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ABSTRACT

The video games industry has become a multi-billion-dollar global industry in
recent years. There are plenty of game producers and publishers competing with each
other to release their games to the video games market. Today, video games market has
become more competitive than before. In order to survive in this huge competition,
games companies must make correct decisions when producing games that able to gain
profit. Recognizing trend is one of the ways that allows games company to do so by
producing games that are able to attract as many video gamers as possible. There is an
abundance of freely available game reviews and user discussions on the internet. From
them, game producers can discover how various aspects of their games are being
received. A new field of research called aspect ranking allows the automatic discovery
of such knowledge from the reviews. The aim of this project is to adapt techniques in
the field to produce a reviews analysis system that is aimed at helping game companies
analyze large amount of online reviews in order to identify how they can improve their

games.

The reviews analysis system includes five stages. The first stage extracts game
reviews by crawling the relevant sites on the internet. The second stage extracts aspects
from the text by discovering dependency relations between words in a sentence. Next,
the system filters the candidate aspect list to clear some false aspects. Aspect ranking
is the third stage of this system. In this stage, HITS algorithm is used to rate each aspect
in the candidate aspect list by their importance. Using these scores, the system can rate
the overall performance of a game by aggregating their highly rated aspects, weighted
by the importance of the respective aspects. The overall performances of games
computed by the system compare favorably with game rankings in online websites; this
lends credibility to the system’s reliability. Encouraged by this success, the system
further employs the aspects list in various ways to facilitate the analysis of a game’s
performance with respect to other games. It is hoped that game producers will find these
features useful in understanding the strengths and weaknesses in their games. Last but
not least, these analysis methods are made available to the user through a web interface,

which also provides visualization of the results.
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CHAPTER 1: INTRODUCTION

CHAPTER 1: INTRODUCTION

1.1 Motivation and Problem Statement

The video games industry is very large. Millions of video games have been
developed and released in the market. Each new game has to compete with an enormous
number of games that are already available in the game market. Due to the vigorous
competition, game publishers typically carry out reasonable analysis before they release
their game to the market. One of the possible analyses is to find out the current trend in
successful games. To accomplish this, the use of aspect discovery or aspect ranking

could be very useful to analyze the secret formula behind successful games.

By looking through the latest trend of video games, firms can easily target
current gamer by releasing a game that is attractive to current society. Besides
developing games, firms can also formulate their advertising and marketing strategy to
sell their games to a broader audience. For example, they can focus their advertisement
by highlighting on a specific aspect that are attractive from the audience such as

stunning graphics, interesting storyline or others.

As mentioned, the game industry is highly competitive. To ensure the success
of a game, game producers typically put in substantial amount of effort in analyzing the

game market before developing or releasing a game.

To understand the situation of the current game market, game producers need
to identify the current trend in the gaming market, and analyze the behavior and interest
of current gamer. However, it is difficult to analyze gamer behavior. As an example,
user reviews on games can be used to analyze and understand their behavior but it takes
a lot of time if the game producer read each of the reviews one after another. There
could be millions of reviews on the game review website, forums and game selling
website. Therefore, for the purpose of summarizing of the reviews, a game aspect
ranking system can be introduced to automatically identify and rank each game aspect.
By using the result from the system, game producer could make important decision to

increase their sales.

Bachelor of Computer Science (HONS)
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CHAPTER 1: INTRODUCTION

1.2 Background Information

The video gaming industry is a multi-billion-dollar global industry — its market
permeates the society, being played by people of all ages, on devices ranging from all
types of consoles, PCs, to mobile devices. In 2013, video game companies sold 160
million units of video games, collecting about USD 21.53 billion of revenue overall.
Gartner estimated that worldwide video game sales will reach USD 111.1 billion by
2015. In addition, a study done by Economists Incorporated (2014) shows that the
interactive entertainment software industry achieved a growth at an annual rate of
approximately 10 percent in the United States. At the same period, the overall US

economy only grew by 2.4 percent.

In the last decade, the game industry has changed a lot in terms of both the
gaming platforms as well as the target audience. Gamers are not the same anymore and
their behavior is different compared to the past. People now increasingly play a more
active role in the development of the games, instead of just consuming them. This is
due to the advancement in computer and communication technology. Different aspects
of gaming have been introduced such as modding, streaming, cosplay and competitive
gaming. Among them, live streaming of video games is now the latest trend of the
gaming world. Millions of people stream their game online to share their gaming
experiences and tips. Due to this reason, live streaming has become a serious business
in gaming market. As an example, one of the most popular live streaming service
provider, Twitch, claimed to have more than 2 million concurrent viewers at the same
time and had the revenue of more than USD 1 billion in 2014 according to a study by
SuperData Research. Recently, popular video content provider Youtube saw the
opportunity in video game live streaming and decided to enter the gaming market by
introducing Youtube Gaming. As a result, the gaming market now provides much

broader and diverse opportunities and challenges than ever before.

Besides that, mobile games have now become one of the most important gaming
platform for gamer and publisher. More than one third of monthly spending among
digital video games is mobile game. However, only a few game publishers managed to
claim any significant shares of the revenue; their games occupy the top positions in
Apple’s App Store’s chart. These publishers are believed to have identified the interests
of their audience, allowing them to release games that able to attract a large number of

gamers. Example of games that manage to attract a large number of player are Flappy

Bachelor of Computer Science (HONS)
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CHAPTER 1: INTRODUCTION

Bird, Dots, Cut The Rope, Angry Bird, 2048, Candy Crush and many others. From the
example, all of them share a same characteristic, which is “simple to play”. The
simplicity is the component that attract gamer to download and play the game.
Therefore, understanding the secret behind the key market trends and drivers of change
is very important in a market where game companies have access to ranking
information. For example, this firms should find out what drives the gamer to spend

money on gaming and what are the opportunities are there in the market.

Due to the reason above, the ability to discover the important aspects to create
successful product has become more and more important for firms. They aim to analyze
the secret components and patterns of successful games before working on creating a
new game. This type of aspect discovery, or aspect ranking, is very important for game

producers. However, it is very difficult to find a ranking system based on aspect ranking.

On the other hand, there is an abundance of online data for the evaluation of
products. The rapid growth of e-commerce have resulted in many online shopping
websites, many of which allow customers to rate, or even write reviews on their
products. Marketing researchers have been able to mine this online data, using
sophisticated methods to transform them into insights for firms to better develop and

market their products.

There are likewise, an abundance of online user reviews on video games, and it
is interesting to see how well current techniques apply to these data. Currently, we know
of no existing research which specifically mines such data. There are some online
websites that rank games; however, the methods which they apply are unsophisticated.
For example, one of the most popular games review aggregator website Metacritic will
only go through selected publication sites instead of using user reviews to rank their
games. According to their website, the staffs manually go through each site and assign
score for them for ranking. The application of more sophisticated product ranking

techniques to games may improve the depth of such websites.

1.3 Project Scope

This project will create and develop a game aspect analysis system to discover
aspect, rank, and analyze the aspects of a given game from its reviews. First of all, the
game aspect analysis system will extract consumer reviews from several websites that

Bachelor of Computer Science (HONS)
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CHAPTER 1: INTRODUCTION

contain games reviews. Next, the system is to automatically identify aspects from the
reviews that have been extracted. After this, the system will perform aspect ranking.
That is, the importance of each aspect will be inferred, and a score assigned to the
according to its inferred importance. The credibility of the inferred ranking is tested
through incorporating them in a system which rank games, and then by comparing the
resultant ranking to well-established ones. The aspect list is then used for various

analytics, to allow the evaluation of a game in comparison to other games.

1.4 Project Objectives

The proposed system is based on the discovery and ranking of aspects in game

reviews. There are 3 main uses for the aspect ranking.
1. To find out trends in successful games

A lot of people wonder is there a key behind games or any pattern that make
game more addictive than another. (Edoardo, 2014). For example, an interesting trend
has emerged that has made some games successful. This trend is based on a simple
principle which is to build a game without an end; people will keep playing just to
improve their score and to beat friends’ scores. From this example, simplicity and
infinity are the patterns that we always found in mobile games. Plenty of popular games
on the market fit this observation such as Flappy bird, 2048, Candy Crush, Temple Run,
Fruit Ninja and many others. Since all of them share a similar formula, they enjoy
similar success in terms of revenue. Therefore, firms should analyze the component and

pattern of successful games before they develop their own game.
2. To find the interest of target audience

For over a decade, video games have evolved into a multi-billion-dollar global
industry. Each video game required millions of dollars to develop and market. To make
their investment worth it, they have to gain as much profit as possible. Therefore, they
have to develop a game that can attract the most number of audiences. Games typically
appeal only to a segment of the population, that is, a target audience. Firms want to
target a larger audience rather than a small specific group to increase their game sales.

In order to accomplish this, firms can collect information to get to know more about

Bachelor of Computer Science (HONS)
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CHAPTER 1: INTRODUCTION

their audience. It is important to identify and their gaming behavior to aid in developing

the game
3. To develop marketing and advertising strategy

There are hundreds of thousand video games published over the years. In order
for a game to be successful, it has to compete with all of the games available in the
market. Therefore, to attract users to play their game instead of others, marketing and
advertising strategy also play an important role. By understanding the behavior and the
interest of the gamer, firms can determine which specific aspect or benefit of their game
should be highlighted to impress the gamer.

1.5 Impact, Significance and Contribution

As mentioned, video game producers and publishers must find a way to compete
with other video game company. The project will produce a series of analysis which
allows producers to decide which type of game to invest in before the video games are
produced or released to the market. One of these is the study of current trends in game
preference. These trends from current gamers or players are obtained from games
reviews on the internet. The project also allows game producers to evaluate how the
games they have published are being received, by performing similar analytics on
games review. This will help them identify the aspects which their games are weak or
strong in. Similar analytics can also help producers better understand specific aspects
by referring them to the games which are strong in specific aspects. This knowledge

will allow game companies to make better business decision.

Bachelor of Computer Science (HONS)
Faculty of Information and Communication Technology (Perak Campus), UTAR. 13



CHAPTER 1: INTRODUCTION

1.6 Report Organization

This report consisted of 6 chapter below: s
Chapter 1: Introduction

Chapter 2: Literature Review

Chapter 3: System Design

Chapter 4: Methodology and Tools
Chapter 5: Implementation and Testing

Chapter 6: Conclusion

Bachelor of Computer Science (HONS)
Faculty of Information and Communication Technology (Perak Campus), UTAR.

14



CHAPTER 2: LITERATURE REVIEW

CHAPTER 2: LITERATURE REVIEW

The growth of internet and online shopping has caused many users to use the internet

to express and share their opinions about a particular product. Valuable information on
product receptions, user habits and preferences, market trends, etc. can be mined from
these online sources. In particular, companies are interested the positions of their
products among users, as well as how they may improve products. This has intensified

researches in two areas of data discovery from internet sources:
1. Product ranking

Product ranking determine which product is the best and most popular among

consumer.

2. Product aspect ranking

Product aspect ranking determine which aspect of the product are more

important among consumer.

2.1 Product ranking

Product ranking ranks products based on the opinion of the consumer. The better
the product is, the higher its rank. It can be used to help consumer in making purchasing
decision by providing them the most popular product voted by others. Consumer
opinion can be extracted through comment and star rating. Other properties such as

helpfulness vote and review posting date can also be used to apply to the ranking.

2.1.1 Star rating

Star rating is a way to get consumer opinion of a product. This rating is indicated
by number of stars; the highest ranked product is the one with the most stars. Consumer
usually gives a rating to a product after they bought it based on the quality of the product.

However, there are issues in collecting and aggregating reviews from different sources:

1. Different sources have different rating scales (Example are 1-5 stars, 0-10 stars
and etc.)

2. Biasrating

Bachelor of Computer Science (HONS)
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CHAPTER 2: LITERATURE REVIEW

3. Fake rating and reviews

The most popular aggregate review score is the average rating per item.
However, according to a study (Hu, Pavlou, and Zhang (2006, pp. 324-330), this is not
always the best way to measure the true quality of a product. One study (McGlohon,
Glanceand Reiter, 2010) listed that some issues in ranking product including compare
reviews from different sources, filtering out unreliable reviews and finding true quality
of product. In order to solve the problem, two main categories of models which are
statistical and reweighting are analyzed. Statistical models include average rating,
median rating, lower bound on normal confidence interval, lower bound on binomial
confidence interval and average percentile of order statistic. Re-weighting model
include filter out anonymous reviews, filter out non-prolific author and weighting
authors according to maximum likelihood. Results show that average rating had the
best accuracy with the rest are not far behind except median rating which had only about
48%. Possible future improvements include leveraging additional features of reviews,
cleaning dataset for plagiarism or spam and leveraging other data sources.

2.1.2 Comments

Besides star rating, product reviews usually consist of comments from
consumer. There are a lot of works in retrieving opinion from the comment from
consumer in product reviews. Consumer normally commented on the quality of product
in sentences. Each sentence may contain negative and positive opinion from the
consumer. Huang and Lin (2013, pp.184-190) proposed a product ranking system using
opinion mining techniques to help users find the favorable product. This product
ranking system use product reviews and product popularity to calculate product scores.
The system framework consisted of 7 components. As a reference, the detail of system

framework is explained below.
1. First, it downloads the product HTML pages from the selected websites.

2. Next, it extracts the review and information of the product including how
many people think the review is helpful, product rating, review title, release

date and review text.

Bachelor of Computer Science (HONS)
Faculty of Information and Communication Technology (Perak Campus), UTAR. 16



CHAPTER 2: LITERATURE REVIEW

3. The system splits the text of the product review into sentences and produces

POS tags such as noun, verb, adverb, adjective and etc.

4. The system then will start to determine the polarity of opinion words in the
sentence to identify sentence polarity. In order to extract opinion words a
dictionary based approach using Orientation Prediction (Hu, M., and Liu,
B., 2004) is used. 15 common adjectives are then defined for both positive
and negative sets in the seed list. The system will find the synonyms and
antonyms of words in the seed list and iterates this step until no new
synonyms or antonyms are being added into the seed list. Next, the system
will perform opinion strength calculation, inverse document frequency
which reduce effect of common adjectives and enhance important adjectives,
and determine the degree of adverbs to weaken or enhance the adjective
strength. Sentence polarity is then calculated using opinion strength, IDF

and degree of adverbs.
5. The system will build the product XML files.

6. The system will rank the products using the average polarity of reviews,

popularity weight and weight of product release month.

7. The final part of the system will be user interface.

2.1.3 Helpful votes and posting date

In order to obtain more accurate result, weight can be applied to the product
review factors for product ranking score calculation. Examples of information that can
be used are helpful vote, review posting date and any other relevant properties.
Helpfulness vote are cast by posterior customers and it determine the importance and
helpfulness of a review. From the total number of helpful votes and number of total
votes, the helpfulness of review can be obtained. Furthermore, age of review is also
another thing to consider. Newer reviews are usually written by consumers that have
read some of the previous review. The newer reviews should receive more weight as
they are more influential to potential customer. Zhang, Cheng, Liao and Choudhary

(2011) build a filtering mechanism to preprocess review using the Support Vector
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CHAPTER 2: LITERATURE REVIEW
Machines to improve product ranking result. The proposed system consisting of three
stages:

1. Filter out sentences that is unrelated to product quality

2. Derives weights for a review based on its helpfulness votes and review age

3. Calculate the product’s overall ranking score.

2.2 Product Aspect Ranking
Product aspect ranking is to help consumers and firms to identify important product

aspects by ranking the aspects of each product. Product aspect can be described as the
product specification attributes or any component for a product. Therefore, consumer
can make wise decision on purchasing by paying more attentions on the important
aspects while firms can put more efforts in improving quality of important aspects to
enhance product reputation. In order to gain the consumer opinions, comments in

review are used to rank the product aspects.

To identify important product aspects from online consumer reviews, Yu, Zha, Tang,
Wang and Chua (2011) suggested that important aspects can be determined according

to two observations.

1. Important aspects of a product are usually present review comments by large

number of users

2. Consumer opinions on the certain important aspects will greatly influence their
overall opinions on the product.

According to Zha, Yu, Tang, Wang and Chua (2014), they proposed a product
aspect ranking framework which is able to automatically identify the important aspects
of products from reviews of users. This product aspect ranking framework consists of

3 main steps:
1. Product aspect identification

Consumer review consists of pros and cons review, free text review or both.

Bachelor of Computer Science (HONS)
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CHAPTER 2: LITERATURE REVIEW

For pros and cons review, the system extracts the frequent noun terms as study
shows aspects are usually noun phrases (Liu 2005). For free text review,
frequent noun terms are extracted but leverage from pros and cons is used to

eliminate noises if available.

2. Sentiment classification on product aspects

A sentiment classifier which can be SVM, Nawve Bayes or Maximum Entropy
Model is trained to determine consumer opinions. This approach is a supervised
learning approach while other way is to use lexicon-based approach which is
easier to implement but relies heavily on the quality of the sentiment lexicon. A
study from Wu, Xu and Li (2011) also showed that supervised approach offered
comparable performance using Support Vector Machine.

3. Probabilistic aspect ranking algorithm.

Overall rating in each of the review is obtained based on the weighted sum of
the opinion of specific aspects.

On the other hand, there is also another method using double propagation
algorithm. According to study of Li, Guan, Tang and Chen (2012), they proposed a
method using double propagation to extract product features and double propagation
based linear regression for ranking product features. Double propagation (Qiu, Liu, Bu
and Chen, 2009) exploits the relations between sentiment words and product features
that the sentiment words modify to extract product features. Zhang, Liu, Lim and
O'Brien-Strain (2010, pp. 1462-1470) suggest that double propagation are mainly used
to extract medium-size corpora and perform very well. However, this method
introduced a great deal of noise and has low precision for large size corpora while intend
to miss important product features for small size corpora. Double propagation assumes
that features are nouns/noun phrases and opinion words are adjectives. In large corpora,
this method may extract a lot of unrelated nouns/noun phrases which are not features

and therefore low precision is obtained. The other problem that introduced through
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CHAPTER 2: LITERATURE REVIEW

double propagation is that for certain domains, some important features lack of opinion
words that modify them. To deal with all of the problems, the authors proposed a novel
method to mine features. The features extraction part still adopts the double propagation
method to populate feature candidates whereas the product ranking consists of two
improvement based on part-whole relation patterns and a “no” pattern to find features

that double propagation unable to find.
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CHAPTER 3: SYSTEM DESIGN

There are five main steps in this system as shown in figure 3.0 which is

consumer review extraction, aspect extraction, aspect ranking, game score prediction

and data visualization.

Cnn:g{rﬁ&;ﬂrﬂ&:l&x-‘: = Aspect Extraction
h 4

—

Aspect Ranking

h 4

Game Score
Prediction

4

Ul visualization

Figure 3.0 Flow of the whole system.
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CHAPTER 3: SYSTEM DESIGN

3.1 Consumer review extraction

Collecting consumer reviews from review websites is the first step of this
system. Examples of the websites include metacritic.com, gamestop.com, ign.com,

amazon.com and other video game review websites.

€} Shows Traders Reviews P34 XboxOne PC Wil Movies T

FALLOUT 4 REVIEW
©® 36.1k W Jiving this post-nuclear RPG a glowing

——————————————

Figure 3.1: Example of review website

In order to obtain a large amount of reviews from the internet, a tool called
Scrapy is used in this system. Scrapy is a web crawling framework that allows data
extraction from review websites in this system. Since it is written in Python, this part
of the system will be written and developed in the Python programming language.
Scraping reviews from the internet may take a very long time and large bandwidth. To
overcome this issue, a Linux cloud server is deployed in order to scrape data from

review websites.

Game reviews are spread out all over the internet. This increases the difficulties
to obtain all the sources for those game reviews. Fortunately, Metacritic.com had
already aggregate games review from most of the game review websites. Therefore,
links to those sites can be found on the Metacritic.com website. The way to implement

Scrapy will be explained next.

First, Scrapy can be installed directly using Python pip. Then, a new Scrapy
project is created by using a Linux command “scrapy startproject crawlReview”. After

that, a new directory call “crawlReview” consisting some starter code is automatically
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CHAPTER 3: SYSTEM DESIGN

created after the previous command is issued. In order to define how it will scrape a
certain site, spiders will be created inside the “spiders” folder. Spiders are Scrapy
python classes that define how to perform the crawl and how to extract data from the
page itself. For the purpose of this system, there are a total of 3 spiders created. The
first spider crawls and extracts the games list and their URL in Metacritic.com. By using
each game URL in Metacritic.com extracted earlier, the second spider will crawl each
URL and extract the URL of each game review that is contained in the website. The
last spider is then responsible for crawling each game review sites and extract game
review as well as other relevant information. After done crawling, everything is saved

into a database for storing.

3.2 Aspect Extraction

To perform aspect extraction from the extracted review, there are two steps to extract

explicit aspects:
1. Exploiting the dependency relations
2. Filtering the candidate aspect list

3.2.1 Exploiting the dependency relations

Between opinion words and their opinion targets, there are many syntactic
relations that linked them together. Furthermore, it is observed that opinion words often
modify or describe on their opinion targets (Hu and Liu, 2004). An example of such
relation is “The software is amazing.” where we can clearly identify “software” is the
aspect in the sentence and “amazing” is the opinion word that modifies the aspect.
Therefore, dependency relations between words in a sentence can help us to find aspect
in game reviews. Furthermore, dependency is a one-to-one connection for words in a

sentence and word are connected through the knowledge of grammar.

To exploit this kind of relation, they can be identified by the help of a
dependency parser. Dependency parser is capable of linking words in a sentence by
dependency relations. This method not only extracts aspect but it also simultaneously
performs the extraction of both aspect and the sentiment words of the aspect. Therefore,
a dependency parser from Stanford parser is used in this project to identify the
dependency relations of opinion and opinion targets to extract possible list of aspect-

sentiment pair.
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CHAPTER 3: SYSTEM DESIGN

The latest version of Stanford Parser required at least Java version 8 or above
and a high amount of memory to run. Stanford Parser is currently included together
with other natural language analysis tools in the Stanford CoreNLP package which can
be downloaded from the official website of Stanford CoreNLP
(http://stanfordnlp.github.io/CoreNLP/#download). The total file size is about 536MB
and included POS tagger and sentiment analysis tools that will be used in the later stage

of the system.

After successfully downloaded, the zip file is unzipped to extract the file. The
zip file included some demo java file, jar file and bash shell scripts to run in Linux
command line. Before writing any program, the dependency parser is first tested to
make sure the correct outcome is produced before being the development. For testing
purposes, the prewritten bash script file named “lexparser.sh” is used on a newly set up
Linux machine in VirtualBox. To run it, the command used is “./lexparser.sh file.txt”

where file name is the only argument to pass in through command line.

During the first implementation of the following steps, an error had occurred
from Java regarding the out of memory exception. This problem occurred because there
IS not enough memory for the parser to run. There are two solutions to solve this
problem. In the first solution, we can increase the heap size of Java virtual machine by
passing an argument to indicate how much memory should be allocated to it. In this
system, the heap size for the program is increase to 2048MB by modifying the original
lexparser.sh and add the argument “-mx2048m” when calling java to run as shown in
figure 3.2.1.1.

one or more files, printing trees only

Figure 3.2.1.1: Increase the heap size of JVM.
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The second solution is to increase the maximum length of sentence with the
argument “-maxLength”. This solution restricts the maximum length of a long sentence
and the long sentence will be cut into multiple sentences if it is longer than the
maximum length allowed. By default, Stanford Parser differentiates each sentence by
period mark if nothing is specified. This solution may not be ideal as words in a
sentence will not be linked together if they belong to a different sentence. However, it
is still very useful when there is not enough memory available in the system to allocate
anymore. In my test, the first solution is chosen as there is enough memory to allocate

for it to run without errors.

To run the whole system easily, a program is written in Java to include Stanford
Parser. In this system, it is decided to implement this on Eclipse since it supported Java.
The same technique is also used to increase the max heap size of the system to prevent
the system to fail as mentioned previously. The use of the Stanford Parser as an API in
Java is quite straightforward. First, the package ‘“edu.stanford.nlp.parser.
nndep.DependencyParser” is imported to the program, then a “DependencyParser”
object is created which contains the function to predict the dependency between word
in the sentence. This package includes the Neural Network Dependency Parser which
IS a super-fast transition-based parser. During the development, an outdated
dependency parser called Lexicalized Parser is used as shown in figure 3.2.1.1.
However, the performance of this parser is very slow especially when there are a large
number of sentences to be parsed. After some research, Neural Network Dependency
Parser which is newly added to the Stanford Parser is decided to replace the previous
parser due to its high speed and increased accuracy according to Chen and Manning
(2014).

Next, a simple description of relations between words in a sentence is outputted
after being parsed by the Stanford Parser as shown in figure 3.2.2.2 below.
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Figure 3.2.1.2: Example output of Stanford Parser.

In figure 3.2.1.2, the output of the Stanford Parser shows tree representation of
dependencies that each word in a sentence will have a certain relation with one of
another. By default, Stanford Parser outputs the universal Stanford dependencies that
these dependencies map straightforwardly onto a representation of directed graph.
Universal Stanford Dependencies (De Marneffe, M. C., Dozat, T., Silveira, N.,
Haverinen, K., Ginter, F., Nivre, J., & Manning, C. D., 2014) is a new project for
developing cross-linguistically consistent treebank annotation for many languages.
There is a total of 40 universal relations in the latest version of Universal Stanford
Dependencies. Universal Stanford Dependencies provide a universal inventory of
guidelines and categories to help facilitate consistent annotation of similar
constructions across many different languages. It provides a representation of
grammatical relations between words in a sentence to the user that is designed to be
easily understood. There are always three triplets in the Universal Stanford
Dependencies, that is, the name of the relation and the two words in sentence. For
example, “amod(society, modern)” where “amod” is the name of the relation and the
words inside the bracket are currently connected based on this relation which is “society”

and “modern”.

In Figure 3.2.1.2, “amod” is denoted as adjectival modifier which is any
adjective phrase that is capable of modifying any noun or noun phrases. In this figure,

the words that are in the “amod” relation are “good” and ““graphic” where “good” is an
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adjective and ““graphic” is a noun. In addition, the word “graphic” is likely to be an
aspect and “good” is a sentiment term that describe the “graphic”. Due to this
characteristic, it could help to discover sentiment-aspect pair in the games review.
Therefore, this relation is included in the system.

Besides “amod” relation, there are also other relations which are modifiers such
as “neg”, “advmod”, “det” and etc. Like “amod”, the “det” relation is one of the
relations that usually appeared in our text. This is the relation between a determiner and
the head of a noun phrase. For example, “Which book do you prefer” where “book” is
the object and “which” is the determiner. As a result, this relation is not suitable for our
search of aspect and sentiment as it does not contain any sentiment in this relation and
it is unlikely to be an important aspect. Next, “advmod” relation was known as
adverbial modifier of a word which is usually a word that adverb served to modify the
meaning of a word. For example, “Genetically modified food” where the word

“Genetically” is an adverb and modify the word “modified” in the sentence. Due to this

characteristic, it is also possible to be used to discover aspect in game review as well.

On the other hand, “conj” describes a relation between two words connecting
with each other by a coordinating conjunction. An example of such coordinating
conjunction are “and” and “or”. This is also a very important clue for extracting aspect
from the review text. For example, if “graphic” is likely to be an aspect, then “animation”
is also equally likely to be an aspect as well. This method is not only used to find aspect
but also can be used to find sentiments that are connected with a known sentiment by a
coordinating conjunction. For example, “Fast and simple gameplay” where “Fast” and
“simple” are both adjective and opinion words. Therefore, if we know that “simple” is
an opinion word, we can also determine “simple” as an opinion words. Besides “conj()”,
there is also another relation that work by making use of a coordinating conjunction
which “cc()” relation. It is a relation of the first conjunct and coordinating conjunction
delimiting another conjunct. Example of such relation is “The game had good graphic

and animation” and the word “graphic is in “cc()” relation with the word “and”.

Other than that, there are a group of relations which consists of “nsubj”,
“nsubjpass”, “csubj” and “csubjpass” which belong to a more general relation “subj”,
or also known as subject. “Nsubj” is a nominal subject which is a nominal phrase that

is the syntactic subject of a clause. Example of such relation is “The graphic is good”
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where the word “graphic” is in a “nsubj” relation with the word “good”. Another
example would be “Ronny defeated Kenny”” where the word “Ronny” is in a “nsubj”
relation with the word “defeated”. “Nsubjpass” is similar to the former but it is a phrase
which is the syntactic subject of passive clause. On the other hand, “csubj” relation is a

clausal syntactic subject of a clause.

In figure 3.2.1.2, there is a relation called “dobj” which is defined as direct
object relation. It normally describes the object that the verb phrase points to. For
example, “They win a lottery” where the relation is dobj(gave, rise). This relation is
also possible for aspect discovery as there is always a noun phrase. In addition, a “root”
relation points to the root of the sentence where the root is the word that are not a

dependent and it is a governor.

How well are the performances of these relations in extracting aspects in games?
A series of test is carried out to test the outcome of each relation. To perform this test,
about 20+ reviews of a particular game is downloaded and saved into text files. After
this, all those reviews were parsed by the Stanford Parser using the step stated above.
Then, results from all sentence of each review were all saved together to a temporary
text file. After this is done, I tried to extract lines of the results that contain a particular
relation using the Linux command grep. For example, “grep amod review.txt” is typed
in command line to extract all lines that have “amod” relation. Furthermore, this step is
repeated for all relation that is possible to discover aspect as stated as above. At the end,
it is discovered that “amod” and “conj” relation able to provide a list of sentiment-
aspect pair while the rest does not yield a good result. For this reason, only “amod” and

“conj” relations are selected.

In the previous step, opinion words are involved in order to find the aspect when
finding sentiment-aspect pair. Besides opinion words, there is also another clue that can
be used to find aspects. A relation proposed by Zhang and Liu (2010) is used in this
system. This relation is known as a part-whole relation. According to the paper, it is a
useful indicator for finding aspect if the class concept word is known. In the case for
this project, we can assume the word “game” and the name of the game as the class
concept. An example of this relation is “graphic of the game” where we can identify
“graphic” as part of the “game”. In order to recognize this relation, there are several

patterns of part-whole relation that exist in phrase as shown below:
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1. NP+ Prep+CP
2. CP+with + NP
3. NP CPor CP NP
4. CP +verb+ NP
where NP is noun/noun phrases, CP is class concept phrase and prep is preposition.

In the Ist pattern above, noun phrases is the “part word” and class concept
phrase contains the “whole word”. They are also connected by a preposition such as
“of”, “in” and “on”. An example of this pattern is “animation of the game”. Next, in the
second pattern, CP and NP are connected by a “with”. For example, “game with
sandbox” where “game” is the class concept and “sandbox” is likely to be an aspect.
The third pattern involves the noun phrase and class concept phrase to form a compound
phrase. An example of this pattern is “open-world game” where “open-world” is an
aspect and “game” is the class concept. In the fourth pattern, the verb is between the
class concept phrase and noun phrase. The verb that can be included here is “has”,
“have”, “include”. “contain”, “consist”, and “comprise”. An example of this pattern is
“The game contains excellent storyline” where we know that “game” is the class
concept here and “Excellent storyline” is the aspect that we are looking for. This part-

whole relation concept should be added into the system as it is well fit to the criteria of

game reviews.

On the other hand, adjective phrases or opinion words usually indicate aspect
such as “good graphic”, “nice animation” and so on. Besides this, there is also another
way to indicate aspect such as “no” pattern. For example, consider “no multiplayer”
and “no setting”, where the word “no” is followed by a noun, and is likely to be an

aspect.
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3.2.2 Filtering the candidate aspect list

The first step in filtering candidate aspects is to remove non-noun aspects. Due
to the fact that an aspect is always a noun and those words that are non-noun are not
likely to be an aspect, so this will be a clue for us to find aspect. Due to this reason, we
need to remove any non-noun words from the candidate aspect list. However, before
we can remove those non-noun words, we need to identify which word is noun and
which word is not. Therefore, the knowledge of part of speech is needed to solve this
problem. In the interest of categorizing each word into their particular part of speech,
Stanford Part of Speech (POS) Tagger is used for this purpose. Since Stanford POS
tagger is already included in the CoreNLP package, it is not necessary to download the

separate package again.

Figure 3.2.2.1: Example code to implement Stanford POS Tagger in Java

To implement Stanford POS tagger in Java, three steps is necessary as shown
in figure 3.2.2.1:

1. Import MaxentTagger
2. Declare a MaxentTagger

3. Use tagString method from MaxentTagger to process the string to perform

POS tagging.

Figure 3.2.2.2: Output of Stanford POS Tagger
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After the code is run, the output is as shown in figure 3.2.2.2. Each word is
marked with the part of speech at the end of each word. For the noun, words will be
marked by “NN”, “NNS”, “NNP” and “NNPS” (Comp.leeds.ac.uk, 2015). NN is
denoted as singular common noun such as “thermostat”, “investment”. NNS is denoted
as singular proper noun where proper noun is the name used for place, people and thing
such as “Liverpool”, “Malaysia”. An NNP is a plural common noun and an NNPS is a
plural proper noun where both are the same except the former is singular and the latter
is plural. For the java program to know which word is a noun, it can be easily done by
reading the end of each word with word that ends with those four marks as noun. Next,
all non-noun aspect will be eliminated and the remaining noun aspects will be included

in a new candidate aspect list.

Furthermore, words that have less than 3 alphabets are eliminated from the
candidate aspect list because they are unlikely to be an aspect. Although words that are
unlikely to be an aspect or an unimportant aspect will be ranked very low in the later
stage, filtering the aspect in this stage can ensure the overall aspect list later to be a lot

cleaner and easier to read.

Next, the system will also remove pronouns from the candidate list. Pronouns
are words that are substitutes for noun/noun phrases. Examples of pronouns are “he”,
“her”, “his”, “others”, “something” and etc. As stated in section 3.2.2.1, aspects that
are not noun are already filtered out but pronouns in this case are not removed. Due to
the fact that most part of speech tagger does not consider pronoun as a single class itself
and consider them as a noun. Hence, a separate list of pronoun is compiled and used to
get rid of pronouns from being considered as noun in the list. To compile this list, list
of pronouns is retrieved from a website (Esldesk.com, 2015) and it contains a total of

74 pronouns in the whole list.

In addition, a list of stop words is also added to the list together with the pronoun.
Removing stop words is a common practice in natural language processing. Examples
of stop words may be common, short function words such as “the”, “is”, “at”, “which,”
“on” and so on. A universal list that contains all the stop words does not exist. Therefore,
a list of 661 words of stop words is added together with the 74 pronouns with the goal
to filter as much unwanted words as possible before the candidate aspect list is
processed and ranked in the further stage. In Java program, the removal is quite
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straightforward where any aspect exists in the list is remove from the array of aspect

together with its sentiment that describe it.

After removing all the unwanted aspect, a problem still existed in the list which
may affect the entire result in the later stage. This problem is the existence of singular
form and plural form of a single individual aspect in the list. For example, the words
“graphics” and “graphic” is the same similar word and the only different are one of
them is a singular and one is plural. Without any modification and processing, both of
the words will be recognized as 2 different words by the program later. This will cause
a very serious problem because it affects the ranking list by allocating different score
to each word where both of them supposed to be counted as a whole. In order to solve
this problem, we can turn all plural words in the list to the original singular form.
However, there is a major challenge to accomplish this because there are 3 types of
plural words which is regular plurals, near-regular words, irregular words. For regular
forms, the plural is suffixed to the end of most nouns. For example, a noun with sibilant
sound will end with “es” in plural form such as “kisses”, a noun end with “o” will end
with “es” in plural form and the rest of the word will end with the most common “s”.
This form of plural is easy to handle, however, near regular and irregular form is a lot
harder to turn into singular such as “children” and “child”. To solve this problem, part
of the java code from Github repository for singularization is used. The author had
already defined all the possible rules to perform singularization. After singularization

is performed, the list now only contains singular noun aspect.
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3.3 Aspect Ranking

After getting the necessary aspects and information, the system will rank the
aspects based on their relevance and importance. Therefore, an assumption is made that
aspects that are important and relevant will rank high in the list whereas unimportant
and irrelevant aspects will be ranked low in the list. In this system, HITS algorithm is

applied to for this purpose.

The HITS algorithm (Kleinberg, 1999), abbreviated from Hypertext-Induced
Topic Search, was originally designed for search engines to rank webpage. It works in
a way that gets the most useful, relevant and helpful results of a particular query from
the user. Since most useful webpages may not have the keyword for the query and pages
are not descriptive enough, so HITS algorithm is used to solve this problem. It is a link

analysis algorithm that finds authoritative results.

The HITS algorithm assigns every page an authority score and hub score, where
the authority score estimates the value of the content of the page and the hub score
estimates the value of its links to other pages. According to Kleinberg (1999), hubs and
authorities exhibit a mutually reinforcing relationship. It is stated that a good hub is a
page that links to many useful authorities while a good authority will be referenced by

many good and useful hubs.

O 3y
O
O
hubs authorities

Figure 3.3.1: Relations between hubs and authorities
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In figure 3.2.3a, it is shown that hubs may link to multiple authorities and
authorities may be referenced by multiple hubs. In addition, an iterative algorithm is
required to make the idea above happen. It works by iteratively or repeatedly maintains
and updates the authorities and hub weight for each page. Weights for each page should

be non-negative as well. The equation to calculate authorities and hub are:
A() = X jee H() (Equation 1)
H(@i) = Y jesA() (Equation 2)
Where A = authority score, H = Hub score, E = set of directed edges,

According to the idea of this iterative algorithm, it first starts with each node
having a hub score and authority score of 1. Next, the authority score of all nodes will
be calculated based on Equation 1 shown above. In Equation 1, the hub score of each
node that have a link to it are summed up and become the authority score of that
particular node. Then, it will now update all the hubs score based on Equation 2. In
Equation 2, the authority score of each node that is referenced by it are sum up and
become the hub score of that particular node. Since the authority score is calculated
first, therefore the hub score will be calculated based on the new authority score.
Furthermore, normalization will also be applied so that the iterative process will
converge. The normalization is done by dividing each hub score by the square root of
the sum of the squares of all hub scores as well as dividing authority score by the square
root of the sum of the squares of all authority score. If no normalization is applied to
the value of both score, they will become larger with each iteration and become an

infinite iterative process.
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Iterate(G k)
G a collection of n linked pages
k: a natural number
Let z denote the vector (1,1,1,...,1) e R™.
Set zg := 2.
Set yp := z.

Ford = 1,2......k

Apply the 7 operation to (z;—1,y;—1), obtaining new z-weights /.

Apply the O operation to (z/,y;—1), obtaining new y-weights y/.
Normalize z, obtaining z;.
Normalize y;, obtaining y;.

End

Return (zx, yx).

Figure 3.3.2: Pseudocode of HITS algorithm

From the formulas and pseudocode, it is observed that authority score estimates
the importance of the content of a webpage and hub score estimates the worth or value
of the page pointed to the other page. Due to this relationship, it is possible to be applied
to this project scenario because we already gained three clues or pattern which is the
target of opinion words is likely to be an aspect, part-whole relation and “no” relation.
This is say so because an aspect is important if it is modified by many features, exist in
part-whole patterns and “no” patterns. Therefore, the concept fit the HITS algorithm
perfectly as it also consists of a mutual enforcement relation that can be easily included

into the HITS algorithm framework.

According to Zhang, Liu, Lim and O'Brien-Strain (2010), HITS algorithm can
be applied to obtain feature relevance ranking. Therefore, in this project, aspects will
act as authorities and aspect indicators will act as hubs to model the HITS algorithm
framework. Based on the idea of HITS algorithm, an aspect that is modified by many
opinion words or in part-whole relation and “no” relation, is more likely to be an
important feature whereas aspect indicator such as opinion words that modify a lot of

aspects is likely to be a good aspect indicator.

In short, this system will run HITS algorithm with the initial hub scores and
authority scores set to 1. Then, the power iteration is used to update both scores until
they converge. Finally, the authority scores of all the aspects are retrieved for the next

process.

In HITS algorithm, each aspect can only appear in 1 authority node. Due to this
reason, the frequency of the aspect is not taken into account yet. Frequency is also a
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very important criterion for an important aspect. Therefore, a new score will be
calculated based on the frequency of the aspect together with the authority score that
have been retrieved from previous HITS algorithm process. The formula for the new
score is calculated as below:

§ = A(f)log freq(f)

where S = final score of aspect f,
A(f) = final authority score of aspect,
freq(f) = frequency of aspect.

Even though the new scores have been calculated, the system still has much
remaining work to do. This is because some high frequency general nouns are usually
highly ranked in the candidate aspect list such as “thing” and “people”. This is
inevitable because the system includes the frequency of each aspect that makes it easy
for common words like these to be ranked in a high position. Besides that, the HITS
algorithm also favors these kinds of general nouns since it promotes aspects that are
modified by many opinion words, and high general nouns are very frequently described
by an opinion word such as “good thing”, “excellent thing”, “nice people”, “wonderful
time” that often appear in game reviews. Since the game review contains too many of

opinion expressions that contain non-target terms, a solution must be applied to prevent

the general nouns from polluting the aspect ranking list.

To solve this problem, a list of common words sorted with how frequent it is in
common texts can be compiled. To compile this list, | downloaded a list from a website
that contains the ranking of top 1500 most frequent nouns (Talkenglish.com, 2015). As
shown in figure 3.2.3c, the 1500 frequent nouns come together with the frequency of it.
By making use of this frequency, the list is sorted based on their frequency. Therefore,
the ranking of 1500 frequent nouns is produced and ready to be used.

On the other hand, another way of generating this kind of corpus is proposed by
Xu, L., Liu, K., Lai, S., Chen, Y., & Zhao, J. (2013). According to their method, they
generated a small domain-independent general noun corpus from some large web
corpora to cover as much frequently used general nouns as possible. First, 1000 most
frequent nouns in Google-1-gram were selected as general noun candidates.

Furthermore, all nouns in the top three levels of hyponyms in four WordNet synsets
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9% ¢¢ 99 <¢

which are “object”, “group”, “person” and “measure” into the general noun corpus. The
following steps are taken due to the idea that a term is more general if it is located in a
higher level in the WordNet hierarchy. WordNet is a massive lexical database of
English where nouns, verbs, adverbs and adjective are grouped into sets of cognitive
synonyms. At the time the paper is published, they were able to create a 3071-word

English GN corpus.

The idea here is, a common word that is highly ranked in the common words
list compiled will reduce the final score of the aspect in the aspect list significantly,
while low ranked common words should not affect the final score as much as the high
ranked one. Therefore, | propose the following formula for this purpose:

Score
N/R

FinalScore =

where N = number of common words in the common word list,

R = ranking of common words in the common word list.

Finally, every aspect in the new list now has a final score. The list will be sorted
again based on their final score and the ranking for the aspects is produced. Outcome
of the result is shown in table 3.3.1 below. Compared to the preliminary result
previously, the new result is obtained by processing more than 10000 reviews and the
most important aspect is calculated. All sentiment score and aspect score will be saved

in a text file for later use as well.
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3.4 Game Score Prediction

This stage of the system will predict the score of each game using the ranked
list of aspect obtained from the earlier stage. Each game obtained from the game review
will be scored separately. To score each game, sentiment and aspect for each game is
extracted from their respective game reviews using the similar technique mentioned in

section 3.2. However, the aspect ranking will not be performed here anymore.

Next, sentiment analysis will be performed on each sentiment-aspect pair
extracted. Sentiment analysis is performed by using Stanford Sentiment Analysis tools
that is already included CoreNLP package used in the previous steps. This additional
tool is one of the latest tools implemented by the Stanford NLP Group. The underlying
technology of the following is based on a new form of recursive neural network which
builds on top of the grammatical structures. According to Socher, R. et al., this model
is expected to outperform all previous models and was able to classify a single sentence
for positive and negative up to 85.4%. Furthermore, this model is also the only model
that is able to recognize the effects of contrastive conjunctions and negations. Thus, it

is used to predict the sentiment of each game reviews.

Figure 3.4: Example code of performing sentiment analysis

As shown in figure 3.4, each sentence will be processed separately and form a
tree structure representing the grammatical relationship between words in the sentence
as mentioned in section 3.2.1. This is needed because the sentiment model from
Stanford NLP used these relationships as one of the criteria to predict the sentiment
such as the conjunction of multiple sentiments. In the case of this system, the sentence
passed in to the function is the aspect-sentiment pairs extracted from reviews. At the
end of the code shown in figure 3.4, the result of the sentiment returned will be either

1, 2 or 3 where 1 is negative, 2 is neutral and 3 is positive.
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If the sentiment of the aspect is negative, the total score is subtracted by the
product of the sentiment score and the aspect score. If the sentiment of the aspect is
positive, the total score is added by the product of sentiment score and the aspect score.
Otherwise, the total score is added with only the aspect score itself.

Earlier, the sentiment score and aspect score is calculated using the HITS
algorithm. Therefore, this sentiment score and aspect score will be used to determine
how much aspect and sentiment to be added into the current total score. The program
will then iterate through all the sentiment-aspect pairs obtained from all the reviews of
the particular game and repeat the process of adding or subtracting the score using the

technique mentioned above.

To evaluate the quality of the ranking obtained, | compared it to the ranking of
games in Metacritic.com. Unfortunately, the rankings of a few games turned out to be
in discrepancy with their rankings accorded by Metacritic. After further tests and
examinations, it was found that these discrepancies correspond very well to the cases
where the games have too few reviews. The artifacts are hence, very likely due to the
lack of statistical significance. For this reason, a decision is made where only games

with at least 10 reviews will be used in this comparison.

After the games with few reviews are removed, the ranks obtained using my
method compared very favorably with the ranking given in Metacritic.com. More
precisely, pairwise game rankings according to the system is almost identical to that
according to Metacritic.com. When tested with 30 2015 games, the top 50% of the
games ranked by the system achieved scores between 80 to 96 in Metacritic.com score,
whereas the lower 50% of the games ranked by the system scored lower than 80 in

Metacritic.com. However, some exceptions or outliers remained.

There are several possible factors that may have contributed to these
discrepancies. The first possibility is that the games released in different year may also
have been reviewed under different criteria. For example, a game in year 2004 such as
“Half Life 2” was among the best games in that year, with state-of-the-art graphics,
amazing gameplay, and groundbreaking concept. Due to this reason, the game is given
a very high score by Metacritic.com and other game reviewers. However, if a similar
game is released in 2016, it would most likely not be received with similar reviews,
even though it contains all the elements and aspects of “Half Life 2”. That is, a game
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which looked good in 2004 may not look as good in 2016 anymore. Therefore, a game
should only be compared or ranked among games in that particular time. Furthermore,
games with different genres also should be compared separately because each genre
caters to a different audience and different point of view. When comparison is restricted
to only games of the same genre and of the same year, | observed no discrepancy

between the system’s ranking and that of Metacritic.com.

Lastly, there is a technical issue which is fairly obscure: as a sales strategy, some
companies frequently update their games with new expansion or DLC (Downloadable
Content) where new content is added to the original game such as additional storyline
besides original storyline or new character or skills. In some case, these DLC or
expansions will be reviewed as well. These game variants skewer the results since their

reviews will typically be focused solely on the aspects that have been updated.

With all these factors considered, the ranking of the system achieved very good
consistency with that from Metacritic.com. This implies that the aspect ranking system

is correct to some extent.

3.5 Ul visualization

Finally, I consider the use of the discovered aspects and their ranking for
analytics purpose. For example, the aspects can be presented in a visual manner for user
examination. Or, a chart can be plotted to show how game aspects have changed

through the time.

Several of these uses are provided through a web Ul, created using PHP. The
backend is linked to the data and results obtained from the Java program earlier. The
first page of the website is the homepage as in figure 3.5.1. It allows user to choose the
genre they want and filter the game list according to the genre selected. After user
selected the games, the current games will be analyzed, and the user is directed to the

result page.
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GARS Home

Get insights for Video
Games

Attract more gamer across all your video games in all
platform. GARS help you turn gamer insights into real
gains.

Choose Genre ~

Grand Theft AutoV &

Example 3.5.1: Screenshot of the homepage.

GARS Home

Game with similar aspect score

Undertale O ———

Score . 1357625113381 1 Blackguards Role-Playing
Metacritic Score - 92 2 Divinity: Original Sin Role-Playing
Genre : Role-Playing 3 Shadowrun Retums Role-Playing
Date : Sep 15,2015 4 Star Wars: The Old Republic Massively Multiplayer
5 Diablo 11l Role-Playing
6 The Sims 4 Virtual Life Games
Top Aspect of Undertale
7 Grey Goo Strategy
8 Hard West Historic
7
9 The Banner Saga Fole-Playing
10 RUSE. Strategy

Worst Aspect of Undertale

Example 3.5.2: Screenshot of result page (Part 1)

Next, the result page contains the analysis of the game including the game top
aspect and worst aspect. Both the top aspect and worst aspect is presented using a
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column chart so that user can analyze what is the strength of their game and their
weakness. Furthermore, some details of the game are also displayed such as game cover,

score, Metacritic.com score, game and date of release.

Furthermore, the website will display the top 10 games that are similar to the
game being analyzed. To accomplish this, the distance between every game in the
database with the game being analyzed is calculated. Any method to measure distance
such as Euclidean Distance should work in finding the similarity between 2 games. In
this system, a pre-written class for PHP is used to calculate the distance where each

aspect and their aspect score is used to calculate the similarity between 2 games.

Lastly, a web chart is presented to show the allocation of aspect in a particular
game to analyze which aspect contribute a lot of credit to the game as shown in figure
3.5.3.

Waorst Aspect of Undertale

Aspect allocation of Undertale

Aspect Score

Add another game to compare

Baldur's Gate II: Shadows of Amn

Example 3.5.3: Screenshot of result page (Part 2)
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GARS Home

Comparison of games

Choose Genre ~

Battlefield 3
Call of Duty: Modern Warfare 3

VS

Crysis 2

@ 2016 Game Aspect Ranking System (GARS)

Figure 3.5.4: Screenshot of compare page

A separate page allows user to compare games of same genre. The user first
chooses a genre to filter the game list. After user click compare, the result will be show

in next page.
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GARS Home
Battlefield 3 Call of Duty: Modern
? 902.76471771866 Warfare 3
89 ‘ 472.09230511657
Action . 78
Oct 25,2011 Action

Nov 8, 2011

Top Aspect of Battlefield 3

Top Aspect of Call of Duty: Modern
Warfare 3

I A

Battlefield 3

Crysis 2
; ~ 606.99002900651

86

Action

Mar 22,2011

Top Aspect of Crysis 2

S S S N S
& & o A G

Figure 3.5.5: Screenshot of comparison result page.

& &

In the comparison result page, 3 games are shown side by side allowing user to

compare the strength and weakness of each game. According to the current screenshot,

it is shown that the score provided by the system fits the score Metacritic.com perfectly.

After some testing, in most of the time, the result of the system is the same with

Metacritic.com as long as the genre and year of release of the game is the same.
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GARS Home
Game Score by Versions
Battlefield Series
_—
Aspect Score by Versions
playglqud Bﬁ]ﬂ}eﬁdd 2 Bﬁ;ﬂeﬁald 3 Bmﬁlgﬁdd 4
graphic
battle
weapon
- : :
Figure 3.5.6: Screenshot of trend page (Part 1)
Aspect Score by Versions
p\a‘,‘é’s—mﬁ B{{tlﬁlgﬁeld 2 Blaurygﬁelﬂ 3 Weﬁe\d 4
graphic
battle -
s
campaign-{
o]
i 404 4 40
reward -
stuff+
e
dummy o
d 0 ° 8

Figure 3.5.7: Screenshot of trend page (Part 2)
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In the trend page of the website, users are given a visualization of the trend of

the game, across different years or across different versions of the same game.

There are two graphs in the page. The first graph shows how the game performs
in recent versions so that user can check whether the game series is improving or getting
worse by observing the score of the games in different versions. The second graph
allows user to perform more detailed analysis by looking at how each individual aspect
performed in each version. For example, if the user implemented or improved a
particular aspect from the old version, he/she will be able to check whether the aspect

they had worked on has been positively received by the reviewers.

3.6 Implementation Issues and Challenges

There is currently one difficulty in getting good games reviews. Some reviews
sites allow anyone to post their opinion on it. While these sites usually have massive
amount of discussions, it is difficult to obtain aspects from these reviews, discussions
and comments. One example of this type of website is steamcommunity.com. Therefore,
the games reviews to be extracted for this system will try to avoid these websites as

much as possible.
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3.7 Timeline

A Gantt chart is produced in order to estimate time required for each task and

make sure the project can complete on time.

Task Name

1.1 Requirement gathering

1.2 Study project background

1.3 Determine problem statement
1.3 Detemine project motivation

1.4 Determine project scope and objective
2.1 Literature review

2.2 Review existing system

3.1 Determine Methodology

3.2 System Design

FYP 1 Submission

Presentation and Poster Submission

3days
4days
2 days
2 days
2days
4days
4days
1day
b days
NA
NA

Duration StartDate EndDate Weekl Week2 i Week3 Weekd Week5 Week6 Week?7

26/10/2015 28/10/2015
29/11/2015  1/11/2015
2112015 3/11/2015
4/11/2015 5/11/2015
6/11/2015  7/11/2015
8/11/2015 11/11/2015
12/11/2015 15/11/2015
16/11/2015 16/11/2015
17/11/2015 23/11/2015
23/11/2015 23/11/2015
9/12/2015 9/12/2015

Figure 3.7.1: Timeline of Final Year Project 1

Task Name
1.1 Requirement gathering
1.2 Study project background
1.3 Determine problem statement
1.4 Determine project motivation
1.5 Determine project scope and objective
11 Literature review
2.2 Review existing system
3.1 System design
4.1 Determine methodology

4 2 Identify tools
5.1 Implementation and Testing

FYP 2 Submission

Presentation and Poster Submission

Duration Start Date End Date Week 1 Week2 Week3 Weekd Week 5 Week 6 Week 7

6

= e = oo

18/1/2016 23/1/2016
24172016 31/1/2016
1212016 4212016
5122016 8212016
9/2/2016 121212016
131212016 221212016

23122016 28/22016
29212016 27/3/2016
28/3/2016 29/3/2016
30/3/2016 31/4/2016
11412016 10/4/2016

11/412016 11/4/2016
201412016 20/4/2016

Figure 3.7.2: Timeline of Final Year Project 2 (Part 1)
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Task Name Duration Start Date End Date Week § Week 9 Week 10Week 11 Week 12 Week 13 Week 1
1.1 Requrement gathering 6 18/1/2016 23/12016
1.2 Study project background 24/112016 31/1/2016

8

1.3 Determine problem statement 4 1212016 4/2/2016

1.4 Determine project motivation 4 522016 §/2/2016
1

1.5 Determine project scope and objective 9212016 12/2/12016

2.1 Literature review 10 137212016 221212016
2.1 Review existing system 6 23272016 28212016
3.1 System design 29 29212016 27/3/2016
4.1 Determine methodology 2 28/3/2016 295312016
4.2 Identtfy tools 2 30/372016 31/412016
5.1 Implementation and Testing 10 142016 1042016
FYP 2 Submission 1 11/412016 11/42016
Presentation and Poster Submission 1 201412016 20/412016

Figure 3.7.3: Timeline of Final Year Project 2 (Part 2)
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CHAPTER 4: METHODOLOGY AND TOOLS
4.1 Methodology

Requirement
Gathering
System Design
Implementation

@
Deployment

Figure 4.1: Waterfall model of this project

The system development methodology used in this project is the waterfall model. The
reason that this development methodology is used is because it is simple to use and the
system development process of this project also fits the flow of the waterfall model
since our project does not have any phases overlap.

Stage 1: Requirement Gathering

In this phase, all possible requirement for this project is captured and documented. The
existing system, method and technique are also studied and analyzed to help determine

the requirement of this project.
Stage 2: Design

The requirement from previous phase is then studied to prepare a system design. Next,
hardware and software tools are specified and the overall system architecture is

designed based on the existing methods that are similar to this project.
Stage 3: Implementation

In this stage, the system will be developed based on the system design.
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Stage 4: Testing

After developed the system, the different part will put together for testing.
Stage 5: Deployment

Once the testing is completed, the final result of the system is recorded.

4.2 Tools
To develop this system, different tools and programs are used. Below are the

tools and programs used in this system:

4.2.1 Java

The Java programming language is selected to develop this system due to two
main reasons. First, Java is an object-oriented computer programming language that
allows application developers to run the compiled Java code on any platform that
support Java without the need of recompiling. Second, several natural language

processing tools that are used in this project are built and run using Java.

4.2.2 Eclipse

Eclipse is selected as an integrated development environment for Java
programming. Eclipse is currently the most popular Java IDE among developers.

Besides Java, other programming languages are supported through the use of plugins.

4.2.3 Stanford Parser

Stanford Parser (Chen, D., and Manning, C. D., 2014) is a natural language
parser that works on the grammatical structure of a sentence. It will provide a simple
description of grammatical relationships between words or phrases in a sentence. It is
easy to use and to understand even for people without linguistic expertise when
extracting textual relations. For example, it will determine which words are subject or

object of a particular verb.
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4.2.4 VirtualBox

VirtualBox is a powerful virtualization tool for enterprise and home use.

VirtualBox runs on Windows, Linux, Macintosh and also supports many other
operating systems. It helps to run virtual machine on top of a host operating system.
VirtualBox is required in this project as a virtual machine is needed to be setup. Some
resources and tools used in this project such as Stanford Parser needs to run on Linux
system. My current system is running Windows operating system so VirtualBox is used

to run a Linux system.

4.2.5 Stanford POS tagger

Same as Stanford Parser, Stanford POS tagger is a standalone package from

Stanford natural language processing group. It is designed to assign part of speech to

each word such as noun, verb, adverb, adjective and etc.

4.2.6 Scrapy
Scrapy is a web crawling framework that enables fast and simple data extraction

from website. It is free and open-source. The data extracted is useful in variety of
application including data mining, information processing as well as historical archival.

It is written in Python and can be installed using the Python pip.

4.2.7 Microsoft Visual Studio 2015 Community Edition
Microsoft Visual Studio 2015 Community Edition is an IDE developed by

Microsoft to develop computer programs, websites, web server and others. It is a free
full functionality IDE. It supports a variety language such as PHP, Python, C++ and
web technologies like HTML, CSS, Javascript. Due to this reason, it is used to code

Python programs and PHP for web visualization purpose.
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CHAPTER 5: IMPLEMENTATION AND TESTING

In this chapter, the system as mentioned in section 3 which describe the overall

system design will be evaluated. There are 2 parts of the system where result is needed
to be evaluated which is aspect ranking and game score prediction.

5.1 Result of Aspect Ranking

In order to observe the result, the program is executed where game reviews are
used as the input. Before executing the ranking of aspect, aspect extraction is performed
as stated in section 3.2. After aspect ranking is performed, a list of 8828 aspects is

produced. A part of the result is shown in the table below.

Table 5.1.1: Result of Top 32 aspect obtained

1 | Character 9 | Mission 17 | Battle 25 | Area

2 | Mode 10 | Player 18 | Adventure 26 | Map

3 | Puzzle 11 | Time 19 | Feature 27 | Style

4 | Experience 12 | System 20 | Point 28 | Effect

5 | Story 13 | Unit 21 | Version 29 | Option

6 | Level 14 | Weapon 22 | Action 30 | Gameplay
7 | Title 15 | Element 23 | Part 31 | Mechanic
8 | World 16 | Enemy 24 | Person 32 | Shooter

No reference game aspect list can be found on the internet for comparison.
Hence, it is hard to make comparison with any existing list. When look into the current
list in table 5.1.1, common aspects are ranked very high in the list. Although these
aspects are very common, if a game lacks these common aspects, the game is supposed
to be less successful. Therefore, it can be deduced as common aspects are very
important aspect. For this reason, it can be used to prove that the current list is accurate
since important aspects are ranked high in the list. Next, the bottom of the list will be

examined in table below.
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Table 5.1.2: Result of Bottom 32 aspect obtained

1| sourcestone 9 | defiance 17 | valet 25 | plu

2| spencer 10 | reviewtopic 18 | chateau 26 | ban

3| yunkai 11 | balentien 19 | geese 27 | discourse
4| holstein 12 | nougat 20 | witnessat 28 | tobacco
5| upcomi 13 | boner 21 | oldlost 29 | alcohol
6| ghale 14 | timeshift 22 | carball 30 | milk

7| mating 15 | wonk 23 | writ 31 | crazy

8| veer 16 | jehovah 24 | capitalism 32 | conduct

In table 5.1.2, 32 aspects in the bottom of the list are shown. It is observed that

all of them are misspelt words and random words that are not important. This again

shows that the list is capable of separating good and bad aspect where good aspect are

ranked high in the list and vice versa.

5.2 Result of Game Score Prediction

On the other hand, the result of aspect ranking can be used to perform another

task which is game score prediction. Eventually, the game scores can be used to rank

games as well. It is mentioned in section 3.2 where only games with the same year and

genre can be used to reliably compare their scores. Therefore, the scores of several

games generated by the system are compared with the Metacritic.com score.
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Table 5.2.1: Result of game score prediction

Game Year Game 1l Score given by | Score given by
Genre Released Metacritic.com system
Action 2013 Bioshock 94 1518
(Shooting) Infinite
Battlefield 4 81 1490
Crysis 3 76 721
Strategy 2015 Starcraft II: 88 1997
Legacy of the
Void
Heroes of the 86 1177
Storm
Galactic 80 920
Civilizations 11
Strategy 2014 Endless Legend 82 944
Hearthstone: 80 832
Heroes of
Warcraft
Age of Wonders 88 857
Il

In Table 5.2.1, the result of comparison between games is shown. It can be
observed that the score provided by the system is able to form the same ranking with
the one given by Metacritic.com. However, this pattern is only applicable whenever the
genre and year released of games is the same. The scores for strategy games in 2014
are in discrepancy with scores from Metacritic.com. This is mainly due to the game
“Age of Wonders 111, which is given a high score by Metacritic.com but not the system.
Such discrepancies are sometimes inevitable. However, in such cases, the user can use
the web visualization to analyze each aspect of the game in depth, in order to obtain

better insights of what is actually happening.
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CHAPTER 6: CONCLUSION

The video gaming industry has evolved to become a multi-billion-dollar global

industry. There are plenty of game producers and publishers prepared to develop or
release their game to the video games market. The competition between video game
companies is a lot tougher than before. Therefore, a solution must be developed for
video games companies to stay in the fierce competition. Recognizing trend is one of
the ways that will allow game companies to make better decisions in produce games
that are able to lure or attract video gamers. Trends can be recognized by analyzing the
video gamer. There is an abundance of games review and user discussions on the
internet that freely available. Games aspect ranking can be used to mine such large data

on the internet.

In this project, a games aspect analysis system has been developed to help the

company to analyze the online data and recognize trend.

For future work, the part of the system which involves game score prediction
can be further enhanced to improve the results. Since the current system only uses the
generated aspect ranking list to identify the score of each game, a future system may
include other features such as review dates, game price and so on. In addition, it is also
possible to train a machine learning model to help predict the scores by combining the

aspect ranking list and other information to fit the scores in Metacritic.com.

Lastly, the web interface can be improved by turning it into a complete
subscription system which allows user to register and login to the system by paying a

certain amount of fee in order to visualize and analyze the result.
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