,086 False entries in the dataset 

(True – 10% vs False – 90%). This means that a significant proportion of the dataset will be False and 

this could therefore have impacted the result of the algorithm. 
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In order to test this theory, an adjustment was made to the properties of the Apriori algorithm. In 

order to compensate for the substantial amount of False entries in the dataset the 

‘treatZeroAsMissing’ option has been changed to True, as seen in Figure 24.  

This option will analyse the data as before but will treat all False values as being missing, rather than 

being False. The logic is that the balance should shift in favour of True values and the algorithm may 

produce different outcomes as a result. 

 

Figure 24: Adjusting the Apriori algorithm 

 

The algorithm was run again and the results can be seen in Figure 25: 
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Figure 25: Results of the Apriori algorithm 

 

This time, the results are very different. Despite the algorithm being instructed to find 10 rules it was 

only able to find 1. If a movie is categorised as a Thriller it is therefore also likely to be Animation as 

well. This does not seem to hold much logic and there is very little to associate the two genres 

together. 

As no further results were found, it was decided to reduce the confidence level of the algorithm from 

90% to 50%. Whilst this may increase the number of rules found, it does also mean that the reliability 

and association rate of those rules is reduced. 

The results of this reduction can be seen in Figure 26: 
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Figure 26: Results of the Apriori algorithm with 50% confidence 

 

Even with confidence at 50%, the algorithm was only able to find 4 rules. Animation seems to feature 

heavily in the results but there still seems to be no real logic between the association of the genres.  

As an experiment, the Animation genre was removed from the available attributes and the algorithm 

run for a third time. The results of this can be seen in Figure 27: 
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Figure 27: Results of the Apriori algorithm 3rd run 

 

With the Animation genre removed from the attributes and even at 50% confidence, the algorithm is 

unable to find any rules at all. Despite changing a number of the properties available, no results could 

be found. 

Unfortunately, it would appear that the attempt to associate movies together based on their allocated 

genres has been unsuccessful. There could be many reasons for this. For example, it is not known how 

the genres were assigned originally by the TMDb website or indeed how comprehensive the process 

of assignment was. It could be possible that if the dataset was compiled over a period of time, and 

possibly by different people and in different countries, different interpretations could have been made 

as to how to assign genres to movies. 

There may be other software, tools or algorithms that may be able to determine if there is any 

association present but, on this occasion, it has not been possible to find anything of any significance. 
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5.3 Question 3 - Is there any relation between the budget for a movie and the revenue it 

makes? 

It is sometimes thought that movies that earn higher revenues would have had a higher budget for 

production to start with. This is not always the case, but it is worth considering if there could be any 

correlation between the two. 

Figure 28 shows the top 10 movies with the highest revenues: 

 

Figure 28: Top 10 grossing movies in the dataset – sorted by Revenue 

 

The budgets allocated to these movies do indeed seem to be quite substantial stretching to hundreds 

of millions. However, the budgets represented here are not the highest to be found in the dataset. A 

simple sort in Excel on the Budget attribute column has changed the top 10 list, as seen in Figure 29: 

 

Figure 29: Top 10 grossing movies in the dataset – sorted by Budget 

 

This time there is a different list of movies presented. Only 1 of the movies, Avengers: Age of Ultron, 

appears in both lists. This would suggest that there may not be a close relationship between budget 

and revenue. However, this is only a very superficial analysis and needs to be explored further. 

To enable this exploration, it was decided that Weka would not be a suitable tool to use. Tableau is 

much better at visualising data and comes with a wide selection of tools and techniques that can make 

the process more effective. 
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The dataset file was loaded into Tableau. Unlike Weka, it does not need to be in a specific structure to 

be imported. Tableau is able to recognise CSV and spreadsheet files and interpret them correctly. 

The most appropriate method of displaying this data was to use a scatter plot of Budget against 

Revenue. The results can be seen in Figure 30: 

 

Figure 30: Scatter plot of Budget against Revenue 

 

It would be difficult to draw a line of best fit on this scatter plot, and even if one was drawn there 

would be a considerable number of movies with some distance from it. This would suggest that there 

is no real strong correlation here between Budget and Revenue. 

However, there is some correlation present but it is unlikely that the relationship between the two 

attributes would be strong enough to provide an accurate forecast for future movies. 
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5.4 Question 4 – Is there a relationship between Runtime and Revenue? 

Upon analysing the count of genres associated with the movies in the dataset, it was found that the 

Animation genre features far higher than any other. There are 120,618 genres assigned to the full 

movie dataset in total, of which 31,459 or 26.08% are Animation. This can be seen in Figure 31: 

 

Figure 31: Count of assigned Genres in the full dataset 

 

Traditionally, animated films have higher production costs and are normally assigned higher budgets 

as a result . However, it is not clear from the dataset what type of movies actually count as being 

Animation. For example, a live action movie can blend animation with real actors, crew and locations. 

This can be a costly process. Whereas a fully animated movie is much more time consuming and will 

need a higher number of technical staff to produce, which can also be costly. 

The Runtime attribute contains a wide range of data. The longest length of a movie in the dataset is 

1256 minutes long (20.9 hours), whilst the shortest length of a movie is 1 minute. The mean value for 

movie length is 94.12 minutes (1 hour 34 minutes). 

Owing to the large costs involved, it is possible that animated movies would therefore have a shorter 

Runtime. A visualisation was created in Tableau to test if this theory is true, as seen in Figure 32: 

 

 

31459

20265

13182

762467356596
4673430739323496304927702467231316221598139813231042 767

0

5000

10000

15000

20000

25000

30000

35000

Co
un

t

Genre

Count of assigned Genres



34 
 

 

Figure 32: Scatter plot of Runtime vs Revenue 

 

The scatter plot is showing all movies in the dataset. The blue instances are all movies that are not 

categorised as Animation and the orange instances are movies that are categorised as Animation. It 

can be seen, although not very clearly, from this view that the Runtime for Animation movies seems 

to be towards the lower end of Runtime on the X axis. There are no orange instances found at the 

higher end of the X axis. 

Using the filter tools in Tableau, it is possible to add a filter to the data to remove those movies which 

are not categorised as Animation. The results of this can be seen in Figure 33: 
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Figure 33: Scatter plot of Runtime vs Revenue (Animation only) 

 

It is now much clearer from this scatter plot to see that Animation movies, again represented in 

orange, are definitely towards the lower end of the Runtime values. The average Runtime for each 

movie here seems to follow the mean value of 94 minutes (1 hour 30 minutes). The movies which are 

not classified as Animation are represented in grey. 

There is 1 instance of an Animation movie between 300 and 400 minutes long. On closer examination, 

this belongs to a movie called Guyver: The Bioboosted Armor, which is actually an animated series of 

episodes each of which is approximately 55 minutes in length [7]. It would appear that multiple 

episodes have been combined together in the dataset to produce a higher than average calculated 

runtime, and as such this outlier can be disregarded. 

The conclusion from looking at this visualisation would suggest that Animation movies are therefore 

in fact shorter in length, possibly due to financial and time restraints. However, despite being shorter 

in length there are a considerable number of Animation movies that have some of the highest 

recorded revenue values.  
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The top 10 Animation movies with the highest revenue are shown in Figure 34: 

 

Figure 34: Top 10 Animation movies with highest revenue 

 

There are certainly some very popular and recognisable movies in this list. Looking at the Runtime 

attribute in column F it can be seen that, with the exception of Avatar at 162 minutes, the rest of the 

top 10 have a runtime that is not far from the overall mean value of 94.10 minutes. This would suggest 

that the Runtime for Animation movies does not necessarily need to be longer, and therefore cost 

more to produce, in order to secure a good return. 

 

6. Reflection 

The process of understanding and applying data mining techniques to this dataset has resulted in a 

number of conclusions being drawn. 

Firstly, prior to completing this investigation it was essential to spend time using the software that 

was chosen for analysis to establish the capabilities and functions that would be available. In addition 

to being familiar with the software, it is also essential to ensure that there is an awareness of what 

the software would be used for. For example, in Weka there are numerous different algorithms 

available for classification, clustering and association analysis. Each of these algorithms have their own 

strengths and can yield different results from the data. It is important to be able to understand what 

the differences are and how the results could potentially be affected.  

In addition, each algorithm also has its own set of properties that can be amended to suit the nature 

of the dataset. For example, in this investigation the ‘treatZeroAsMissing’ option was enabled in the 

Apriori algorithm to treat all False values as being missing rather than actually treating them as False 

to see the effect on the results. All of this is beneficial to anybody wanting to apply data mining 

techniques, however there should still be a background understanding of how each method works. 

This can be achieved by reading around the different concepts and experimenting in the software. 

Both Weka and Tableau are industry standard software and are widely used meaning that there are 

numerous tutorials and videos available which can help with this process. 
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Before the data is imported into any software, it is essential that time is spent familiarising yourself 

with and understanding the dataset that you have chosen to work with. It is beneficial to take some 

time to observe the data that has been presented in its raw format and then consider what techniques 

could possibly be used in order to extract meaningful information from it. 

Domain knowledge is critical here, as it will enable more effective questions to be asked and there will 

be a greater understanding of any analysis that takes place and interpretation of the results. It may 

also be the case in smaller datasets that some patterns can be identified even before data mining 

software is utilised and then confirmed once analysis has taken place. 

It was also determined that the pre-processing of the data can take a considerable amount of time 

and should not be underestimated. There are multiple tools, techniques and varieties of software that 

can be used in order to clean the data and make it ready to be analysed. The simplest of these tools 

used in this investigation was spreadsheet software. If you are responsible for pre-processing data, it 

is beneficial if you are aware of simple formulas and functions which can help to restructure the data 

and prepare it for analysis in data mining or visualisation software. Weka, in particular, is quite strict 

on any data stored in the .ARFF file which is imported and it can take multiple attempts and iterations 

of the cleaning process to complete it successfully. Larger datasets that require substantial cleaning 

can make this a laborious task.  

A valuable lesson learned in the pre-processing stage was the need to keep files and folders organised. 

It was important to keep copies of any files prior to any changes being made in case there was a need 

to revert back to them later on for any reason. This resulted in a lot of files being generated and 

required the use of a logical folder structure and file naming regime to maintain order. 

The quality of the data collected is essential to ensuring that meaningful and valid conclusions can be 

drawn from any analysis that takes place. It was disappointing on this occasion that the dataset chosen 

for analysis did not produce many meaningful patterns or trends.  

It was hoped that the association analysis applied to the Genre attribute would have produced more 

significant results. However, this was not the case. Despite many adjustments being made to the 

algorithm properties, the rules created did not lead to any meaningful conclusion. For association rules 

to be valid they must have significant strength to be considered, which was not the case in this 

investigation. 

The classification techniques used in this report were moderately successful, however it was hoped 

that the accuracy rate would be more conclusive. Secondary pre-processing of the data did increase 

the accuracy of the model, however it only reached 38.10% by reducing the available groups of the 
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Popularity class attribute. This would have resulted in a broadening of each group and, whilst the 

accuracy rate in Weka was increased, in reality the groups were too broad to mean anything. For a 

classification model to be trusted it needs be accurate enough. 

Clustering techniques were considered for investigation in this report however on detailed analysis of 

the dataset it was felt that there was not likely to be any presence of clusters and therefore no valid 

use of clustering that would have generated any meaningful conclusion.  

It is acknowledged that the dataset could be subjected to more advanced data mining processes and 

software in the future and these could potentially draw a wider scope of conclusions. In addition, as 

mentioned earlier in this report, the dataset from Kaggle was complete with seven CSV files containing 

other data regarding cast and crew amongst others. It was felt on this occasion that these files would 

not be necessary, however it does allow scope for further questions to be asked from this dataset in 

the future.  
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